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Summary: The Policing Assemblage. On the Co-evolution of 

Technology, Knowledge, and Policing in New York City 

Technologies of seeing, sorting, and knowing have always been constitutive contrib-

utors to the ways police exert control over their subjects: individuals, populations, 

and urban spaces. Such technologies include the introduction of paper files, finger 

print technologies, or photography. Recently, the growing implementation of digital 

technologies has substantially altered police surveillance and knowledge practices. 

The City of New York Police Department (NYPD) presents a vivid case of this dynamic. 

The NYPD spearheaded the systemic integration of data, data analysis, and digital 

surveillance tools with the introduction of CompStat in the mid-1990s. Since then, it 

has continuously expanded its digital surveillance infrastructure. Consequently, the 

department has built a growing surveillant assemblage that integrates a large band-

width of digital technologies to generate, store, combine, analyze, and utilize data 

and information on urban spaces and places, individuals and collectives, incidents 

and events, activities and behaviors to define, identify, and assess threats, risks, and 

suspicion and provide information to develop strategies and operations of crime 

fighting. Against the backdrop of this advancing digitization, this dissertation explores 

how the datafication of police surveillance and knowledge practices has altered the 

ways the NYPD perceives and understands the links between crime, the city, and its 

population and how these transformations translate into policing strategies and prac-

tices that then impact urban spaces and populations. 

To pursue these questions, this study deploys theoretical concepts and methodolog-

ical approaches from actor-network-theory and assemblage thinking, as well as terms 

and ideas from surveillance studies, referring to the work of Michel Foucault and 

Gilles Deleuze, among others. Drawing on these approaches, policing appears as a 

field of distributed agency consisting of a heterogeneous set of actors, technologies, 

data, information, knowledge, discourses, regulations, cultures, and traditions, as 

well as organizational structures and procedures that are interlinked through mun-

dane practices and interactions. Hence, this dissertation offers a thick description of 
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the hybrid constellations and practices of police surveillance and knowledge  – a tech-

nography of the policing assemblage of New York City (NYC). 

This technography draws on empirical material, including expert interviews, city 

walks, on-site visits, operations orders, public and legal documents, and academic 

articles and media coverage on technology and policing in NYC. This heterogeneous 

and rich empirical foundation – alongside the theoretical and methodological ap-

proaches of ANT, assemblage thinking, and surveillance studies – fosters a focus on 

mundane sociotechnical surveillance and knowledge practices and processes, high-

lighting the operational realities of the NYPD’s increasing digitization. Exploring three 

technological fields – CompStat, crime mapping and predictive mapping, and the ex-

pansion of the NYPD’s surveillance infrastructure – substantial transformations that 

were facilitated by the growing datafication of the NYPD become visible.  

The department’s perpetual digitization has transformed the character of statistical 

information by shifting it from offering a merely strategic value to providing opera-

tional and situational value on the ground. In this context, the integration of crime 

data into mundane practices of identifying and defining crime, risk, threat, and sus-

picion has facilitated hybrid, multi-scalar, and collaborative knowledge practices 

based on data and standardized information. Here, crime trends, patterns, and 

hotspots serve as primary reference points of policing. This shift has promoted a tran-

sition from an incident-based, uniform policing model of random patrol, rapid re-

sponse, and reactive investigations for the entire city of New York to a space-based, 

risk-, and future-oriented policing model that is driven by crime and data analysis to 

identify statistical deviations of crime and crime hotspots to be addressed with polic-

ing measures. 

Crime mapping and predictive policing tools have largely contributed to this model 

of policing being established. Crime maps and predictive maps make the spatiotem-

poral distribution of crime and assumed risks, respectively, visible and thus deter-

mine them as subjects of police knowledge. Therefore, they render the city legible as 

a landscape of differentiated risk, so that high crime or high risk areas can be targeted 
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with policing measures. In doing so, space-based and risk- and future-oriented polic-

ing approaches constitute the city as a fragmented security landscape of oligoptical 

control. Here, it is particularly poor Black and Latinx neighborhoods that experience 

focused and oftentimes aggressive policing practices. However, the discriminatory 

and racially biased character of these policing practices is black boxed and tech-

washed as the data analysis results they are based on are routinely perceived to be 

objective representations of risks. 

The fragmented character of the urban security landscape also becomes visible in the 

department’s efforts to expand its surveillance infrastructure. Recently, the NYPD has 

growingly installed surveillance devices in areas deemed as at risk of taking terrorist 

attacks or crime. Here, technologies, such as CCTV systems, gunshot detection sen-

sors, and automated license plate readers create continuous dataflows to monitor 

urban spaces and populations. These dataflows are combined in command centers, 

station houses, and offices to be analyzed and sorted in collaborative data analysis 

practices carried out among human and non-human actors, to identify or define, 

threats, risks, and suspicion, initiating policing measures on the ground. This focused 

yet scattered blanket surveillance hence advances the spatiotemporal order of a frag-

mented urban security landscape of oligoptical control as particular spaces and pop-

ulation receive heightened police scrutiny and attention. 

While the NYPD, diversifies the dataflows it utilizes, it also pushes the integration of 

data and its distribution to officers in the field to provide them with information 

thought to guide their decisions on the ground. Therefore, the department has pro-

vided its members with smartphones that run a unified interface that allows access 

to multiple databases and data inquiry tools to increase the situational awareness of 

cops in the street. The datafication of policing in NYC thus creates multi-scalar soci-

otechnical constellation in which data, data analysis, and data visualization tools are 

merged and mixed with professional knowledge, personal experience, and gut feeling 

as typical knowledge practices across the department. 
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As the process of datafication progresses, technological agents conduct growingly 

complex tasks of generating and analyzing data to monitor urban spaces and popula-

tions and sort them by differentiated levels of threat, risk, and suspicion, thus guiding 

policing practices. The impact of these practices varies across the city with minority 

neighborhoods and populations being main targets of focused and aggressive polic-

ing practices. Apart from these discriminatory effects of data-driven policing, the 

growing datafication challenges 4th Amendment and privacy rights and, furthermore, 

poses questions regarding algorithmic transparency and accountability and thus po-

lice transparency and accountability. 

Hence, this dissertation highlights these risks and challenges and asks how digital 

technologies can contribute to fairer and more democratic policing. Therefore, it sug-

gests substantiated approaches of community policing that include a variety of local 

actors to define, evaluate, and control policing objectives and priorities, strategies 

and practices. Data, data analysis, and data visualization can serve as communication 

platforms in such participative and deliberative environments. Yet, this type of infor-

mation needs to be supplemented, contextualized, and challenged by a diverse set 

of perspectives, knowledge, and experience from actors who are affected by policing 

and who can contribute to improvements in urban security by addressing its roots 

causes. This could include actors from local communities, welfare and social services, 

public health, the housing sector, community outreach, or education facilities. Such 

an inclusive and substantiated approach of community policing might lend itself to 

overcoming reductionist policing strategies that are driven by crime numbers. In-

stead, it could facilitate a de-securitization of urban security policies by focusing on 

fostering social inclusion and cohesion, neighborliness, and trust. 
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1. Introduction: On the Co-evolution of Technology, Knowledge, 
and Policing in New York City 

“We’re not your mom and pop police 
department anymore. We are in the 
next century. We are leading the 
pack.” 

Michael Bloomberg (former Mayor of 

New York City) 2012. 

In 2012, the City of New York Police Department (NYPD) launched its Domain Aware-

ness System: DAS. The DAS is an application that serves as a communication tool and, 

more importantly, integrates data from various sources, such as numerous databases 

as well as sensors spread across the city – for example, live information from the 

department’s automated gunshot detection system and countless CCTV cameras. 

Furthermore, DAS provides tools for inquiring, visualizing, and analyzing data. The 

system was developed in a cooperation between the NYPD and Microsoft. It not only 

supports the department in its efforts to gather, store, process, distribute, and utilize 

data to fight crime, it also generates an income flow for the NYPD, as it receives 30% 

of the revenues that Microsoft generates with the DAS. It was the launch of the DAS 

that had Mayor Bloomberg touting the NYPD as leader of the pack in a new age of 

policing. An age that, as the quote above implies, is seemingly digital. 

Indeed, the NYPD, like many police organizations, has experienced an escalating dy-

namic of digitization since the mid-1990s. While the first implementation of digital 

tools into the department dates back at least to the 1960s, it was the advent of 

CompStat that initiated a systematic and ongoing effort to integrate and increasingly 

rely on digital data, tools, and processes to drive policing in New York City. The world-

renowned CompStat process aimed at digitizing crime statistics to map crime and 

tackle it with locally adapted strategies. Since the advent of CompStat in 1995, the 

NYPD has expanded its digital infrastructures and processes substantially. It has ex-

tended its database architecture; implemented growingly complex data analysis 

tools; invested in computers, its own cable network, (smart) CCTV systems, auto-

mated license plate readers (ALPR), and stingrays; built and maintained data fusion 

centers to handle the data flows it generates; and provided its cops with smart 
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phones and its radio cars with tablet computers that run DAS, among other applica-

tions. Consequently, an organization whose daily practices of policing the City of New 

York ran mainly on personal knowledge, experience, gut feeling, mundane exchanges 

with New Yorkers, and scattered paper files holding information on arrests, com-

plaints, investigations, interrogations, or debriefings is increasingly reliant on digital 

information to develop and guide its policing strategies and practices. 

This dissertation hence wants to understand how these processes of digitization have 

affected the NYPD’s surveillance and knowledge practices. How does the increasing 

integration of digital data, tools, and processes change the department’s perspective 

on the links between crime, the city, and its population, and how does it then alter 

its strategies and practices of policing the city and, thus, its relationships and interac-

tions with the population, socio-spatial dynamics, and the urban fabric? How do tech-

nology, knowledge, and policing co-evolve, and what are the historical, social, and 

political dynamics and contexts that have led up to the digitization of the NYPD and 

that have since unfolded around this process? 

1.1 Welcome to Fear City: From urban decay to the reform of the NYPD 

With the end of World War II and throughout the 1940s and 50s, the City of New York 

consolidated its position as a major global metropolis. It had ascended as a leading 

city in finance, arts, and culture, but most of all, it was an economic powerhouse 

based on blue collar labor that manufactured and moved industrial goods. The city’s 

economic success showed in its monumental projects of urban planning that drew 

attention from across the world, making the city a worldwide model for urban re-

newal (Caro 1974). Simultaneously, the city led the way in liberal progressive urban 

social policies as it entertained an extensive system of municipal social services, ex-

ceeding the efforts of most – if not all – other cities in the US. It provided heavily 

subsidized public transport, financial benefits and welfare services, public housing, 

public health care, public educational and vocational programs, free college and uni-

versity education, an elaborate network of public libraries, and free community pro-

grams and leisure time activities for its population to improve the living conditions of 

New Yorkers at the lower end of the social ladder and support their movement up 
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the social ranks (Phillips-Fein 2017). Yet while the city was booming and buzzing in 

the decades following World War II, New York’s steady rise as the capital of the mod-

ern Western world started to show its first cracks in the 1960s. 

After peaking in 1949, the number of manufacturing jobs in the city started to fall in 

1950. This turning point would mark the beginning of a fundamental crisis of the 

Fordist urban regime of economic growth, which would alter the economic, social, 

and political foundation of New York City (NYC) substantially over the next decades. 

The decrease in manufacturing jobs continued throughout the 1950s and 60s and 

was hardly compensated by newly emerging jobs in the service and public sector. 

These shifts in the labor market wore particularly hard on the low-skilled, male, Black 

and Latinx population, whose access to jobs were growingly hampered. 

As a result, New York would experience increasing poverty following novel patterns 

of social inequality and social inclusion and exclusion. At the same time, the city 

would see large numbers of the white middle-classes leave for the suburbs in Long 

Island, Westchester County, and New Jersey, while a growing influx of immigrants 

from the Caribbean, Central America, and Asia was witnessed. De-industrialization, 

“white flight”, a decreasing population, and growing social inequality and poverty led 

to significant social decay that translated into the physical qualities of the city, espe-

cially in the poor minority neighborhoods on Manhattan’s Lower East Side, Uptown 

Manhattan, Central Brooklyn, and large sections of the Bronx. Here, the local popu-

lation experienced New York’s decline as a massive and hardly bearable deterioration 

of its built living conditions due to disinvestment and negligence in the housing sec-

tor, turning parts of these areas into ruins resembling the urban sites of a warzone 

(Bailey & Waldinger 1992, Castells & Mollenkopf 1992a, Chronopoulos 2011, Dren-

nan 1992, Mollenkopf & Castells 1992b, Phillips-Fein 2017, Snyder 2015). 

The local government under Mayor Wagner and Mayor Lindsay responded to these 

developments by expanding the city’s welfare and social programs. This expansion 

was also a reaction to growing political unrest in NYC that addressed the failure of 

the municipal social service system in overcoming racial disparities. However, the po-

litical efforts to mitigate the social fallout of the Fordist crisis could not stop it from 
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progressing. Rather, the economic transformations facilitated by a diminishing man-

ufacturing industry accelerated rapidly with the recession of the early 1970s. 

In 1969, an economic downturn settled in, starting off a decade that holds a special 

place in the collective memory and psyche of New Yorkers. 

The decade is widely remembered as a time of crime, violence, lawless-

ness, disorder, graffiti-covered subways, inflation, unemployment, and 

budgets completely out of control —an era of social breakdown, economic 

malaise, and political collapse (Phillips-Fein 2017: 12). 

With a plummeting economy and the exodus of the middle-classes, NYC lost jobs at 

a record level and, with it, desperately needed tax revenue. Its diminishing income 

streams added to the city’s deficit, which it had accumulated by taking up large debts 

to finance its extensive social and public service system. As more and more New York-

ers were dependent on this system to make a living in the midst of the economic 

crisis, the financial demands of the municipal welfare programs climbed, while the 

city’s income ran low. Politicians and city officials had juggled the massive fiscal def-

icit for some time, but the municipal household came close to a crash as the city gov-

ernment was on the brink of bankruptcy in 1975.1 Thus, the city turned to the federal 

government in Washington D.C. for help to ensure it could take on further debts to 

avoid default. Yet, backed by his advisors Donald Rumsfeld and Allen Greenspan, 

President Ford declared that the federal government would refuse to pass any legis-

lature to bail out NYC in case of default, leading the Daily News to its famous title 

headline: “FORD TO CITY: DROP DEAD!” However, the president would later change 

his mind and support legislation that extended federal loans to the city, thus helping 

to maintain its solvency (Phillips-Fein 2017).  

Briefly before Ford’s announcement of not bailing out NYC, the state of New York had 

installed a Municipal Assistance Corporation (MAC) consisting of Chair Felix Rohatyn 

 
1 The reasons given here for New York’s fiscal crisis are in no way exhaustive and must only scratch 
the surface of this complex topic. Besides the high costs of the municipal social service system, as 
well as local demographic and economic changes, numerous other factors contributed to the situa-
tion the city faced in the mid-1970s – for example, national and global economic crises and transfor-
mations, changing bonds markets, the city’s budgetary obligations as defined by state law, and poor 
budgetary practices by the municipal administration. For more elaborate discussions of this topic, 
see Alcaly & Mermelstein 1976, Phillips-Fein 2017, Shalala & Bellamy 1976, and Shefter 1992. 
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from the investment bank Lazard Freres and a board of nine members, most of whom 

came from the private sector. The MAC – or Big MAC as New Yorkers would refer to 

it – was a state public-benefit corporation that would broker bonds backed by NYC’s 

sales tax and stock transfer tax revenues to transform the city’s short-term debts into 

long-term debts to maintain its solvency and keep the city afloat. Following its limited 

success, the state of New York established an Emergency Financial Control Board 

(EFCB) to operate alongside the MAC to control and supervise the city’s budget and 

expenditures (Phillips-Fein 2017, Shalala & Bellamy 1976, Shefter 1992). Federal leg-

islation, as well as the actions of the MAC and EFCB, would help to prevent NYC’s 

bankruptcy. Still, the consequences of these actions were drastic and fundamentally 

altered NYC’s urban society. 

The federal and state government, through its agencies, the MAC and the EFCB, de-

manded far-reaching austerity measures and asserted massive cuts in New York’s 

municipal budget. These cuts did not come undisputed. They were accompanied by 

protests and conflicts surrounding the question of who should pay the price for the 

fiscal disaster the city experienced. In the end, in a city with growing poverty and 

social inequality, welfare and social services were slashed, schools were closed down 

and teachers fired, hospital were shut and staff laid off, fire houses were closed and 

fire fighters let go, educational and vocational programs and community programs 

were cut, municipal fees were raised, fares for public transport were increased, and 

the City University of New York and its community colleges had to start charging tui-

tion fees. As often, it was the workers and the urban poor who were struck hardest 

by the social ramifications of the crisis and the attempts to realign the municipal 

budget (Shefter 1992, Phillips-Fein 2017). 

But New York’s fiscal crisis was not merely a local phenomenon limited to budgetary 

questions. It unfolded amidst national and global conflicts centered around the rise 

of neoconservative and neoliberal ideas and policies aimed at limiting the capacities 

and responsibilities of state agencies to interfere in the social organization of society 

in favor of market-driven solutions for social problems and the social organization of 

cities, states, and societies. NYC of the 1970s was a highly visible symbol of these 
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conflicts. While it was a perfect example of state inefficiency, budgetary irresponsi-

bility, and common gluttony for some, for others, it represented the idea of an urban 

society that was willing to compensate for and fight against social inequalities and 

foster inclusion, solidarity, and democratic conviviality. It was the prior group that 

would prevail in the conflicts about New York’s future, while the latter would see its 

ideas and ideals of a livable city fade. 

The fiscal crisis permanently altered these ideas and this vision. Contem-

poraries were stunned by the swiftness of the cuts to social services, en-

acted at a time of intense need. And in addition to the pain caused by the 

contraction of the public sector, the experience of the fiscal crisis seemed 

to delegitimize an entire way of thinking about cities and what they might 

do for the people who live in them (Phillips-Fein 2017: 13-14). 

The budget cuts administered by the federal government, the MAC, the EFCB, and 

the local government also battered the NYPD. The department had to lay off 5,000 

junior officers and would not hire any officers over the next 5 years, diminishing its 

workforce from 32,000 officers in 1974 to 21,000 officers in 1980 due to lay-offs and 

attrition – a decrease of about 34% (Phillips-Fein 2017, White 2011). This shrinkage 

hit the department at a time when it was not in the best place, anyway. 

With the economic transition and decline throughout the 1960s, the city had seen a 

steady rise in crime numbers and incivilities, as well as social and physical disorder, 

that continued and intensified during the 1970s. This trend posed the question of 

whether the NYPD was capable of policing a city that seemed to increasingly spiral 

out of control. These doubts were fed not only by the budget cuts imposed on the 

department but also by the department itself. The NYPD, which had a longstanding 

record of corruption, experienced yet another scandal of bribery when patrolmen 

Frank Serpico blew the whistle on a widespread system of corruption prevalent 

within the NYPD that was at least tolerated, if not actively harnessed, by the depart-

ment’s executive ranks (Knapp Commission 1978). After Serpico’s accusations were 

featured in a New York Times front-page article in June 1970 (Burnham 1970), Mayor 

Lindsay appointed a commission to investigate corruption in the police department, 

following a public debate about police corruption. 
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The commission was chaired by Judge Whitman Knapp and thus informally named 

the Knapp Commission. The commission’s findings corroborated Serpico’s accounts 

by concluding that corruption in the department was “widespread,” “sophisticated,” 

and “strikingly standardized” (Knapp Commission 1978: 1), especially among street 

cops and plainclothes officers operating in the vice sector, narcotics, and gambling. 

Furthermore, higher ranking cops were systematically involved in various corruption 

schemes. Most commonly, cops referred to as “grass-eaters” accepted occasional mi-

nor payments and gratuities. Others, referred to as “beef-eaters,” systematically 

sought out and created situations that would allow them to receive large payments 

and establish elaborate and durable structures of corruption and illegal misconduct 

up to officers essentially operating as partners in criminal activities and organized 

crime (Knapp Commission 1978: 1). As a consequence, the commission suggested 

major cultural and organizational changes to the NYPD. These suggestions intended 

to break a cop culture that covered, accepted, and even encouraged corruption. They 

also promoted the implementation of organizational structures and procedures that 

would minimize situations that promoted corruption, increase the accountability of 

street cops, enhance the detection and investigation of police corruption, and thus 

strengthen the enforcement of anti-corruption orders and laws within the depart-

ment. 

Following the Knapp report, the NYPD did make several changes to fight corruption 

in its own ranks. Many of these changes can be understood as a continuation of the 

professional policing model. This model of policing emphasized, among other as-

pects, science- and expertise-based policing focused on crime fighting, the profes-

sional training of officers, a military-like top-down command and control structure to 

standardize patrol work and limit officers’ discretion, and the removal of patrol cops 

from local communities by alternating assignments and sectors as well as pursuing a 

shift from foot patrol to motorized patrol to prevent fraternization, corruption, and 

the involvement of community members in the development of policing strategies or 

the prioritization of tasks and objectives (Stones & Travis 2011, Potter 2013). 

The measures taken by the NYPD led to a further “Taylorization” of the department, 

as units heavily involved in corruption were dismantled and new units installed – for 
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example, the organized crime bureau or the street crime unit, which would conduct 

plainclothes operations in crime hotspots. Beyond that, cops were further removed 

from interactions with local communities, and their discretion was further limited as 

they were discouraged or prohibited to proactively enforce certain crimes, such as 

narcotics, gambling, or prostitution, as long as there were no concrete complaints 

from outside the department. Furthermore, Internal Affairs were enhanced, new 

training curricula were implemented, disciplinary orders and processes were over-

hauled, early warning systems were developed, and commanders’ responsibilities for 

fighting police corruption were expanded. 

These changes resulted in a growingly inward-looking departmental bureaucracy that 

was substantially geared toward fighting and preventing officers’ misconduct. Never-

theless, later corruption scandals show that the department’s efforts had limited suc-

cess. Moreover, increasing crime numbers throughout the 1970s indicated that the 

professional policing model and the budgetarily stripped-down department were in 

a severe crisis or at least not equipped to deal with the social ramifications of the 

economic and social transformations NYC experienced. 

Even though America’s – and with it, New York’s – economy would recover in the late 

1970s and throughout the 1980s – driven by the finance, insurance, and real estate 

sector (FIRE) and the growth of business-related services, as well as the health and 

social sectors – the social and socio-spatial disparities in the city kept growing, as was 

visible in the synchronicity of gentrification and urban decay. While a new young ur-

ban elite emerged in the FIRE sector and new jobs were created in the low-skilled 

service industry, the continuing decline of manufacturing and logistics still hampered 

access to the labor market, especially for young Black and Latino men. Thus, despite 

solid economic growth, the number of welfare recipients surged in the city during the 

1980s (Bailey & Waldinger 1992, Castells & Mollenkopf 1992a, Drennan 1992, Ehren-

halt 1993, Mollenkopf 1992, Mollenkopf & Castells 1992b). Simultaneously, crime 

and disorder were soaring, fueled by an escalating crack epidemic: 24/7 open air drug 

markets sprang up with homeless people, addicts, and dealers roaming the streets; 

crack houses emerged, where gangs would stash and sell drugs to buyers standing in 

line during the light of day and middle of the night for their hit; and turf wars erupted 
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among these heavily armed gangs fighting for their ground to organize the drug trade 

in the city (Chronopoulos 2011, Phillips-Fein 2017, Snyder 2015). Parts of New York 

had turned into the “Fear City” that the Patrolmen’s Benevolent Association (Patrol-

men’s Benevolent Association 1975), the patrol officers’ union, had predicted and 

illustrated in 1975. 

That year, NYPD patrolmen protested against the department’s budget cuts and lay-

offs. The PBA printed leaflets with advice for tourists visiting the city. The cover 

flaunted a black skull on white ground and read: “WELCOME TO FEAR CITY. A Sur-

vival Guide for Visitors to New York City” (BY, NYPD, 1975). The tips for visitors read 

rather dark: “Stay off the streets after 6 P.M.”, “Do not walk.”, “Avoid public trans-

portation.”, “Remain in Manhattan.”, and most importantly, “The best advice we can 

give you is this: Until things change stay away from New York City if you possibly can” 

(Patrolmen’s Benevolent Association 1975). Whether or not these tips were appro-

priate or adequate, the PBA was right in that crime did further escalate in the 1970s 

and 1980s. It was a conflation of the Fordist urban crisis of NYC, climbing crime num-

bers, the crisis of professional policing, and the NYPD’s own crisis that led the depart-

ment’s various attempts to modify its policing approach and strategies in the 1980s. 

Starting in the 1970s, the rationalities and theories on crime and crime fighting, which 

served as important reference points for innovations in the field of policing, began to 

change. A discursive shift occurred, moving from criminological theories that high-

lighted the dynamics of social inequality, social inclusion and exclusion, or racial dis-

crimination as root causes of crime to theories that instead emphasized socio-spatial 

factors as relevant explanations for disorderly, deviant, and criminal behavior. Con-

sequently, these theories suggested space-based policing strategies, such as hotspot 

policing (see Chapters 2 and 5). 

Simultaneously, the professional policing model was criticized for its rigid bureau-

cracy, ineffectiveness, and negative impact on police–community relations, as well 

as its negligence of communities’ needs for safety and security. Thus, scholars and 

practitioners demanded more community- or problem-oriented approaches to polic-

ing (Braga 2008, Goldstein 1979, Goldstein 1987, US Department of Justice 1994). 

The concept of broken windows policing, another policing strategy that focused on 
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the neighborhood as a sphere of intervention, also gained popularity in the 1980s, 

becoming highly influential in NYC and beyond (see Chapter 2). These discursive 

changes from punitive welfarism and professional policing to space-based criminolo-

gies and consequently hotspot policing, community policing, problem-oriented polic-

ing, and broken windows policing also translated into practical changes in the NYPD’s 

policing strategies. 

Because the NYPD was able to hire more cops between late 1979 and mid-1984, the 

department could have significantly more officers patrol the streets. In 1984, a small 

section of the 25,000 uniformed staffers was assigned to the newly implemented 

community policing program (CPOP) that was installed under Police Commissioner 

Benjamin Ward. While professional policing in NYC was based on random motorized 

patrols, rapid response to 911 calls, and reactive investigations of complaints and 

crimes, officers on CPOP were supposed to actively visit the city’s neighborhoods and 

establish contact with its communities. This way, police–community relations should 

be improved to create local community partnerships aimed at involving community 

members and institutions with problem-definition and problem-solving processes. 

This collaborative approach intended to enable more preventive styles of policing 

and expand the department’s mission beyond crime fighting toward mitigating fear 

of crime, disorder, and quality-of-life impediments. 

Initially, CPOP was piloted in a precinct in southern Brooklyn, before being imple-

mented across the city until 1988. Even though the program was considered a suc-

cess, with only about 800 cops on the program, the community policing approach 

was just a small aspect of policing NYC. This would change in 1989 when David Dinkins 

was elected mayor, and he appointed Lee Brown as his new police commissioner. 

Brown would make community policing one of the cornerstones of his tenure. Under 

Dinkins and Brown, the NYPD was able to hire 5,000 cops and expand and modify 

CPOP. Community outreach through dedicated neighborhood contact cops was com-

bined with several local community programs focused on children and youth to steer 

them away from criminal career paths. Brown’s approach seemed to have a positive 

impact (Lamburini 2018, White 2011). After crime numbers in New York soared 

across all major crime categories throughout the 1980s, peaking in 1990, overall 
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crime dropped by 12% during Mayor Dinkins four years in office. However, despite 

these improvements, the city still looked grim for many of its inhabitants. Moreover, 

the NYPD was once again shook by a massive corruption scandal. 

In 1992, the Suffolk County Police arrested Officer Michael Dowd from the 75th pre-

cinct in East New York, Brooklyn, along with five fellow officers under charges of rack-

eteering and conspiracy to distribute narcotics. These charges and further allegations 

would later be corroborated in court and send them to prison. Following the arrest, 

Dinkins appointed the next commission to investigate corruption in the NYPD after 

Knapp: The City of New York Commission to Investigate Allegations of Police Corrup-

tion and the Anti-Corruption Procedures of the Police Department, or short the Mol-

len Commission, informally named after its chair, former judge Milton Mollen. The 

commission would find that, despite all anti-corruption efforts, police corruption was 

still blatant in NYC. However, the modes of corruption had changed since the time of 

the Knapp Commission. Most officers conducted their job diligently and abided by 

the law. A small number of officers, however – particularly in the poor, minority 

neighborhoods struck hardest by crime – had set up a system of corruption that 

would exceed the malpractices of the Knapp Commission era, as well as the imagina-

tion of most New Yorkers. 

Officers, such as Dowd, had not only accepted bribes to allow, enable, and support 

criminal operations, they had actively participated in them to a degree where small 

groups of cops would essentially form and run criminal gangs themselves. These ac-

tivities spawned from captains and executives anxious to conceal potential corrup-

tion allegations and scandals rather than investigating them and from a cop culture 

that valued a misunderstood solidarity over integrity and the department’s mission 

to serve and protect the City of New York and its inhabitants. It was this “willful blind-

ness” by their peers, higher ranking officers, and Internal Affairs that tolerated, cov-

ered, and thus fueled corruption and criminal activities among the cops of the NYPD. 

Unlike the Knapp era, though, the Mollen Commission did not find that higher ranking 

cops were actively and systematically involved in the corruption schemes. Further-

more, the widespread and routinized corruption of the “grass-eaters,” which the 

Knapp Commission found to be typical, had faded and was not as prevalent anymore. 
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Instead, more severe forms of corruption and police malpractice had emerged and 

were established as the new normal of corruption, particularly in the context of the 

crack/cocaine trade that had flourished in the mid-1980s. 

Corrupt cops in East New York, Harlem, Washington Heights, and the East Village 

would not just turn a blind eye to criminal activities for money; they were an essential 

part of the operations of drug enterprises and would actively participate in the drug 

trade. Cops would illegally raid drug houses and stash houses to steal large amounts 

of drugs to further distribute them, as well as large sums of cash. They would provide 

intelligence, uniforms, and badges for criminals to support their operations; they 

would escort drug transports with their patrol cars; they would rob and even kill deal-

ers on and off duty, using their badges and weapons to gain access to locations where 

they assumed drugs and cash to be stashed. They essentially operated as stick-up 

gangs, organizing their activities on duty to gain intelligence that would help them to 

engage in corruption schemes and criminal activities (Mollen Commission 1994). 

Based on its investigations and insight, the Mollen Commission highlighted shortcom-

ings and deficiencies in various sectors, as well as the organizational structures and 

procedures of the NYPD, and suggested manifold changes in the department’s cul-

ture, management, training, recruitment, accountability structures, disciplinary 

guidelines, internal investigations, and community policing and community outreach 

approach. The commission also proposed the installment of an independent over-

sight institution to monitor and audit the department’s anti-corruption activities. 

Even though the Mollen Commission conducted its work during the Dinkins admin-

istration, it would not be Mayor Dinkins nor his Police Commissioner Lee Brown who 

would implement the much-needed changes in the NYPD that would, among other 

factors, contribute to a more successful fight against and containment of corruption 

in the NYPD. 

The revelations of the Mollen Commission – as well as the crime and social and phys-

ical disorder still rampant in the city, despite measurable improvements in these 

fields – contributed to Mayor Dinkins not being re-elected by New Yorkers in 1993. 

Instead, Rudolph Giuliani was voted mayor in 1993, focusing on crime, the decline of 

public spaces due to disorder and incivilities, and a tough law and order approach as 
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the answer to these challenges. Following his successful campaign, Giuliani ap-

pointed William Bratton as the Commissioner of the NYPD. Bratton had served as the 

police commissioner in Boston, where he had installed a broken-windows-oriented 

policing approach that focused on being tough on minor offenses, quality-of-life dis-

turbances, disorder, and incivilities. Even earlier, Bratton had implemented this style 

of policing in NYC when he had served as the chief of the then-independent New York 

Transit Police, which he would merge with the NYC Housing Authority Police Depart-

ment and the NYPD in 1995. Bratton made broken windows policing the organizing 

principle of the NYPD’s policing approach. Furthermore, he introduced the CompStat 

process. As discussed in Chapters 2 and 5, CompStat is a management, accountability, 

and intelligence process that relies on digital crime data and data analytics, starting 

with spatiotemporal crime maps, that can identify crime clusters and patterns to be 

targeted with resources and locally adapted strategies. To develop this data analytics 

approach and infrastructure, Bratton leaned on Jack Maple. 

Maple had served as a lieutenant with the Transit Police, where Bratton took note of 

his innovative methods of utilizing crime data. Maple had pioneered crime mapping 

in the Transit Police by using simple wallpaper pin maps to locate and visualize crime 

incidents when assigning his cops. This approach was now transferred to the NYPD, 

where it was digitized to accelerate and mobilize the intelligence drawn from crime 

statistics. Even though the department had used data analytics in various instances 

before Bratton, he pushed and systematized the digitization of the department’s sur-

veillance and knowledge practices and installed the New York model of policing, 

which was based on broken windows policing, hotspot policing, and data analytics. 

Under Giuliani and Bratton, New York’s drop in crime gained momentum, accompa-

nied by a striving economy (Bram 2003, Office of the New York State Comptroller 

2005). Despite – or because Bratton – was credited with the decrease in crime and 

disorder by the public and despite – or because – Bratton was highly popular with 

New Yorkers, his tenure was cut short. He resigned in 1996 following controversy 

surrounding a book deal and his accepting of favors from private companies and in-

dividuals, as well as conflicts between him and Mayor Giuliani. 
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Crime rates did further plummet after Bratton’s resignation. This development con-

tinued under the tenures of Howard Safir (1996–2000) and Bernard Bailey Kerik 

(2000–2002). While much of the public discourse praised the NYPD and its CompStat 

process and broken windows approach of policing for the continued decline in crime 

in NYC throughout the 1990s, the literature review in this dissertation demonstrates 

that the academic debate is anything but unanimous. Rather, numerous scholars 

doubt that changes in policing strategies had a significant impact on crime rates in 

the city. Instead, they cite demographic changes, changes in the structure of the drug 

market, and a severe economic boom, especially in the late 1990s, as key factors for 

the decreasing crime rate. Indeed, New York’s economy did grow substantially during 

the 1990s, creating new opportunities for economic participation, even for rather 

marginalized demographics, in an expanding labor market (Bram 2003, Office of the 

New York State Comptroller 2005). But it is not only academic insights that challenge 

the narrative of the success of NYPD’s efforts to make the city safer and more secure. 

Voices grew louder about the department’s aggressive fight against disorder and in-

civilities, arguing that it targeted Black, Latinx, queer, and poor communities. Since 

the advent of broken windows policing in New York, misdemeanor arrests and sum-

monses did climb significantly over years, disproportionately affecting New Yorkers 

of Color. As a consequence, they suffered most from the collateral damage that (even 

unjustified) contact with the police and criminal justice system might yield, such as 

losing eligibility for scholarships, public housing, or certain professions (Center for 

Constitutional Rights 2012, Fagan & Davies 2000, Howell 2009, New York Civil Liber-

ties Union 2018, Police Reform Organizing Project 2013a, Police Reform Organizing 

Project 2013b). Moreover, targeting minority communities has a harmful effect on 

police–community relations, trust in police, and police legitimacy. This effect is fur-

ther amplified when the experience of unfair policing practices is accompanied by 

experiences of police misconduct and police brutality (Fagan & Davies 2000, Fagan et 

al. 2015, La Vigne et al. 2017, New York Civil Liberties Union 2013, Rengifo & Slocum 

2014, Rosenbaum 2006, Tyler et al. 2015, Weisburd et al. 2015). 

As broken windows policing continued in NYC, civil rights activists, community lead-

ers, and community members spoke up about daily experiences of police misconduct 
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and use of excessive force that minority communities encountered, thus questioning 

the legitimacy of the New York model of policing; they claimed the aggressive fight 

against petty crimes and disorderly behavior fostered police violence and an us-

against-them mentality in the police department (Center for Constitutional Rights 

2012, Police Reform Organizing Project 2014, Police Reform Organizing Project 2018, 

Police Reform Organizing Project n.d.). 

This criticism of broken windows policing in general and stop-question-and-frisk tac-

tics, which can be understood as an element of this strategy, in particular were fur-

ther fueled by high profile cases of police violence against Persons of Color in the city, 

such as the deaths of Amadou Diallo, who was shot by four officers of the NYPD in 

1999; Patrick Dorismond, shot by a plainclothes cop in 2000; Ousmane Zongo, shot 

by an officer in 2003; Timothy Stansbury, shot by an NYPD officer in 2004; Sean Bell, 

who was killed when five officers opened fire at him and two of his friends after stop-

ping their car in 2006; Ramarley Graham, who was shot by an officer in his home in 

2012; and Eric Garner, who died after a member of the NYPD put him in an illegal 

chokehold and pressed his face to the ground during a stop. Despite early criticism of 

the broken windows approach and the NYPD’s use of stop-question-and-frisk, broken 

windows policing remained the department’s guiding principle, and stop-question-

and frisk became a key tool for patrol tactics under Commissioner Ray Kelly. 

Kelly had served as police commissioner under Mayor Dinkins from 1992 to 1994 and 

was again appointed as Commissioner by Mayor Bloomberg in 2002. As Kelly took 

over the department following the terrorist attacks on the World Trade Center on 

September 11, 2001, one of the focal points of his work was to ramp up the NYPD’s 

counterterrorism capacities and capabilities. With increased state and federal fund-

ing for this field, the department expanded its counterterrorism personnel substan-

tially and invested heavily in quasi-military equipment, including surveillance and in-

telligence technology (Holden et al. 2009, White 2011). Today, the NYPD has about 

1,000 officers working in the Counterterrorism Bureau, uses military-style armed of-

ficers to patrol sensitive spots of the city like Grand Central Station, and entertains 

18 offices overseas to liaise with local police departments and intelligence agencies 

and investigate scenes of terrorist attacks to gather intel potentially valuable for the 
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department’s counterterrorism efforts at home. Furthermore, the NYPD has intensi-

fied collecting intelligence on alleged terrorist activities in NYC (Holden et al. 2009, 

White 2011). 

These activities have drawn massive criticism in various instances – for example, in 

2002, when the Counterterrorism Bureau established a program that infiltrated and 

surveilled Muslim communities in NYC and beyond unwarrantedly and without any 

suspicion of terrorist activities (American Civil Liberties Union 2017). The Counterter-

rorism Bureau also engaged heavily in surveillance activities around the protests 

against the 2004 Republican National Convention held in NYC, gathering online data 

and attempting to infiltrate and surveil protest groups before the event to learn 

about protest planning and strategies (Friedersdorf 2020, Joseph 2017a, Wolf 2012). 

Furthermore, the NYPD has met stark criticism and faced legal actions due to its sur-

veillance of the Occupy Wall Street and Black Live Matters protests since 2011, which 

have allegedly crossed the legal guidelines that govern police surveillance and, more-

over, criminalized peaceful protesters, thus undermining their freedoms of assembly 

and speech (Joseph 2016, Joseph 2017b, Robbins 2012, Toussaint 2019). The expan-

sion of the department’s counterterrorism efforts and resources also pushed the dig-

itization of its surveillance and knowledge practices, which is visible when examining 

the Lower Manhattan Security Initiative (LMSI). 

The NYPD launched the LMSI in 2008 to roll out a tight network of surveillance cam-

eras, automated license plate readers, radiation sensors, and further surveillance 

tools as well as fortification devices, such as mobile road blocks and check points. 

This infrastructure initially covered Lower Manhattan south of Canal Street, then was 

subsequently extended to Midtown Manhattan, river to river, between 30th Street 

and 60th Street (Greenemeier 2011). As of today, the LMSI operates about 6,500 CCTV 

cameras as well as ALPR, which scan every car entering Manhattan. All the infor-

mation gathered by this extensive surveillance assemblage is drawn together in the 

Lower Manhattan Security Coordination Center (LMSCC), where it is monitored not 

only by members of the NYPD’s Counterterrorism Bureau but also by personnel from 

private stakeholders, such as the Metropolitan Transportation Authority, the New 
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York Stock Exchange, and multiple banks and businesses located in Downtown and 

Midtown Manhattan, whose CCTV systems are part of the LMSI infrastructure. 

Beyond being evaluated by staff in place, the vast amounts of data poured into the 

coordination center 24/7 are also run through automated data analysis tools. Thus, 

all license plates are checked against various databases to spot stolen cars or cars 

possibly involved in crimes, left luggage and packages can be automatically detected, 

and persons can be marked to search video material for them or to track their move-

ment across various cameras (Levine & Tisch 2014, Levine et al. 2017). With the per-

mission of the NYPD, IBM has also used video material from the LMSI surveillance 

systems to develop and train data analysis applications aimed at behavior recogni-

tion, face recognition, and body recognition, including characteristics like age, gen-

der, and skin color. Though the NYPD has not implemented these features, this ex-

pansion of surveillance and analytical capacities has supported the stance of critics 

like the New York Civil Liberties Union (NYCLU), who consider the surveillance activi-

ties of the LMSI a breach of privacy and data protection with millions of law-abiding 

and unsuspicious New Yorkers taped and scanned every day (New York Civil Liberties 

Union 2009, Supreme Court of the State of New York – County of New York 2008). 

Against such criticism, the digitization of the department continued and expanded 

under Commissioner Kelly. During his tenure, the NYPD launched the Real Time Crime 

Center (RTCC) in 2005 and implemented the DAS department-wide in 2013. The RTCC 

is a command center where data from various databases and sources is integrated, 

visualized, analyzed, and searched by officers to assist their colleagues in the field. It 

was financed by the mayor’s executive budget, the private non-profit organization 

The Police Foundation, and federal funds. Its data warehouse contains over 5 million 

New York State criminal records and parole and probation files; over 20 million NYC 

criminal complaints; 911/311 calls and summonses going back 5 years; over 31 mil-

lion national crime records; and over 33 billion miscellaneous public records (Govern-

ment Technology 2005, New York City Global Partners 2010). 

The DAS, however, is a software infrastructure that integrates data and makes it di-

rectly accessible to officers in the field via department tablet computers and cell 

phones. Beyond providing integrated database searches for cops in the street, the 
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DAS ties in video material from thousands of surveillance cameras, data from 

ShotSpotters and radiation sensors, and data mapping and analysis capabilities that 

can generate alerts to inform officers. The technology is continuously expanded, in-

corporating growing amounts of data, data sources, and functionalities, such as pre-

dictive policing functions and automated crime pattern analysis (Levine et al. 2017). 

This digitization of policing, as witnessed in NYC, has been steadily met with criticism 

from privacy and civil rights advocates due to privacy and data protection concerns, 

a lack of transparency regarding its use as well as guidelines and restrictions of its 

use, and apprehensions regarding the racial bias perpetuated and black boxed in po-

lice crime data (Diaz 2019, Greer 2012, Griffard 2019, Zubair 2019). However, the 

growing use of digital knowledge and surveillance tools in policing resonates with, 

reflects, and boosts policing approaches such as intelligence-led policing and predic-

tive policing, which are centered around and underscore the use of data analytics to 

define crime, risk, suspicion, and threat when developing policing strategies, prac-

tices, and objectives (Bennett Moses & Chan 2018, Cope 2004, Perry et al. 2013, 

Ratcliffe 2016, Organization for Security and Co-operation in Europe 2017). This 

growing reliance on data, as promoted under Kelly, can be understood as an exten-

sion of the department’s digital strategy as was spawned with the installment of the 

CompStat process. 

Furthermore, Kelly also extended Bratton’s broken windows strategy by making stop-

and-frisk a key patrol tool. As can be seen in Chapter 2, the stop-and-frisk tactic was 

identified as being discriminatory against Black and Latinx New Yorkers by targeting 

these populations disproportionately and, often, unwarrantedly. As a consequence, 

the NYPD’s use of this tactic was ruled unconstitutional in 2014, leading to a rapid 

and substantial decline in street stops conducted by the department. The stop-and-

frisk controversy was proof of the tensions between the NYPD and, particularly, the 

minority populations of New York, who were growingly alienated by broken windows 

policies and policing tactics, which they often experienced as discriminatory and ag-

gressive. Consequently, Bill de Blasio made a policing reform one of the cornerstones 

of his 2014 mayoral campaign, along with issues of social inequality and affordable 
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housing (Armlovich 2017, Armlovich 2019, Goldenberg 2014, New York Civil Liberties 

Union 2019, Pilkington 2014). 

Since the mid-1990s, New York has undergone an episode of sustained economic 

growth, only interrupted by the shock of 9/11 and the subprime crisis in 2008, from 

which the city recovered swiftly. And while this growth did not diminish social ine-

quality in the city, it was accompanied by a steady decline in crime numbers (Armlo-

vich 2017, Armlovich 2019, Bram 2003, New York City Comptroller 2012, Office of the 

New York State Comptroller 2005, Office of the New York State Comptroller 2020). 

This decline has continued since de Blasio took office, despite a further decrease in 

the use of street stops by the NYPD and policies that would limit the enforcement of 

certain quality-of-life offenses, such as public drinking or urination in public (Whitford 

2016). Despite these changes, de Blasio supports the basic ideas of broken windows 

policing, as seen in his appointment of Bill Bratton to his second tenure as New York’s 

police commissioner. Without meaningful changes, this style of policing has re-

mained the subject of critique, since it still produces racial disparities as it is practiced 

on the ground (New York Civil Liberties Union 2019, Police Reform Organizing Project 

2015, Police Reform Organizing Project 2016, Police Reform Organizing Project 2018). 

As before, Bratton’s stint with the NYPD remained brief; he stepped down in 2016 to 

be succeeded by James O’Neill. Against the backdrop of sustained criticism against 

broken windows policing and police violence against Persons of Color, O’Neill focused 

on the expansion of community policing in NYC, which had been implemented by 

Bratton under the label of neighborhood policing, to better the strained relation be-

tween the department and the city’s minority communities (Bratton n.d., Lamburini 

2018). Despite these growing efforts to integrate communities’ needs into policing, 

the NYPD remains a subject of criticism as civil rights organizations and movements 

demand fundamental police reforms all across the US. The demand to reform and 

defund the police to fight racial bias in policing, discriminatory policing practices, and 

police abuse and brutality – which disproportionally targets People of Color – has 

gained traction in the wake of the brutal murder of George Floyd by officers of the 

Minneapolis Police Department (BBC 2020, Communities United for Police Reform 

2020, Kurshid 2020, Reich 2020). The mass protests following this homicide have 
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once more highlighted some of the inherent failures of policing in the US and have 

challenged the well-established narrative of broken windows policing as a success 

story of the NYPD and U.S. policing in general. It remains to be seen how this criticism 

will be translated into meaningful change. 

This section has provided a brief overview of some of the key themes and trajectories 

of policing in NYC that have shaped policing in the city today. It has therefore roughly 

sketched some of the social, economic, and political transformations that have un-

folded in New York since the 1960s and their interplay with the NYPD and its organi-

zational structures, procedures, strategies, and practices, as well as New Yorkers’ 

views on their police department and the debates surrounding it. While this section 

has thus contextualized policing in NYC, it has also outlined how digital surveillance 

and knowledge technologies have grown to become an integral feature of the NYPD 

and a critical capacity for its approach to policing the city, its spaces, and its popula-

tion. 

This dissertation presents an analysis of this intersection to show how the growing 

digitization of the department’s surveillance and knowledge practices has altered its 

understanding of the links between crime, the city, and its population, and has thus 

transformed how crime and risk are identified and constructed to be rendered as 

subjects to policing, and how the urban security landscape has been impacted by the 

NYPD’s strategies and practices. The next section introduces some of the main sub-

jects, guiding theses, and key questions of this endeavor. 

1.2 Investigating the co-evolution of technology, knowledge, and policing in 

NYC 

When looking at the growing datafication of the NYPD, policing in NYC appears as a 

heterogeneous policing assemblage that comprises a diverse set of digital technolo-

gies and material artifacts, individuals and collectives, organizational hierarchies and 

divisions, policies, legal frameworks, guidelines, funding schemes and budgets, pro-

cedures and protocols, practices, discourses, and rationalities. These elements are 

interlinked and connected by the interactions that form a hybrid constellation of dis-

tributed agency through which policing is conducted. 
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One of the key tasks of this policing assemblage is to generate, gather, store, process, 

organize, disseminate, and utilize data and information to monitor urban spaces and 

populations, sorting them according to their levels of risk, suspicion, and threat to 

develop strategies and operations to prevent and fight crime and disorder. To do so, 

data and information is linked to the discourses and rationalities of crime and crime 

fighting, personal experience, and professional or anecdotal knowledge to make de-

cisions and allocate resources. Through the process of datafication, the NYPD’s sur-

veillance and knowledge practices have undergone multiple transformations, alter-

ing policing strategies and practices. Consequently, the NYPD’s interactions with the 

urban realm – the city, its places, and population – have changed accordingly. These 

transformations provide the theses on the co-evolution of technology, knowledge, 

and policing as it has unfolded in NYC that guide this dissertation. 

The digitization of the NYPD has accelerated and reconfigured data and information 

flows, facilitating a transition that grants more authority to data and standardized 

information in relation to professional experience and personal and anecdotal 

knowledge in the processes of identifying and defining the objectives and subjects of 

policing, making decisions, and allocating resources. This transition has altered the 

character of statistical information from delivering merely a strategic value to offer-

ing operation value that guides daily operations in the precincts while being ascribed 

predictive value. 

In this context, crime maps and predictive maps are integral tools to generate spatial 

knowledge that make crime trends, clusters, and patterns visible, establishing them 

as the primary reference points of policing through the CompStat process that stand-

ardizes knowledge practices throughout the department by facilitating a growingly 

cohesive approach to data analysis and utilization. Against this backdrop, multi-sca-

lar, hybrid collaborative knowledge practices have emerged that integrate actors 

from various organizational hierarchies and divisions, as well as growing numbers of 

technological agents. Consequently, the functions of automated software agents are 

becoming increasingly complex and crucial as automated data analysis is growingly 

included in decision-making processes, granting more authority to digital technolo-

gies. 
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This reconfiguration of dataflows and the practices of analyzing and utilizing data has 

pushed a shift from an incident-based approach to policing – identical across the en-

tire city – to a space-based and risk- and future-oriented policing model that aims to 

identify individuals and population, spaces and places, activities and behaviors, and 

events and incidents deemed to be criminogenic or suspicious to address them with 

policing measures. Consequently, the NYPD perceives the city as a landscape of dif-

ferentiated risk. As it targets high crime areas or areas at risk with locally adapted 

policing strategies and measures, as well as intensified surveillance, it thus renders 

the city a fragmented security landscape. Here, minority neighborhoods and popula-

tions are regularly primary targets of policing. However, these racially biased prac-

tices are potentially obscured through processes of black boxing and tech-washing 

by digital technologies. 

The digitization of the NYPD’s surveillance and knowledge practices has enabled the 

department to monitor certain neighborhoods, populations, and individuals more 

thoroughly, closely, and minutely, thus establishing a more rigid yet flexible control 

over them. However, these sociotechnical constellations of surveillance and control 

are increasingly fragile, because they are built on complex processes that depend on 

the successful alignment and cooperation of a diverse set of technological, organiza-

tional, and human agents that must interact in cascading processes of decontextual-

ization and recontextualization to produce reliable and valid data, information, and 

knowledge. Despite this growing complexity and frailty, the datafication of the NYPD 

and other police forces will continue driven by a growing data integration, which can 

be described as a platformization of policing, and by advancing technologies and 

methods of automated data analysis, as well as expanding surveillance infrastruc-

tures that increasingly permeate the urban fabric. 

These guiding theses suggest a number of research questions that this dissertation 

explores: 

• How does the NYPD generate and gather data and information on crime and 

disorder, individuals and populations, spaces and places, activities and behav-

iors, incidents and events? 
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• How is this data and information stored and distributed in the department so 

it can be processed to gain spatiotemporal knowledge on crime, the city, and 

its population? 

• Which actors and technologies are involved in these processes? 

• Which functions and tasks do they carry out, and how are they interlinked with 

one another? 

• How are data, information, and knowledge utilized to make decisions, allocate 

resources, develop strategies, and conduct operations to fight crime and disor-

der? 

• How have these processes changed over time with the growing datafication of 

the department? 

• How do these transformations impact urban spaces and populations as the sub-

jects of policing? 

To answer these questions, I draw on theoretical concepts from surveillance studies, 

the governmentality approach, assemblage thinking, and actor-network theory 

(ANT). These theoretical frameworks offer a vocabulary that enables me to examine 

the police not as an enclosed organization but rather as a fuzzy entity in a larger field 

of policing, which is understood as a hybrid sociotechnical constellation. Hence, they 

draw analytical attention to the role of technologies as constitutive elements within 

sociotechnical or sociomaterial formations. The analytical focus of this study thus lies 

with the mundane practices and interactions of the diverse actors and elements in 

the field of policing, conceptualized as a heterogeneous assemblage of generating 

knowledge and exerting control. Therefore, this dissertation offers a technography 

or thick description of the sociotechnical constellations and practices of monitoring 

and policing street crime and disorder in NYC. 

This thesis not only pursues the empirical objective of reconstructing the NYC policing 

assemblage in its transformation through increasing datafication; it also pursues the 

theoretical objective of testing the illustrated theoretical framework for its value in 

critically investigating the dynamics of digitization at the intersection of policing, sur-

veillance, and the urban. In doing so, this study seeks for approaches to overcome 

deficiencies in policing studies, urban studies, and surveillance studies concerning 
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their understanding of the role of digital technologies with regards to the social for-

mations they explore. Here, we often find that technologies are undertheorized and 

neglected as constitutive factors of social, respectively, sociotechnical or socio-

material constellations and dynamics. 

In the next chapter, I review the relevant literature from these fields as they inform 

this dissertation to discuss the research gaps this study addresses (Chapter 2). I then 

discuss the aforementioned theoretical approaches and derive the conceptual vocab-

ulary that guides this dissertation (Chapter 3) to subsequently elaborate on their 

methodological implications (Chapter 4.1–4.3). Following that, I introduce the empir-

ical material this study is based on and describe the methods deployed to answer the 

research questions and test the theses outlined above (Chapter 4.4). Going from 

there, I explore the digitization of the NYC policing assemblage along three themes: 

CompStat (Chapter 5.1), the use of crime maps and predictive maps (Chapter 5.2), 

and the expansion of the NYPD’s surveillance infrastructure as it growingly permeates 

the urban fabric (Chapter 5.3). 

2. What We Know About Technology, Knowledge, and Policing 

This dissertation explores the links and intersections between technology, knowledge 

and social control as exerted by the police. To understand the interactions and dy-

namics between these aspects, this study examines the NYPD’s implementation of 

digital information technologies. The point of departure for this endeavor is the re-

form of the NYPD in the mid-1990s, when the newly elected Mayor Rudolph Giuliani 

appointed William J. Bratton as New York’s Police Commissioner. 

With crime on decline throughout the 1990s, 2000s, and until today, the NYPD suc-

cessfully marketed itself as a world-leading metropolitan police force. As such, it has 

attracted countless numbers of researchers, experts, and journalists who want to un-

derstand what has contributed to New York’s crime drop. This chapter reviews some 

of the literature their work has produced. 

This study’s focus on the relationships between technology, knowledge, and prac-

tices of policing suggests three thematic areas of research that can be examined to 

better understand its subject: policing studies, criminology, and surveillance studies. 
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Policing studies and criminology have produced a vast body of literature regarding 

the societal functions of policing and its role in crime fighting and social order. One 

of the main objectives of policing studies is to explore the organizational structures, 

processes, and transformations of police organizations, as well as their practices and 

cultures. Scholars from the field have substantially contributed to the research of the 

New York police reform. The same can be said about criminology. Furthermore, po-

licing studies and criminology delivered the approaches and theories that have 

served police organizations and crime fighting experts as guidelines for their work. 

The comparatively young field of surveillance studies has been engaged in examining 

the relationships between technology, knowledge, and social control from its begin-

nings, as the links and dynamics between these elements form its main subject. Re-

search in surveillance studies revolves around the question of how social control and 

power are exercised by and respectively emerge from monitoring individuals, groups, 

and social processes to track, sort, and govern individuals and populations, spaces 

and places, processes and activities. This focus has led to numerous explorations of 

phenomena such as the privatization of security, CCTV surveillance, and smart sur-

veillance, as well as further issues related to policing and the production and mainte-

nance of social order in urban settings and their impacts on socio-spatial configura-

tions. 

Over the next pages, I present the research in these fields in relation to the basic 

research question of my dissertation: How have technology, knowledge, and policing 

co-evolved in the City of New York since the 1990s? This research review thus shows 

that the crucial role that technology holds in policing for generating knowledge about 

crime, the city, and its population alongside the links that exist among them is gen-

erally acknowledged, while the functioning of technology within these knowledge 

practices has, in part, remained a black box still waiting to be opened. 

2.1 CompStat: Pushing the digitization of police 

By the end of the 1980s, the Fordist urban crisis, Reaganomics, and neoliberal city 

policies had turned NYC into a worldwide poster child for urban decay. While new 

urban elites emerged from a globalizing finance industry, the Black and Latino popu-
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lations, especially, were excluded from the changing labor market and lived in impov-

erished areas of the city struck hard by social and physical decay. As a result of the 

transformation of New York’s economic foundation and its shifting social structure, 

crime was soaring across the city. This development was fueled by a crack epidemic 

that had led to violent turf wars between heavily armed gangs. Consequently, the 

numbers of murders and violent crimes in NYC peaked at 2,245 and 212,458 respec-

tively in 1990. In the same year, property crimes reached an all-time high with 

932,416 incidents reported to the NYPD (disastercenter.com n.d.). 

Alongside the growing crime and disorder problems since the 1960s, the revelation 

of a blatant and persistent system of corruption by the Knapp Commission (1970–

1972) and, later, the Mollen Commission (1992–1994) displayed the NYPD as a dys-

functional organization. High profile cases of police corruption and brutality contrib-

uted to this picture throughout the 1980s and early 1990s, so the legitimacy of the 

NYPD as an institution to serve and protect the public was severely damaged (Man-

ning 2001, White 2011). As these issues had not been resolved despite ongoing re-

form efforts, Rudolph Giuliani decided to focus on law-and-order issues in his 1994 

mayoral campaign. He promised to reform the NYPD and not only be tough on crime 

and criminals, but also to crack down on public disorder and incivilities. After winning 

the race for mayor, Giuliani called William Bratton into office as the NYPD’s police 

commissioner. Bratton would implement and administer comprehensive reform 

measures to facilitate sustainable change in the department. 

These reform measures were based on three pillars: 

• Adopting organizational structures and management practices stemming from 

the private sector; 

• Integrating state-of-the-art information technology to gather, store, share, and 

process information on crime as it occurred in the city; and 

• Building on and putting into practice the broken windows theory of crime 

fighting. 

These three dimensions of the NYC police reform were tightly interwoven with one 

another and aimed to improve the department’s efficiency, fight corruption, increase 
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responsiveness to leadership, and foster innovations in policing strategies and polic-

ing practices on the ground. To integrate the listed reform elements, the CompStat 

process was established. Within this process, commanding officers in the precincts, 

as well as the executive levels of the NYPD, receive timely information on crimes and 

crime trends in the precincts, boroughs, and the city. This information is used to de-

velop local and supra-local crime fighting strategies. Simultaneously, the data serves 

to track crime trends as a measure to hold commanding officers accountable to the 

department’s goals of crime fighting. 

Crime numbers in NYC had declined prior to the implementation of this set of 

measures installed by Commissioner Bratton. This trend then continued and has-

tened under his tenure. Bratton did not hesitate to assign this development largely 

to the implementation of what was then coined the New York model of policing. 

New York City, a city that only three years ago had a reputation as ‘the 

crime capital of the world’ is now being lauded as one the safest big cities 

in the world. How did this big turnaround happen? Blame it on the police. 

The men and women who make up the New York City Police Department 

for the dramatic decline that continues today in New York City (Bratton 

1998a: 29-30). 

As demonstrated later, this assessment has not remained unopposed. Rather, ques-

tions regarding the factors that have contributed to the massive crime decline in NYC 

and the role attributed to the NYPD reform form one of the main threads in the field 

of research on the reform up to this day. Another core topic in this field is the impact 

of broken windows policing on police legitimacy and the relationship between the 

NYPD and the population of New York, especially minority communities. These com-

munities have been the main target of aggressive styles of policing that draw on the 

broken windows theory of crime control. Another important research subject is the 

organizational change that the reform sought to achieve. In this context, a research 

emphasis lies with the CompStat system as a management tool, as this process is 

often viewed as the binding element among the various components of the NYPD 

reform. Therefore, the reform is often labelled the CompStat reform. 
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CompStat as a Management Tool and Communication Process 

CompStat is a procedure that relies heavily on digital information and communication 

technologies. Still, research has thus far neglected to study the impact of these tech-

nologies on the police’s communication and knowledge practices. And though the 

digitization of the department’s knowledge practices has been steadily expanded 

since the introduction of the CompStat process, technology remains an understudied 

aspect of policing in NYC and beyond, as this literature review shows. 

The CompStat process can be viewed as one of the most influential innovations in 

American policing. Weisburd et al. (2003) examine the proliferation of CompStat-like 

programs among police departments in the US. Their study, conducted in 1999, is the 

only systematic study of the implementation of CompStat in U.S. police departments. 

Outside this example, research has focused on a few single case studies (Willis et al. 

2003a, Willis et al. 2003b) and anecdotal evidence (Weisburd et al. 2003, Brereton 

1999, Manning 2008). Weisburd’s et al. survey among American police departments 

shows that about five years after the implementation of CompStat in NYC, one-third 

of the departments with more than 100 sworn officers had already implemented 

CompStat or CompStat-like programs. Another quarter were planning to do so, mak-

ing CompStat a rapidly diffusing administrative innovation with a high impact on po-

licing in the US. 

One of the reasons for this dynamic dissemination was that many of the participating 

departments had already installed elements of CompStat before the process was de-

veloped by the NYPD. Thus, CompStat was less of a revolution than it was marketed 

(Bratton 1998a, Bratton & Smith 2001, McDonald 2002); instead, it was a more co-

hesive compilation of measures that had been previously introduced into policing 

(Brereton 1999). Thereby, it followed a number of trends that had permeated polic-

ing at the time: problem-oriented policing; an increasing focus on knowledge of how 

crime, crime trends, and crime patterns emerged and developed locally; the diffusion 

of computers and digital data analysis tools in law enforcement; and police agencies’ 

growing openness to organizational change and outside consultation (Weisburd et al. 

2003). Still, the media-savvy implementation of CompStat in New York created a buzz 

that pushed the development of strategic problem-solving approaches in police de-

partments across the US (Weisburd et al. 2003, Manning 2001). Hence, most police 
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executives in the survey stated that they expect CompStat to improve their depart-

ments’ crime fighting efforts and by that credit the program’s performance for the 

crime drops accomplished in NYC. 

Furthermore, Weisburd et al. (2003) identify another important factor for the success 

of the CompStat reform in American policing: It addresses issues that police depart-

ments faced against the backdrop of the community policing model and can be con-

sidered almost a counter-model to this approach, which was one of the main trends 

in policing in the 1980s. Community policing was developed as an answer to the cri-

tique that hierarchical and military-like organized police forces were not capable of 

fighting crime and responding to the needs of urban communities. Community polic-

ing hence proposed a decentralization of decision-making processes, centered 

around beat cops and their interactions with local communities (Goldstein 1979, 

Goldstein 1987, Lamburini 2018, US Department of Justice 2014, Weisburd et al. 

2003). This concept of decentralization met resistance within police departments, as 

it called into question the historically grown structures within law enforcement agen-

cies and the concept of professional policing that had shaped U.S. police agencies in 

the decades before (Stone & Travis 2011). 

CompStat presents a middle-ground solution. It shifts decision-making processes 

down to middle management, making commanding officers in the precincts respon-

sible for developing and executing crime fighting strategies, while the upper execu-

tive level defines overarching goals and guidelines. Simultaneously, accountability 

measures are introduced by installing a data-driven feedback system – the CompStat 

process, which allows the upper tier to monitor and steer the steps taken by middle 

management. Thus, CompStat remodels control structures while keeping the organ-

izational hierarchy intact or even enforcing it more effectively. 

[I]f CompStat preserves, or perhaps enhances, the relevance of the hierar-

chy for controlling the organization, it still deserves to be called innova-

tive, at least in principle. Rather than the sort of constant surveillance 

thought effective in running organizations that require standardization 

(e.g., assembly lines), a model once blessed by police reformers, but real-

ized only chimerically, the CompStat model requires striking a delicate bal-

ance between empowerment and control. The question is, what sort of 

balance have America's CompStat police agencies actually struck? Our 
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survey data, although certainly not the last word on this issue, suggest 

that most CompStat agencies have in fact opted for a model much heavier 

on control than on empowerment (Weisburd et al. 2003: 447-448). 

Most of the pressure exerted through the control mechanism of CompStat lands on 

precinct captains, as they are the ones held responsible for crime rates and trends in 

their districts, while CompStat barely impacts patrol officers, lieutenants, or ser-

geants (Weisburd et al. 2003). Thus, the job of a precinct commander has transi-

tioned considerably from a “‘sunset post’ for officers on their way to retirement” 

(White 2011: 17) to a high-pressure position. However, commanding officers would 

eventually find ways to translate that pressure down to the operational level. 

Like most studies on CompStat, Weisburd et al. (2003) strongly focus on organiza-

tional change while neglecting operational or technological aspects of the CompStat 

reform, as well as the possible changes of knowledge practices that may alter the 

spatial or socio-spatial information and knowledge police gather and produce to 

guide policing strategies and practices on the ground. This imbalance is remarkable, 

as a change in information management procedures in decision-making processes 

through digital information and communication tools is a key component of the 

CompStat process. Yet the majority of research on CompStat focuses on descriptive 

presentations of the implementation of the CompStat model and the effects of the 

implementation on organizational structures or cultures of the respective depart-

ments (Nagy & Podolny 2008, Özdemir 2011, Shah et al. 2018, Walsh 2001, Weisburd 

et al. 2003, Willis et al. 2003a, Willis et al. 2003b, Willis et al. 2007, Yüksel 2013, Yüksel 

2015). Even when studies highlight the role of digital technologies and data analysis 

in this context, it is merely looked at from an instrumentalist perspective, neglecting 

the constitutive role that technologies exercise within communication and 

knowledge processes. (McGuire 1999). 

In two qualitative follow-up studies to the survey presented above, though, Willis et 

al. (2003a, 2003b, 2007) address the operational consequences of CompStat’s imple-

mentation in three police departments with a case study in Lowell, MA and a com-

parative study including the cities of Lowell, MA; Minneapolis, MI; and Newark, NJ. 

These studies also touch on the use of information and communication technologies 
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(ICT) within the CompStat process and some aspects of its use to generate socio-spa-

tial knowledge regarding local crime trends and policing strategies. Even though the 

authors assessed the implementation of digital data analysis tools according to their 

impact on organizational change, they present insights on the use of digital ICT within 

police departments, which is also of interest to this dissertation for the purpose of 

studying sociotechnical knowledge practices of policing. 

In all three police departments, CompStat’s implementation facilitated an accelera-

tion of data collection and processing so that crime data was available in a timely 

manner throughout the departments. CompStat also fostered resources and capabil-

ities to analyze crime data by examining crime trends and hotspots. Studying the 

Lowell Police Department, Willis et al. (2003a) highlight the challenges of introducing 

digital tools into the department’s information management and communication 

processes. They note how early decisions regarding the database structures and data 

categories of the CompStat process shape the information that is exchanged within 

this process long-term. The Lowell Police Department had initially opted to use crime 

data alongside information gathered by community liaisons to integrate community 

perspectives and needs into the decision-making and strategizing processes. The lat-

ter element, however, was soon discarded so that the focus was solely on crime num-

bers, especially the seven major index crimes as collected through the Uniform Crime 

Report for the FBI. The same data categories were also selected to structure the 

CompStat process in Minneapolis and in Newark. 

With these crimes being the focal point of CompStat, they also became the focal point 

of the information used by the local captains when developing crime fighting strate-

gies, while other goals of policing were deprioritized, as they did not receive the same 

attention as the aspects discussed in the CompStat meetings. Information that was 

used in the CompStat process received a high level of visibility that also guided the 

directions of policing strategies. Willis et al. (2003b), thus, speak of CompStat as a 

police radar, quoting an officer: “If something is not on the radar, it is invisible” (34) 

and “if something is not shown at CompStat, no one cares about it … it means that 

you are not paying attention to it … you are not accountable to it” (34). Thus, 

CompStat has fostered the use of data and data analytics while restricting the scope 
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of this use significantly, as it sets a narrow frame of relevance by rigorously predefin-

ing the relevant categories of crime fighting. 

In this context, the authors attribute an important role to crime mapping. Crime maps 

are the main instrument for visualizing data within the CompStat process. Here again, 

visibility matters. The authors observed that elements that could be displayed on 

crime maps received more scrutiny within the CompStat process as identifying spatial 

clusters of crime is key to an approach that aims at tackling local crime patterns and 

hotspots, such as CompStat. This shift to a place-based policing approach risks ne-

glecting incidents that cannot be translated into visible spatial patterns, such as do-

mestic violence, as one interviewee in the Minneapolis case study stated (Willis et al. 

2003b, 53). Where crime clusters are the main reference point for developing crime 

fighting strategies, Geographic Information Systems (GIS) are performative elements 

within decision-making processes for the software’s capacities to integrate and visu-

alize data structure and these processes. 

With an increased emphasis on data to inform policing strategies, data quality be-

comes crucial within the CompStat process. That entails data accuracy as well as 

timeliness. Police officers in the field must be diligent and cognizant when filing re-

ports and categorizing incidents as crimes. This extends to the personnel that double-

check reports and analysts who translate them into the databases for crime analysis 

and the CompStat process. As crime reports are the main data source for CompStat, 

the data must truthfully represent the incidents in the field, as they are supposed to 

reliably lead police operations. Willis et al. (2003a, 2003b) report that despite a grow-

ing awareness of the central function of data and intelligence, data quality remained 

an issue in all three case studies over the course of their research. The authors mainly 

connect this problem to a lack of attentiveness by the individuals involved with the 

processes of data collection and a lack of sufficient data quality assurance proce-

dures. Furthermore, they mention that the intentional manipulation of crime reports 

represents a problem, as incidents are defined down by cops and analysts to fudge 

crime numbers to avoid inquiry into their commands’ performances. These short-

comings and misconducts distort crime data, which bears the danger of misguided 

policing practices due to ill-informed strategies. 
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The authors also indicate that even though data and data analysis were granted 

prominent roles in decision-making processes through CompStat, the analytical as-

pect of CompStat often remained rudimentary in the daily routines of district cap-

tains. Due to a lack of resources and training data, analysis was usually limited to data 

visualization in the form of pin maps and graphs to detect trends and patterns of 

crime, which would then be discussed at CompStat meetings. Outside of the 

CompStat meetings, crime maps did not play a vital role for captains in the case study 

departments. They would usually conduct serial readings of crime reports to become 

familiar with crime trends and patterns. 

To grasp the spatial dimension of these patterns, they often relied on their personal 

knowledge of the geography of their districts. Thus, captains tended to minimize the 

value of crime maps while praising their own experience and timely knowledge of 

local conditions and crime trends. For them, the focus on crime maps was considered 

a necessity deriving from the communication flows within the CompStat process ra-

ther than an improvement in understanding crime patterns. This assessment partly 

results from a lack of resources to conduct data analysis that extends beyond simple 

data visualization, as well as a lack of training to enable captains to pursue more so-

phisticated analyses and understand the underlying links and dynamics of local crime 

patterns. Consequently, some of the captains doubted the operational value of 

CompStat for crime analysis. They generally did acknowledge, though, the value that 

comes with timely information on crime trends being available within their districts 

and departments. Despite the captains inconclusive assessment of the potentials of 

CompStat, Willis et al. (2003b) highlight the upside of CompStat’s analytical capaci-

ties, stating, 

[T]he maps contributed in a number of ways. They encouraged and re-

minded sector captains to think geographically and ‘see’ patterns. They 

informed department members who were less familiar with a sector’s ge-

ography about its crime topography; and their display at CompStat iden-

tified patterns that sector captains may have missed before meetings. In 

short, our observations at Lowell suggest that CompStat maps may be 

helpful but not indispensable to the problem-solving process […] (43). 

Many scholars oppose this assessment and instead note the crucial role of data ana-

lytics within the CompStat process (McDonald 2002, McGuire 2000, Nagy & Podolny 
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2008, Ratcliffe 2004, Weisburd et al. 2003), especially their contributions to the move 

from a reactive to a proactive or preventive policing approach, which characterizes 

CompStat, at least for its advocates (Smith & Bratton 2014). 

The functions of crime mapping and its impact on policing are discussed below with 

a review of the research on crime mapping and data analysis in policing. Furthermore, 

the question of how crime mapping and data analysis have affected the NYPD’s 

knowledge and policing practices is a key question of the case study presented with 

this dissertation, for it has rarely been systematically studied. The question has 

merely been addressed with anecdotal evidence and references to CompStat as a 

model, not as a concrete sociotechnical practice. As mentioned above, the case study 

of Lowell, MA – along with the case studies of Minneapolis, MI and Newark, NJ –

present an exception in that they deliver some insight into the use of data and data 

analysis within the CompStat process. Still, they only briefly touch upon this element; 

instead, they focus on organizational change more than policing and knowledge prac-

tices. 

Another limitation revealed by the case studies is the accessibility of the strategic 

insights gathered in the CompStat process to line officers. During the implementation 

phase of CompStat, the Lowell Police Department, for example, used Microsoft Excel 

and PowerPoint to compile crime statistics, trends, and maps. These tools could be 

accessed from any terminal in the department, so that staff at all levels could view 

the information if they wanted. Later, the department switched to SPSS and MapInfo 

to compose and display crime data. This software was only installed on a few termi-

nals and necessitated extra training to be operated, thus making comprehensive in-

formation on crime available to only a small number of high-ranking officers and an-

alysts. But even when information was more widely available, line officers rarely uti-

lized this ability to check crime data. The technological set-up and a lack of computer 

skills and time also hampered access to crime data in Minneapolis and Newark. More-

over, the departments did not appear to have found ways to communicate more de-

tailed information to patrol officers. As a result, information on crime in the Lowell 

Police Department was mainly disseminated through daily bulletins and roll calls. 

Otherwise, officers would rely on their experience, personal knowledge, and the in-

formation and anecdotal knowledge shared among colleagues. 
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The main reason for CompStat’s emphasis on gathering and analyzing crime data, 

beyond increasing captains’ accountability for crime numbers, is to identify and un-

derstand crime trends and patterns so that innovative crime fighting strategies can 

be tailored to fit specific local problems. The findings from Willis et al. (2003b) on 

whether this goal is achieved by CompStat are not clear. The authors ascertain that 

many of the strategies deployed as part of CompStat heavily rely on traditional polic-

ing practices. CompStat meetings, as observed by the authors, also fail to create an 

environment that fosters dialogue and collaborative problem-solving. Rather, cap-

tains tend to defend their pre-developed strategies to prevent their authority from 

being undermined by criticism or inquiry instead of engaging in open discussions 

about their policing approaches. All three case studies show that CompStat meetings 

were centered around the discussion of numbers and case details, which also guided 

the captains’ analytical efforts. Consequently, the meetings rarely resulted in devel-

oping holistic and sustainable crime fighting strategies. Rather, the emphasis was on 

finding ways to quickly lower crime numbers. 

[T]he problem solving stimulated by all three departments’ CompStat pro-

grams replicated the classic street cop’s ethos that it is more important to 

act decisively—even with an incorrect diagnosis and hastily considered or 

preconceived solution—than it is to ponder the evidence and weigh op-

tions before carefully proceeding (Willis et al. 2003b: 59). 

Thus, the availability of more detailed and timely crime data did not necessarily trans-

late into more sophisticated, strategic, or sustainable ways of policing. Instead, it trig-

gered a shift from an incident-oriented policing model to a pattern-oriented policing 

model that widely maintains traditional practices of policing. 

In many ways COMPSTAT had just shifted traditional reactive policing to 

a higher level. Police did not respond to individual crimes, but they reacted 

to crimes in the aggregate, producing a ‘whack-a-mole’ phenomenon of 

placing highest priority on doing something quickly whenever a crime 

spike surfaced (Willis et al. 2007: 174). 

As mentioned above, Weisburd et al.’s (2002) survey on the implementation of 

CompStat among U.S. police departments found that in many cases, CompStat did 

not meet the goal of empowering the middle-management level of commanders of 
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geographical sectors to develop policing strategies according to local problems. In-

stead, CompStat oftentimes delegated decision-making responsibilities down the 

rank while tying them into a rigid system of top-down control that effectively reen-

forced traditional organizational hierarchies. This assessment is only partly correct 

for the case of the Lowell Police Department. 

In Lowell, a functional organization of decision-making process in the department 

was shifted to a geographical organization. The upper executive level in Lowell did 

encourage the middle managers of geographical sectors to make strategic decisions, 

implement strategies, and deploy personnel based on the local conditions in their 

geographies. This shift in responsibilities does represent a decentralization of deci-

sion-making. However, key resources were left under the command of top manage-

ment, including special units and task forces, which are an important tool to flexibly 

react to emerging crime trends and patterns. Additionally, the top management fre-

quently overruled local decisions if they would not comply with its favored approach. 

Thus, even though the position of middle managers was strengthened with 

CompStat, the hierarchical structure of the department was not fundamentally al-

tered. Especially not, as no more decision-making responsibilities were provided to 

line officers, as would be the case for instance for community policing approaches, 

which were developed to respond to the professional policing model, just as 

Compstat was. Instead, CompStat preserves the division between management and 

line officers, even though it shifts certain responsibilities down the ranks. 

The authors describe similar situations for all three case studies. Efforts were being 

made to improve the departments’ information and communication structures; 

along with their means to analyze data, accountability processes are enhanced, and 

more responsibilities are delegated to district captains. Yet important organizational 

structures were not altered accordingly, so that the potential for developing and de-

ploying locally adapted, preventive, and sustainable crime fighting strategies is not 

fully utilized. The shortcomings include a lack of data analysis training for captains 

and their supporting staff, a strict focus on crime numbers as the central goal of po-

licing, no translation of accountability processes and analytical insights to line offic-

ers, and key resources remaining centralized. In this context, Willis et al. (2003b) 

identify a dynamic that can be understood as a characteristic paradox of the 
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CompStat model as it unfolds in practice: its inherent target conflict between strong 

accountability processes, organizational flexibility, and the geographic organization 

of operational command. 

[T]wo CompStat elements — geographic organization of operational com-

mand and internal accountability — combined to constrain organizational 

flexibility by fostering competition not teamwork among districts. Top 

management sought to increase flexibility by: (1) maintaining its author-

ity to allocate resources across districts; and (2) ordering the formation of 

task forces [to be deployed by the top management, N.C.]. Ironically, in 

concentrating decision-making power at the top of the organizational hi-

erarchy, both these measures undercut the ideal of delegating opera-

tional command to district commanders. Furthermore, it is likely that the 

allocation of resources to task forces would require reductions in the re-

sources available to district commanders, thereby further reducing the or-

ganization’s commitment to geographic organization of operational com-

mand (Willis et al. 2003b: 47-48). 

In examining the distribution of resources, the case studies also show that CompStat 

creates rivalries among the district commands in all three police departments. 

CompStat values performance as measured by the individual crime numbers of dis-

trict captains and compares them among each other. Therefore, it favors the individ-

ual accomplishments of single commands over cross-command cooperation and 

achievements. This competitive orientation of CompStat thus hampers the develop-

ment of innovations and strategies that include the cooperation of various districts 

to tackle cross-district crime trends and patterns. Instead, commanders compete 

over the allocation of resources to their districts to better their position to lower 

crime numbers. In New York, this problem is addressed by conducting crime analysis 

and allocating certain resources at three levels: precinct, patrol borough, and city-

wide. This dissertation shows, though, that this approach can sometimes amplify or 

merely relocate the given problem rather than solve it. 

The studies conducted in Lowell, Minneapolis, and Newark highlight a shortcoming 

of large parts of the research conducted on CompStat, especially by its proponents. 

They often assume that police organizations function along structures and proce-

dures that work rationally and purposefully. In this perspective, “COMPSTAT’s ele-

ments work like a well-oiled machine to form an efficient, transformative, and goal-
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driven organizational system” (Willis et al. 2007: 148). CompStat, in these studies, is 

often perceived as a model rather than an empirical reality. The case studies pre-

sented by Willis et al. (2003b, 2007) instead demonstrate the shortcomings, pitfalls, 

and compromises that come with CompStat’s implementation in police agencies. 

Despite focusing on organizational change, the case studies provide insights into the 

strong performative role technology exercises within the CompStat process regarding 

the visibility and understanding of the socio-spatial dimensions of crime, which then 

align crime fighting strategies and decision-making processes. They also show, how-

ever, that these technological aspects are tightly interwoven with the social practices 

and structures of gathering information, training, decision-making, and organiza-

tional hierarchies and procedures. Thus, police knowledge practices must be under-

stood as sociotechnical practices that emerge at the intersections of social and cul-

tural practices, organizational structures and procedures, and technology. 

Thus far, this perspective has been neglected in studies on CompStat, which make up 

the vast part of the research on technologies of policing in NYC. Instead of analyzing 

knowledge practices as an interplay of practices, technologies, data, information, and 

knowledge as well as organizational structures and processes, CompStat is mostly 

assessed as a tool within the organizational reform of the NYPD. Thus, little under-

standing can be gained on how the police’s perspective on the links among crime, the 

city, and the population as a socio-spatial arrangement may transform when the 

technologies of seeing, sorting, communicating, and knowing change. And even 

though Willis et al. (2003a, 2003b, 2007) might touch on this subject, it needs further 

and more thorough examination. 

Examining their three cases, Willis et al. (2003b, 2007) conclude that CompStat hardly 

affects the operational realities of line officers as they rarely participate in CompStat 

meetings and are usually not acquainted with the mechanism of the CompStat pro-

cess or the information exchanged through it. They appear to be linked only loosely 

to the CompStat procedures through communication with their direct supervisors, 

who are tied in more neatly into accountability structures and information flows. Be-

yond this assessment, little is known about the effects of CompStat on the opera-

tional level of policing. Dabney (2010) notes that research on CompStat mainly fo-
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cuses on “(1) the logistics of the CompStat model, (2) how the model has been re-

ceived by police organizations, and (3) its role in generating strategic objectives (e.g., 

crime rate reductions)” (29). Therefore, he conducted an exhaustive ethnographic 

study of the links between communication and decision-making within CompStat and 

the day-to-day police work as carried out by patrol cops in a metropolitan police de-

partment in the Southeast US. 

Dabney found that line officers and low-level supervisors, such as sergeants, often do 

not understand CompStat’s processes and goals. They particularly miss the analytical 

aspects of CompStat and its goal to develop locally adapted policing strategies. Con-

sequently, “street level officers struggle to follow through on the plans and tactics 

devised and communicated downwards by upper- and middle-level supervisors” (Dab-

ney 2010: 43). This shortcoming is attributed to long chains of communication, which 

reach from the district captains who attend the CompStat meetings to lieutenants, 

sergeants, and finally, patrol officers. Thus, the analytical value that might be gained 

in these meetings is gradually reduce to simple directives for the beat cops. These 

directives often rely on traditional policing tactics ultimately aimed at making arrests 

in lieu of the innovative and problem-specific solutions envisaged with CompStat.  

This deficit corresponds with a reduced understanding of the program as an account-

ability tool geared toward measuring crime rates and officers’ performance, which is 

prevalent among line officers. Accordingly, they conceive arrests as a means to gen-

erate visible activities and numbers that put themselves – and consequently, their 

supervisors – in a favorable position in the CompStat process. Thereby, Dabney’s re-

sults widely support the findings of Willis et al. (2003b, 2007). CompStat does not 

necessarily facilitate innovative and policing solutions for local problems; rather, it 

centers policing around crime rates and measurable performance, such as arrests, 

summonses, and stops. Yet this misunderstanding and malpractice of CompStat prin-

ciples does not mean that CompStat does not affect the operational realities of line 

officers working within a CompStat system, as Dabney concludes, which becomes 

clear when examining the case of the NYPD. 
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2.1.1 Cooking the books: CompStat gone wrong 

Over the last years, cops in NYC have spoken out about the harsh pressure to lower 

crime numbers while increasing officers’ activity, exerted through the CompStat pro-

cess from the top of the department down the ranks to the street cops. This pressure 

has facilitated a two-fold dynamic. Members of the NYPD have manipulated crime 

statistics and activity numbers by defining down reported crimes, simultaneously 

manufacturing false reports on officers’ activities, such as stops and summonses. 

However, they have also conducted illicit activities, such as making unwarranted 

stops, summonses, and arrests. These activities mainly targeted New Yorkers of Color 

living in the poor neighborhoods of the city. This practice not only corrupts the quality 

of the data that guides policing strategies within CompStat; it also harms the affected 

individuals and communities, as well as the relationships police maintain with the 

public and these communities, thus undermining police legitimacy. 

Eterno and Silverman (2010, 2012) and Eterno et al. (2014 ) echo the results of Dab-

ney (2010) and Willis et al. (2003b, 2007) by highlighting the emphasis that CompStat 

places on crime numbers. While Dabney concludes that CompStat is not transferred 

to the line officers effectively, as they generally do not fully grasp the concept of the 

program, Eterno’s and Silverman’s research in New York reveals that even though 

patrol cops may not be completely aware of CompStat’s functioning and analytical 

aspects, its numbers-driven approach still considerably affects how they conduct 

their job. Moreover, it may be the simplification of the CompStat approach to crime 

statistics and activity numbers that yields the effects Eterno and Silverman describe 

in their research. 

Eterno and Silverman (2010, 2012) conducted a comprehensive study on the effects 

of CompStat on the daily work of cops in NYC, including survey data from 323 retired 

NYPD cops and insights from 15 in-depth interviews with former cops. The authors 

found that captains experience a high level of pressure through the CompStat process 

to drive down crime numbers, which filters down to their subordinates. This pressure 

is, for example, exerted through abusive practices at CompStat meetings pursued by 

high-ranking officers, aimed at exposing and embarrassing commanding officers and 

by removing them from their positions if their crime numbers climb. This conduct 
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substantially lowers officer morale. The study also shows that CompStat is not nec-

essarily considered a tool to facilitate organizational flexibility and well-reflected de-

cision-making that responds to local conditions. Rather, CompStat is described as a 

rigid top-down process wherein solutions are often preset by higher ranking officials 

in the CompStat meetings instead of collaboratively developing strategies according 

to local needs. In conclusion, the authors concur with Weisburd et al.’s (2003) find-

ings that CompStat enforces traditional hierarchies of police organizations rather 

than transforming them into more agile structures and processes that may foster in-

novative and adaptive policing strategies. Furthermore, they ascertain that “[w]hen 

CompStat’s top-down management promotes hierarchical pressure to decrease index 

crime, it filters down to rank-and-file activities whether it is through increased use of 

quotas or discouraging crime reports” (Eterno & Silverman 2010: 24). 

The authors expand on these finding in their publication “The Crime Numbers Game” 

(2012). Here, their research focuses on CompStat possibly incentivizing the manipu-

lation of crime reports by cops and promoting illicit policing activities. Therefore, they 

add more evidence to the data outlined above and conclude the following: 

[T]here are pressures generated by the leadership of the NYPD emanating 

from CompStat, which lead to unethical manipulation of crime reports. 

That is, the combination of pressures – much higher pressure to decrease 

index crime, less pressure to maintain integrity in crime statistics, and 

more pressure to downgrade index crime to non-index crime – has led to 

unethical manipulation of crime statistics in New York City (Eterno & Sil-

verman 2012: 34). 

The authors bolster these findings in a follow-up study (2014) that presents the re-

sults of an extensive online survey among 1,770 retired NYPD cops, supporting the 

insights of their earlier research. Here again, they conclude that “[e]xperiences offic-

ers had with manipulation of crime reports is likely a byproduct of over-reliance on 

crime numbers by police performance management systems as well as leadership 

pressures” (Eterno et al. 2014: 21). 

The practices of cooking the books entail a variety of activities. The cops interviewed 

by Eterno and Silverman (2010, 2012) stated that crimes were defined down on com-

plaint reports by patrol cops – for example, by registering petit larcenies instead of 
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robberies by omitting the aspect of applied physical force on the report sheets, re-

porting grand larcenies as petty larcenies by purposefully underestimating the value 

of stolen goods, registering burglaries and even rapes as criminal trespassing, or la-

beling homicides as deaths to be determined. Moreover, crimes were downgraded 

by conducting follow-up interviews with victims so as to lead them to change details 

of their reports, which could then be re-categorized as non-index crimes. Further-

more, cops detailed that they were advised by supervisors to discourage victims from 

reporting crimes. The goal of these activities was to keep index crimes down to pre-

vent captains from being called in to CompStat meetings and possibly facing further 

sanctions, such as being denied promotion or removed from their positions. Thus, it 

becomes clear that the crass focus on crime numbers as established through 

CompStat has altered the operational realities of policing in New York when it comes 

to handling crime numbers, crimes, and victims. 

The pressure to improve numbers, as generated through CompStat, has not only led 

cops to lower crime numbers by manipulating complaint reports; it has also encour-

aged a more aggressive style of policing that has fostered illicit activities by patrol 

cops. Adhyl Polanco, Adrian Schoolcraft, and Robert Borelli (Rayman 2010, Rayman 

2011, Rayman 2012), among others, have blown the whistle on quotas in their pre-

cincts that incentivize stops, summonses, and arrests, as these represent activities 

that are tracked and evaluated through CompStat as indicators of proactive measures 

of fighting crime. Thus, cops were pressured to meet these quotas or face repercus-

sions. These repercussions could include undesirable assignments, unattractive 

shifts, denied days off, or an unusually thorough enforcement of the NYPD’s patrol 

guide for officers who did not make the required numbers, eventually resulting in 

disciplinary measures. Thus, officers pursued illicit activities that primarily targeted 

young Black and Latino men in poor minority neighborhoods, who increasingly be-

came the subject of illegitimate stops, unwarranted summonses, and illegal arrests 

(Rayman 2010, Rayman 2011, Rayman 2012). The findings of Eterno and Silverman 

(2012) support these accounts, suggesting the conclusion that the numbers-driven 

approach of policing pushed through CompStat yields significant consequences for 

the population: 
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Communities are affected in numerous ways. These include diminished 

quality and distorted delivery of police service, weakened crime fighting, 

unreliable crime statistics, increased public distrust of police, unfair police 

practices, and victims victimized by the police (Eterno & Silverman 2012: 

68). 

Crime statistics and numbers guide the development of policing strategies and de-

ployment of resources at various levels of the NYPD: precinct, patrol borough, and 

city-wide. Thus, the manipulation of crime numbers aimed at hiding incidents that 

could qualify as index crimes impairs the quality of the data that is integral for the 

identification of problems to be tackled by the department. The needs of the com-

munities the department serves might thus be distorted, obscured, and consequently 

neglected. Moreover, the department’s relations with the public may suffer. This as-

sumption has been proven to be true especially for relations with the communities 

who are the primary targets of illicit policing practices, as seen below. Furthermore, 

the public assessment of police work in New York is strongly based on crime numbers. 

The NYPD has promoted this perspective with CompStat. The drop in crime has, since 

the advent of CompStat, been used to create a narrative of the NYPD as a highly effi-

cient police organization; this narrative is an important source of legitimacy for the 

agency and is used to reply and object to criticism (Manning 2001, Eterno & Silverman 

2012). Thus, manipulated statistics, practices of discouraging victims, and aggressive 

policing that draws on illicitly harassing New Yorkers – such as unwarranted stops, 

summonses, and arrests – have substantially eroded police legitimacy and trust in 

the NYPD (Eterno & Silverman 2012, New York Civil Liberties Union 2018). 

Broken Windows Policing 

The debate about the police reform in New York has revolved around questions of 

police legitimacy, trust, and police aggression especially against vulnerable popula-

tions from the beginning. It was mainly focused on the NYPD’s approach of broken 

windows policing, which was instilled along with the CompStat process. In an article 

in the Atlantic Kelling and Wilson (1982) outline their explanation for the emergence 

of crime in urban neighborhoods, which Kelling and Coles (1996) would later expand 

on. Drawing on a psychological experiment conducted by Zimbardo in 1969 and an-

ecdotal evidence, Kelling and Wilson hypothesize that visible decay, disorder, and 

incivilities in urban neighborhoods foster criminal activities in any given area. They 
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assume that disorderly conditions and behavior increase the fear of crime of the local 

residents, consequently making them avoid public spaces, which in turn leads to a 

decrease of informal social control. As a result, the streets are left to criminals con-

ducting their business. 

They conclude that crime fighting must begin with addressing minor infractions and 

disturbances, even if they do not qualify as criminal behavior, as they may hamper 

the local population’s feeling of security. As examples of people displaying such crim-

inogenic behavior, they list: “panhandlers, drunks, addicts, rowdy teenagers, prosti-

tutes, loiterers, the mentally disturbed” (Kelling & Wilson 1982: 30). Alongside other 

signs of physical and social decay – such as trash, vandalism, and abandoned cars, 

buildings, and lots, as well as marginal shops – they are considered the root causes 

behind flourishing crime in urban neighborhoods. Quintessentially, for policing, Kel-

ling and Wilson deduce that one fights crime by maintaining order. Bratton focused 

on this approach of broken windows policing – also called order-maintenance polic-

ing, quality-of-life policing, or most famously, zero-tolerance policing – during his ten-

ure with the New York Transit Police. Heading the NYPD, he would continue this strat-

egy by targeting low-level offenses, minor infractions, disorder, and incivilities. 

The proponents of broken windows policing praise Kelling and Wilson for delivering 

an explanation for crime that puts police back in charge. To them, established socio-

logical and criminological theories had limited the role of police, as they highlighted 

processes of social exclusion as the root causes for crime and deviance (Bratton 

1998a, Dennis 1998, Heymann 2000, Livingston 1997, Skogan 1990). In this perspec-

tive, police could merely manage crime as a symptom of social inequality; racial dis-

crimination, and marginalization. Fighting root causes of crime, though, was a job for 

the welfare system, educational system, and social workers (Garland 2001, Garland 

2007). The broken windows approach, however, re-instituted the police as the main 

actor in fighting and preventing crime. Accordingly, the supporters of broken win-

dows policing largely attribute NYC’s crime drop to changes in policing practices 

achieved with the installment of order-maintenance policing as a set of proactive po-

licing measures targeting disorderly activities deemed to be criminogenic, like graffiti 

writing, public urination, public drinking, panhandling, loitering, and prostitution 
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(Bratton 1998b, Corman & Mocan 2002, Dennis 1998, Heymann 2000, Kelling & Sousa 

2001). 

Critics of this approach dispute that disorder constitutes a root cause of crime and 

thus deny that broken windows policing has a significant effect on crime rates. In-

stead, they claim that practices of broken windows policing contribute to the crimi-

nalization of poverty-related behavior. This process is being associated with the fact 

that, other than proposed by Kelling and Coles (1996), the NYPD does not consult 

local communities to identify and define the conditions considered to be disorderly 

and problematic versus those that are desirable and supportive. Instead, the NYPD 

enforces given codes with measurable activities and applies middle-class norms and 

practices to gauge disorder. Consequently, they target poor and minority populations 

as prominent subjects of an aggressive enforcement of the order-maintenance strat-

egy (Thompson 2015, Harcourt 1998, Harcourt 2004). 

Scholars critique the theoretical underpinnings of the broken windows approach, its 

empirical validity, and its practical outcomes. Thompson (2015) rejects the idea that 

disorder could be understood as a root cause of crime. He notes that rather than 

being a root cause of crime, what Kelling and Wilson (1982), Kelling and Coles (1996), 

and Bratton (1998) describe as criminogenic disorder is a result of poverty, inequality, 

and discrimination, much like crime. Thus, for him, neighborhood self-organization, 

as well as social, economic, and urban policies that enable the inclusion of marginal-

ized and disadvantaged social groups, are the best answers to tackle issues of crime 

and disorder. Thereby, he highlights that policing and sanctioning disorderly behavior 

results in the securitization of an essentially social problem, further leading to the 

criminalization of marginalized and poor populations. Referring to the descriptions, 

examples, and assumptions regarding disorder, incivilities, and crime as given by Kel-

ling and Wilson (1982), Kelling and Coles (1996), and others, Thompson (2015) sees 

the broken windows theory in a scholarly tradition that explains deviance and crime 

as results of specific group cultures, namely the culture of the urban underclass and 

the Afro-American community, concluding that the broken windows theory is inher-

ently classist and racist. 
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This assessment echoes earlier criticism of the broken windows theory as, for exam-

ple, stated by Harcourt (1998), who considers the approach an oversimplified tale of 

disorder and crime that 

[…] may tell us a few things about litter and public drinking. But there is 

also lurking in that description a much more complex story about urban 

decay, with complicated race, wealth, class, and ethnic dimensions, to 

name only a few. The more complex story would raise questions about 

property values, the quality of neighborhood public schools, racial de-

mographics, environmental pollution, public transportation, access to 

business loans and mortgages, and zoning laws. The life cycle of a neigh-

borhood is not as simple as the [broken windows] essay suggests (Har-

court 1998: 388-389). 

Furthermore, Harcourt (1998) exposes Kelling and Wilson’s simplistic and essentialist 

understanding of disorder. With the broken windows approach, they install a dichot-

omy of orderly and disorderly behavior and conditions and assume clarity about the 

nature of these categories as they detail them in their exemplary definitions. The cat-

egories of order and disorder, respectively, are then ascribed to certain groups of 

people, who are attributed fixed identities as either orderly and law-abiding citizens 

or disorderly and disruptive elements. While the former react to disorder by retreat-

ing from public spaces or fleeing troubled neighborhoods, the latter are attracted by 

disorderly conditions and contribute to further decay. Thus, the disorderly are de-

fined as legitimate subjects of policing who must be either removed from the com-

munity or controlled, surveilled, and disciplined. Harcourt (1998) argues that this pre-

defined understanding of (dis-)order is assumed to be universal and imposed on com-

munities from outside by enforcement through police. Thus, the category of disorder 

becomes efficacious as the disorder/order binary is translated from a discursive 

sphere into the social sphere through order-maintenance policing. Consequently, or-

der-maintenance policing creates the class of disorderly persons it presupposes. 

Thus, while Wilson and Kelling and other proponents of the broken windows ap-

proach work with a prescriptive and essentialist notion of (dis-)order, Harcourts de-

scribes this dichotomy of order and disorder as a social and scientific construct that 

becomes powerful through its practical exertion. 
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Harcourt not only challenges the theoretical underpinnings of the broken windows 

approach, however. He also highlights that the concept does not withstand empirical 

testing. Harcourt (1998) and Harcourt and Ludwig (2005) reviewed empirical studies 

that examined the disorder/crime nexus. They summarize that there is hardly any 

evidence proving that disorder leads to more crime. Only one widely received study 

on the links between disorder and crime, conducted by Skogan (1990), demonstrated 

a clear causal relation between the two. Harcourt (1998) replicated Skogan’s study 

by re-examining his data, concluding that the effects of disorder on crime, as Skogan 

supposes, are not reliable due to flaws in the data set that he evaluates and other 

methodological shortcomings (Harcourt 1998). Harcourt and Ludwig’s skepticism re-

garding disorder as a cause for crime is shared by numerous other researchers (Gau 

& Pratt 2008, Hinkle & Yang 2014, Hirtenlehner 2009, Hirtenlehner & Groß 2018, 

Hummelsheim-Doss 2017, Matthews 1992, Pickett et al. 2012, Sampson & Raud-

enbush 2004, Snell 2001, Wang 2012). 

Reviewing research on the broken windows thesis in 2015, though, Skogan comes to 

a different result. He examined studies investigating the effects of disorder on urban 

decay and found broad empirical support for the thesis that disorder contributes sub-

stantially to the decline of urban neighborhoods. He states that 

Disorder, independently but always in tandem with conventional crime, 

plays a role in undermining the stability of urban neighborhoods, under-

cutting natural processes of informal social control, discouraging commu-

nity stability, and stimulating fear of crime (Skogan 2015: 17-18). 

Yet his review states that most studies on disorder and urban decay highlight that 

there are strong links between social inequality, social exclusion, poverty, and disor-

der. Thus, it remains unclear whether disorder can be considered a root cause for 

urban decay or if it instead functions as an intervening variable. Moreover, Skogan 

(2015) establishes that the key assumption of the broken windows thesis has yet to 

be proven: “In residential areas, disorder may attract and encourage victimizing 

crime. This contention, which lies at the heart of the broken windows thesis, may be 

the least well-documented claim in the literature” (15). 
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Furthermore, studies regarding the fear of crime show that the dynamics between 

disorder and perceived security are not as clear as Skogan’s review may suggest. Ra-

ther, they are complex and contingent. Following the broken windows thesis, disor-

der spurs the fear of crime. This perception of insecurity and a lack of social control 

then fosters crime, as it drives law-abiding citizens out of their neighborhoods and 

makes orderly residents retreat from public space. But the fear of crime is based on 

numerous factors, such as media coverage of crime, personal experiences of victimi-

zation, age, gender, education, social status, economic trends, neighborhood stigma, 

social trust within a neighborhood, and racial, ethnical, cultural, and classist stereo-

types. The perception and assessment of disorder also varies along these dimensions 

(Blokland 2011, Gau & Pratt 2008, Hinkle & Yang 2014, Hirtenlehner 2009, Hirten-

lehner & Groß 2018, Hummelsheim-Doss 2017, Matthews 2014, Mc Garrell et al. 

1997, Millie 2008, Pickett et al. 2012, Sampson & Raudenbush 2004, Snell 2001, Wang 

2012). 

Consequently, what is perceived as disorder, by whom, and under which circum-

stances is context dependent. If disorder is then furthermore perceived or assessed 

to be threatening or unsettling also depends on context. A group of people, a certain 

behavior, or a physical condition can be perceived as disorderly and threatening by 

one person in one place, while it might be considered normal and familiar by another 

person in another place. Thus, the evidence for the broken windows thesis is incon-

clusive. Disorder might contribute to fear of crime and the perception of insecurity, 

but it is only one element among many that do so. Furthermore, the perception and 

assessment of disorder varies by individual and context. 

Despite these mixed assessments of the disorder/crime-nexus, the broken windows 

approach has been established as a standard strategy in American policing and pro-

liferated globally. As the implementation of order-maintenance policing in New York 

co-occurred with massive crime drops in the city, this style of policing is widely her-

alded as the key factor of the New York crime decline in public discourses. The alleged 

positive effect of broken windows policing on crime rates was then taken as further 

proof of the validity of the broken windows approach by its proponents (Bratton 

1998a, Dennis 1998, Heymann 2000, Kelling & Bratton 1998, Kelling & Sousa 2001, 
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Livingston 1997, NYPD 2015). However, this perspective has been challenged from 

the beginning. 

Various authors have noted that it is difficult to isolate a single factor underpinning 

the crime decline in NYC. Rather, there was an entire bundle of components that 

contributed to crime plummeting in the city. Numerous developments have been 

named as factors for reducing crime in NYC and, generally, the US: more cops hired; 

the implementation of hotspot policing through CompStat; the end of the crack epi-

demic, the stabilization of local drug markets, which led to less gang violence; stricter 

gun laws and enforcement of gun laws; an increasing prison population; demographic 

changes with fewer juveniles; the legalization of abortion; a sustainable economic 

boom that resulted in decreasing unemployment rates; and increasing household in-

come. Studies on the effects of these factors on the crime decline disagree on which 

of these elements were essentially responsible for the decrease, but there is little 

evidence that broken windows policing represents the decisive or even a minor factor 

(Baumer & Wolff 2014, Eck & Maguire 2000, Eterno & Silverman 2012, Levitt 2004). 

Rather, numerous studies conclude that broken windows policing does not impact 

crime rates (Baumer & Wolff 2014, Eck & Maguire 2000, Harcourt & Ludwig 2005, 

OIG-NYPD 2016). 

Eck and Maguire (2001) even conclude that the police themselves do not have a 

“broad, substantial, independent impact on crime rates” (249). The police must be 

viewed as only one actor within a network of actors relevant to crime and urban se-

curity, such as schools, social workers, families, churches, and neighborhood commu-

nities. Furthermore, in their meta-study, Baumer and Wolff (2014) indicate that it is 

still unclear if the crime drop in NYC is a unique case that can be explained with local 

conditions and dynamics. Crime rates had begun to decline in New York before Brat-

ton took office, and they were declining nationwide. Examining other large cities in 

the US, it becomes clear that crime numbers decreased even when police followed 

strategies other than broken windows policing. Thus, crime’s decline may have been 

largely stimulated by general economic and social dynamics. Baumer and Wolff 

(2014) therefore suggest that further research should investigate NYC’s crime drop 

as part of a nationwide or even global trend instead of focusing on local conditions. 
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The weak evidence for the effectiveness of broken windows policing enhances the 

criticism of broken windows policing, as its critics highlight that the social costs of this 

approach exceed the alleged peace dividend that lower crime rates should provide 

for New Yorkers (Bratton 1998a, NYPD 2016a). 

2.1.2 The benefits and costs of broken windows policing 

As mentioned above, the NYPD’s approach to quality-of-life policing was criticized for 

targeting poor, Black, and Latinx New Yorkers with aggressive policing tactics soon 

after its installation. Smith (2001: 71) states that “[z]ero tolerance policing has en-

couraged race and class profiling that places a premium on street arrests of suspects 

while minimizing concerns about evidence.” 

Policing activities that indicate a quality-of-life strategy have increased with the im-

plementation of broken windows policing. These activities include misdemeanor ar-

rests and summonses. Even though the numbers of broken windows-related 

measures have declined over the last years, they remain at a high level (NYPD 2015, 

NYPD 2016a, OIG-NYPD 2016). These enforcement activities do not pertain to all New 

Yorkers to the same extent. Poor Black and Latinx populations are the primary sub-

jects of these measures (New York Advisory Committee to the U.S. Commission on 

Civil Rights 2018; Fagan et al. 2015; OIG-NYPD 2016; Police Reform Organizing Project 

2016, Police Reform Organizing Project 2018). These selective enforcement strate-

gies have spawned stark criticism. 

Research conducted and funded by the NYPD has responded to this criticism by ex-

amining racial disparities in arrests, summonses, and street stops (NYPD 2015, NYPD 

2016, Ridgeway 2007), concluding that racial disparities are not as obvious as as-

sumed and displayed by its critics. Furthermore, according to them, discrepancies in 

arrest, summons, and stop rates can be explained by the NYPD’s approach of hotspot 

policing, which focuses officers’ activities on high crime areas. Higher arrest, sum-

mons, and stop rates among certain populations thus reflect that hotspots are mostly 

found in minority neighborhoods. Consequently, targeted policing efforts result in 

higher arrest rates among minority populations (NYPD 2015, NYPD 2016a, Ridgeway 

2007). Furthermore, the NYPD (2015, 2016) states that large parts of its quality-of-

life activities are initiated by resident calls for service, and arrests made based on 
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suspect descriptions. Hence, racial disparities should not be ascribed to racially bi-

ased policing practices but to targeted policing efforts that most benefit the commu-

nities that are the primary subjects of these efforts. 

Despite the ongoing debate about the extent of racial disparities in policing measures 

and the reasons for these disparities, the criticism of the NYPD’s policing strategies – 

labeled as broken windows, quality-of-life, or order-maintenance policing – has re-

mained strong. Debates surrounding these controversial policing approach gained 

further momentum in the wake of the stop and frisk controversy. Under Commis-

sioner Kelly, the NYPD pushed a strategy focusing on street stops to prevent and de-

ter crime. This strategy also targeted crime hotspots, mostly in minority neighbor-

hoods. Here, cops were encouraged to make use of Terry stops, in addition to the 

department’s confrontative broken windows tactics. Terry stops permit cops to stop, 

question, and frisk individuals based on reasonable suspicion to prevent imminent 

criminal offenses. As a result of their systematic and strategic implementation as a 

routine practice, 685,724 stops were made by officers at the peak of the stop-and-

frisk program in 2014. The majority of stops were conducted on Black and Latino 

males (Fagan et al. 2005, 2015; Fagan & Davies 2000; New York Civil Liberties Union 

2014). The number of stops plummeted drastically to 11,629 in 2017 as the United 

States District Court for the Southern District of New York ruled that the execution of 

Terry stops as conducted by the NYPD were unconstitutional and racially discrimina-

tory (New York Civil Liberties Union 2019, United States District Court for the South-

ern District of New York 2013). 

Against this backdrop, critics noted that minority communities were simultaneously 

underserved and overpoliced, as the NYPD would ignore community needs while 

oversaturating minority neighborhoods with cops pursuing confrontative policing 

practices, which was experienced as an occupation by police forces: 

The New York City police force systematically withholds protective ser-

vices from minority victims of crime, while simultaneously stopping and 

frisking hundreds of thousands of innocent black and brown citizens on 

the streets for no legitimate reason. Hundreds of hours of secret record-

ings by a disgruntled New York City cop prove beyond question that the 

most aggressive forms of institutional racism are the guiding manage-

ment principles of the NYPD. Just as the Black Panther Party and others 

https://en.wikipedia.org/wiki/United_States_District_Court_for_the_Southern_District_of_New_York
https://en.wikipedia.org/wiki/United_States_District_Court_for_the_Southern_District_of_New_York
https://en.wikipedia.org/wiki/United_States_District_Court_for_the_Southern_District_of_New_York
https://en.wikipedia.org/wiki/United_States_District_Court_for_the_Southern_District_of_New_York
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charged two generations ago, the New York City police are revealed as an 

occupying army that views residents of color as an enemy population 

(Ford 2010 in Eterno & Silverman 2012: 227). 

This statement shows how aggressive and targeted policing approaches potentially 

harm police–community relations and police legitimacy. 

Ford’s description of the NYPD as an occupying army is supported by accounts of New 

Yorkers of Color, as compiled by the Police Reform Organizing Project (2013a, 2013b) 

and the NYCLU (2017). The problematic relation between targeted broken windows 

policing and police legitimacy, especially in minority communities, is supported by La 

Vigne et al. 2017; Fagan & Davies 2000, Fagan et al. 2015, Rengifo & Slocum 2014, 

Rosenbaum 2006, Weisburd et al. 2015, and Tyler et al. 2015, who establish that the 

widespread use of broken windows policing – focusing on stops, summonses, and 

arrests – diminishes police legitimacy and trust in police. Furthermore, Tyler et al. 

(2014) demonstrate that this lack of legitimacy and trust may impair willingness to 

cooperate with police and make criminal behavior more likely. 

Their study also finds that the quality of civilian encounters with the police impacts 

the level of police legitimacy observed. When citizens experience disrespect and un-

fairness, police legitimacy decreases. The experience of disrespect and unfairness, 

among other factors, is related to the quantity of stops that a person experiences or 

has witnessed. Both indicators negatively impact the experience of police encounters 

in neighborhoods subject to aggressive and targeted broken windows initiatives, such 

as the NYPD’s stop-and-frisk program (New York Civil Liberties Union 2017, New York 

Civil Liberties Union 2018). Furthermore, the costs of order-maintenance policing can 

be immense for the persons and communities affected as being subjected to arrests 

or summonses can result in notable repercussions on the job and housing market, 

e.g. (Center for Constitutional Rights 2012, Fagan & Davies 2000, Howell 2009, New 

York Civil Liberties Union 2018, Police Reform Organizing Project 2013a, Police Re-

form Organizing Project 2013b). 

Even those who support the NYPD’s approach as a way of new policing are aware of 

the risks of broken windows policing, such as Heymann (2000: 447): 
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[T]he new policing, in many of its manifestations, involves tactics and 

strategies which are likely to: increase the power of the state at the ex-

pense of the capacity of citizens to avoid or resist that power; invite the 

use of discretion in ways that are more likely to reveal bias than the older 

forms of policing; and increase the likelihood of particular groups of peo-

ple being subjected to embarrassment, and treated without respect on 

the streets. At the same time, the new forms of policing almost are de-

signed to be carried out beneath the radar of visibility on which account-

ability depends. Thus, there is a price to be paid for the great potential of 

the new forms of policing… 

In contrast to Heymann, the New York Advisory Committee to the U.S. Commission 

on Civil Rights (2018) does not consider the benefits of broken windows policing to 

outweigh its costs: 

The Commission (US Commission on Civil Rights, N.C.) should urge New 

York State, the New York City Mayor, the New York City Council, and the 

NYPD to completely abandon ‘broken windows’ policing as a policy so that 

(a) the potential for discriminatory practices against individuals of color is 

reduced, (b) line officers are not incentivized to punish low-level, nonvio-

lent offenses, and (c) the path to prison for individuals of color is reduced 

(53). 

Clearly the debate about the effectiveness, results, and costs of broken windows po-

licing in NYC has yet to be settled. Reviewing the research conducted on the effects 

of policing on the crime drop in NYC, Weisburd et al. (2013, 21) summarize disillu-

sionedly: “[W]e will never know whether what happened in New York was a ‘policing 

miracle’.” 

Even though scholarly assessment of the reform is inconclusive, the changes that 

were brought about with the CompStat process are widely considered to fall under a 

new model of policing divergent from the prior model of professional policing. 

Whether the NYPD’s new model of policing is labeled as new policing (Heymann 

2000), problem-oriented policing (Goldstein 1979), evidence-based policing (Sher-

man 1998, Lum et al. 2011), proactive policing (Weisburd & Majmundar 2018), com-

munity policing (US Department of Justice 1994), intelligence-led policing (Cope 

2004, Ratcliffe 2016), neoliberal policing (Beckett & Herbert 2008, Herbert 2001, 

Kaplan-Lyman 2012, Lippert 2014, Belina & Helms 2003), or new penology and new 

culture of crime control (Feeley & Simon 1992, Garland 2001, Willis & Mastrofski 
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2012) it is agreed that the New York model of policing is based on the following as-

pects: (1) captains’ accountability for crime numbers, (2) a focus on quality-of-life 

policing and hotspot policing, and (3) the use of data to analyze crime and crime 

trends as well as manage cops’ performance. 

The latter – the digitization of the NYPD’s knowledge practices – has been widely 

neglected by the research on New York police reform. Instead, scholars have focused 

on often descriptive and undertheorized studies of organizational change and the 

impact of the reform on crime rates and the relationships between the police and 

citizenry, often focusing on broken windows policing and the department’s relation-

ship with minority communities. Furthermore, CompStat, as one element of the re-

form, is oftentimes viewed as a model rather than studying its operational realities.  

This negligence is remarkable, as CompStat represents a process that integrates the 

organizational procedures carrying the NYPD’s accountability structures, data analyt-

ics enabling hotspot policing, and data monitoring measures translating its quality-

of-life approach into the daily pursuit of line officers. Thus, CompStat links organiza-

tional structures and procedures, policing strategies and practices, and information 

and knowledge practices in a sociotechnical network that serves integral functions 

for the NYPD. Still, it has not yet been analyzed as such. 

Furthermore, the NYPD, as many other police departments, has substantially ex-

panded its use of digital ICT to gather, store, share, process, and analyze information 

on crime, the city, and its population since the advent of CompStat. It has invested in 

gunshot detection systems, radiation sensors, license plate readers, smart CCTV, 

stingrays, online surveillance, data integration tools, data analysis tools, and digital 

infrastructure, such as control rooms, servers, and cable networks. Research in the 

field of policing studies and criminology, however, has widely ignored this develop-

ment in NYC. This dissertation will contribute to the study of this sociotechnical as-

semblage. 

To do so, the following subchapter will display a review of relevant literature that 

looks into the links between policing, technology, and knowledge focusing on tech-

nologies that support the police agencies efforts to produce socio-spatial knowledge 

to guide their policing strategies and practices. 
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2.2 Police and technology: Crime maps, predictive policing, and platform polic-

ing 

Police agencies use a large set of technologies for numerous purposes. Forensic tech-

nologies, like dactyloscopy, polygraphs, photography and 3-D photography, DNA 

testing, automated text analysis, and cyber forensics are deployed for criminal inves-

tigations. For surveillance purposes, police use stingrays, CCTV systems, automated 

license plate readers (ALPR), automated gunshot detection systems, and wire taps or 

online surveillance. To store, manage, share, and process the massive amounts of 

information police gather this way, they work with databases, data inquiry tools, fil-

ing systems, case processing/management software, computer-aided dispatch sys-

tems, data mining applications, and instruments to visualize and analyze data, prom-

inently GIS and growingly predictive policing applications. 

The latter technologies compose the remaining focus of this literature analysis, as 

this dissertation centers around the question of how the NYPD uses technology to 

gain a socio-spatial knowledge of the links between crime, the population, and the 

city to develop and implement policing strategies to fight street crime. Crime maps 

tie in various information and make them operational through visualization. Thus, 

they are a key tool of knowledge management, communication, and analysis within 

the NYPD’s CompStat process. In the course of this dissertation, though, it becomes 

clear that crime mapping can hardly be viewed as an isolated technological process. 

Rather, it is part of larger sociotechnical processes and constellations as maps obtain 

meaning through their connection to further technologies and processes, knowledge, 

and practices. 

2.2.1 Environmental criminology, crime mapping, and hot spot policing 

Various subsections of criminology, policing studies, and surveillance studies engage 

in questions about the links among crime, urban spaces, and the population and 

study technologies applied by police to understand those links. 

Theories of environmental criminology or place-based criminology are rooted in the 

observation that crime and criminal incidents are not distributed evenly across cities; 
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rather, they cluster spatially. Sherman defines such clusters as hotspots, which “are 

small places in which the occurrence of crime is so frequent that it is highly predicta-

ble, at least over a one-year period” (Sherman 1995: 36). The concept of crime 

hotspots then suggests that it is certain local (socio-)spatial characteristics that foster 

or hamper the emergence of crime in specific places. Thus, Sherman (1995: 37) won-

ders: “Why aren't we thinking more about wheredunit (sic!), rather than just who-

dunit (sic!)?” Crime maps can be understood as an attempt to translate these as-

sumptions of space-based criminologies into policing practices, asking the question 

Sherman wants asked. 

Studies in the field of crime mapping are mainly aimed at testing, developing, and 

expanding etiological hypothesis and theories to deliver insights for police to use to 

fight crime. Therefore, large parts of this research are application-oriented, evalua-

tive, or accompanying research testing methods, models, potentials, restrictions, and 

fields of application for crime mapping. Therefore, the vast selection of studies in the 

field of environmental criminology and crime mapping are of limited interest for the 

purpose of this literature review. They provide knowledge for police rather than 

knowledge about the police. In this way, environmental criminology and space-based 

criminology, as well as crime mapping, have produced insights that are now a well-

established segment within the police’s stock of knowledge. 

Investigating the role of digital technologies within police knowledge practices it is 

helpful, though, to look into research conducted in the field of policing studies to 

understand organizational practices and procedures surrounding technologies of po-

licing studies. Beyond that, surveillance studies offer valuable insights as they have 

emerged around questions of seeing, sorting, knowing, and exerting social control. 

Brantingham and Brantingham (1981) identify four main subjects of criminology: the 

law, the victim, the perpetrator, and the spatial and situational environment in which 

crime occurs.2 Even though the latter aspect has a long research tradition (Andresen 

 
2 This list excludes approaches investigating the social construction of crime, such as the labelling ap-
proach, critical criminology, the culture of control approach, or approaches in the field of govern-
mentality studies or gender studies, which have added substantial research to the field of criminol-
ogy over the last decades. 
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2010, Harries 1999, Weisburd & McEwan 1997), postwar criminology and the ap-

proaches prevalent within the criminal justice system were dominated by perpetra-

tor-oriented approaches intended to prevent crime through measures of the welfare 

state and social work, deterring potential perpetrators through policing and punish-

ment, and (re-)integrating offenders and potential offenders into society to prevent 

crime and recidivism. In the late 1960s and during the 1970s, this system received 

growing criticism (Andresen 2010, Garland 2001). Environmental criminology has 

contributed to this criticism. It draws on various theoretical sources, including routine 

activity theory, geometric theory of crime, rational choice theory, and crime pattern 

theory, which tries to tie in the prior approaches (Andresen 2010, Eck & Weisburd 

1995). 

These theoretical approaches are similar in that they are based upon the assumption 

that certain places and situations offer an environment, including both the built and 

social environment, that fosters crime by incentivizing criminal behavior. Potential 

offenders are conceptualized as rational actors who weigh the efforts, benefits, risks, 

and potential costs of a crime before deciding to pursue criminal activity. Conse-

quently, the social and built environment of places and situations can be designed 

and modified in ways that criminal opportunities are minimized or the act of commit-

ting a crime is perceived as too risky, too costly, or too little beneficial by potential 

criminals (Andresen 2010, Brantinham & Brantingham 1995, Chainey & Ratcliffe 

2005, Sherman 1995). 

These ideas have found their way into various practical concepts of policing and crime 

prevention. Hotspot policing, for example, targets high crime areas and places to de-

ter crime through increased police presence and, possibly, problem-oriented policing 

strategies (Braga 2017, Weisburd 2008, Weisburd & Telep 2014). Approaches such as 

Crime Prevention through Environmental Design (Jeffery 1971), Defensible Space: 

Crime Prevention through Urban Design (Newman 1972), and Situational Crime Pre-

vention (Clarke 1995), however, compile architectural and design measures to pre-

vent crime by lowering the likelihood that potential criminals would opt to conduct 

criminal activities – for example, target hardening to limit criminal opportunities or 

increasing informal social control in public places through architecture and urban de-

sign to make crime riskier. 
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The resurgent interest in place-based approaches in the fields of criminology and po-

licing was promoted by the dynamic interplay of the technological progress in crime 

mapping and the refinement of the criminological approaches that serve as the the-

oretical underpinning of crime mapping. Thus, at the intersection of criminological 

theory and technology, an active field of research has been established that intends 

to expand criminological theories and application-oriented knowledge on crime while 

also testing and expanding the fields of application for GIS tools (Chainey & Ratcliffe 

2005, La Vigne & Groff 2001,Weisburd & McEwan 1997). 

The transition from simple pin maps – which pinpoint single crime locations on a map 

– to more complex mapping applications – which integrate statistical functions to 

visualize and compare crime rates between geographic units over time or identify 

hotspots to direct policing measures and resources – have generated numerous 

methodological questions in crime mapping research: How does the scale of statisti-

cal aggregation influence the validity and operational value of crime maps? Which 

aggregate levels of statistical analysis, such as block level, census tract, precinct, 

neighborhood, borough, adjustable squares, provide valuable knowledge for police 

operations? Such questions are important, as the statistical outcome of spatial crime 

analysis varies by scale, aggregate level, and mathematical model when using the 

same set of data. What appears as a hotspot on the block level might not appear as 

a statistically significant crime cluster on the census-tract level or vice versa. Thus, 

the same set of crime data produces vastly different statistical outcomes regarding 

the question of whether or not police should target certain places with specific 

measures (Eck et al. 2005, Harries 1999, Ratcliffe 2004). 

Similar problems appear when using GIS to identify criminal incidents as hotspots. 

Various statistical models flag different spatial clusters of crimes as a hotspot and 

visualize them differently, producing divergent information with the same data (An-

selin 1995, Anselin et al. 2000, Eck et al. 2005, Getis & Ord 1992, Getis & Ord 1995, 

Goldsmith et al. 1997, Harries 1999, Mollenkopf et al. 2000). With technological and 

methodological progress, further methods for using GIS have emerged over time – 

for example, dual density mapping to identify crime trends, spatiotemporal analysis, 

exploratory and confirmatory spatial data analysis, journey to crime analysis, of-
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fender residential movement, mapping fear of crime, crime forecasting, or the visu-

alization and analysis of the links between environmental and social features and 

crime, such as infrastructures, land use, businesses, educational and social facilities, 

liquor stores, or ATMs (Anselin 1995, Anselin et al.2000, Doran & Burgess 2012, Gold-

smith et al. 1997, Goldsmith et al. 2000, Gorr & Ohligschläger 2002, Hirschfield & 

Bowers 2001, Leitner 2013, Maltz et al. 1991, Ratcliffe 2004, Ratcliffe 2010, Renolen 

1997). Thus, with growing functionalities, GIS have become more complex, which 

makes methodological research questions even more important while adding new 

fields of application. As the information drawn from GIS is used to both pursue crim-

inological research and guide policing strategies and practices, these methodological 

questions are not trivial. 

The growing capacities of GIS to integrate and process data and the more elaborate 

methods for analyzing and visualizing data have encouraged researchers and practi-

tioners to dig deeper into questions of environmental criminology and place-based 

policing strategies. Various studies test assumptions regarding the spatial and spati-

otemporal characteristics of certain crimes, such as burglaries, robberies, grand theft 

auto, assaults, or homicides, or attempt to identify the causal links between spatial 

and environmental features of places and areas and crime to be able to make state-

ments regarding the criminogenity of places (Andresen et al. 2010, Doran & Burgess 

2012, Goldsmith et al. 1997, Goldsmith et al. 2000, Hirschfield & Bowers 2001, Leitner 

2013, Maltz et al. 1991, Ratcliffe 2004, Ratcliffe 2010). Thus, with the development 

of more capable software and more refined mapping methods, place-based crimino-

logical theories and knowledge have grown more elaborate. These advances in the 

empirical and theoretical, as well as the methodological and technical knowledge, 

have also promoted place-based policing approaches, such as hotspot policing (An-

dresen et al. 2010, Chainey & Ratcliffe 2005, Duffee et al. 2000, Weisburd & McEwan 

1997). 

Hotspot policing identifies spatial clusters of crime in urban areas and targets them 

with increased police presence and, possibly, locally adapted strategies to fight crime. 

This type of policing has ascended as a standard approach of policing in the US (Lum 

2009). and it is a key element of the New York police reform, where it has been inte-

grated with the broken windows approach of policing displayed above. 
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Hotspot policing itself has become a prominent subject of research in place-based 

criminology and crime mapping, as it is evaluated for its effectiveness and the role it 

has played in the context of the substantial crime drop that numerous American cities 

have experienced over the past 25 years. Meta studies by Braga et al. (2012), Weis-

burd and Eck (2004), and Weisburd and Telep (2014) show that high crime areas ex-

perience moderate but significant reductions in crime when targeted by focused po-

licing efforts. Furthermore, hotspot policing does not appear to result in a displace-

ment of crime, as is often argued by its critics. Contrarily, surrounding areas of crime 

hotspots seem to benefit from targeted policing activities. According to Weisburd 

and Eck (2004), a key to successful hotspot policing strategies is to combine spatially 

targeted policing with problem-oriented policing measures. 

Problem-oriented policing aims at identifying the concrete local problem constella-

tions that foster crime to address specific conditions instead of just directing more 

resources at hotspots (Braga 2008, Goldstein 1979, Goldstein 1990). As outlined 

above, such a reductionist approach of hotspot policing risks alienating communities 

from police, as they feel unfairly overpoliced. That can lead to severe problems for 

police legitimacy and police–community relations, especially as it is vulnerable mi-

nority communities that are the prominent subjects of hotspot policing. However, 

Weisburd (2016) notes that hotspot policing does not necessarily yield such destruc-

tive effects. Where hotspot policing relies simply on police presence, enforcement, 

and confrontative styles of policing, it may do more harm than good, even if it leads 

to decreasing crime rates. However, when integrated with aspects of problem-ori-

ented policing, it has been proven to be an effective policing strategy (Braga et al. 

2012, Weisburd 2016, Weisburd & Eck 2004, Weisburd & Telep 2014). However, 

Weisburd and Telep (2014), as well as Braga et al. (2012), highlight that more re-

search is needed regarding the links between hotspot policing and police legitimacy. 

Research on crime mapping and hotspot policing has widely focused on deriving 

knowledge for the police by investigating socio-spatial etiologies of crime as well as 

methods and fields of application for GIS within criminology and policing. This re-

search can be helpful in understanding the capacities and functions of GIS and how 

they process and visualize data for use by the police. It says little, though, about how 

this information is integrated into organizational knowledge practices or interlinked 
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with further data, information, and knowledge to guide policing strategies and offic-

ers in the field. By that, it largely neglects a critical exploration of the social or rather 

sociotechnical construction of knowledge through the use of digital GIS by police. In-

stead, GIS appear as neutral tools deployed by police organizations to pursue their 

mission. In this instrumentalist perspective, technology may assist police, but it does 

not take a performative role in how policing strategies pan out as concrete practices 

in the field. Furthermore, the research described above does not examine the rela-

tionships between knowledge and power that emerges when police organizations 

utilize digital socio-spatial knowledge to govern urban spaces and populations. 

The same can be said about studies examining a wider range of technologies used by 

police organizations instead of focusing on single technologies, such as crime map-

ping. Large parts of this research pursue evaluative approaches assessing the condi-

tions of organizational change through the implementation of technologies or the 

effects of technologies on police organizations and their capabilities to meet their 

goal of fighting crime (Chan et al. 2001, Hummer & Byrne 2017, Koper et al. 2014, 

Koper et al. 2015). Only a few scholars take a more critical stance, measuring tech-

nologies of policing against external criteria, such as their effects on the democratic 

legitimacy of police, power relations, or those who are being policed (Byrne & Marx 

2011, Ferguson 2017, Jefferson 2020, Manning 2001, Marx 2003). 

Despite the prevalence of evaluative research for police over critical studies examin-

ing the sociotechnical construction of police knowledge and its impact on policing 

strategies and practices, which shape the ways how police control urban spaces and 

populations, there are insightful studies in the field of critical criminology, policing 

studies, and surveillance studies that have attempted to fill this void of critical reflec-

tion in environmental criminology and policing studies regarding the links between 

policing, knowledge, and technology. 

Belina (2007, 2009) criticizes the theoretical approaches of environmental criminol-

ogy as well as the practical approach of crime mapping. He accuses spatial ap-

proaches to criminology of an undertheorized space fetish that leads to oversimpli-

fied assumptions regarding the emergence of crime by stripping it of all its social 

characteristics, which could add to substantial explanations of crime as a social phe-
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nomenon. To him, the claim that environmental criminology and the policing strate-

gies based on it identify and address root causes of crime represents a gross misstate-

ment. “Once crime is statistically registered and mapped, it’s not racism, poverty, or 

labeling processes that form the ‘underlying causes’ of crime but bus stops and shop-

ping malls” (Belina 2009: 200; translation N.C.). 

Space-based criminology mistakes spatial correlations for underlying causes of crime. 

Crime maps reify this false abstraction and translate it into policing practices. While 

doing so, “[c]rime mapping reveals information, but it also conceals many underlying 

social processes not shown on the maps” (Manning 2001: 98). At the same time, 

crime maps obscure the social and cultural practices by which they are constructed 

(Manning 2001, 2008). For example, Belina (2009) states that crime statistics, which 

form the data source for mapping, say more about police activity than they say about 

crime. Areas with high police activity also show more crime. Thus, hotspot mapping 

and policing statistically reproduce the hotspots they identify and address. Conse-

quently, maps legitimize and contribute to policing strategies that further target ar-

eas that have been historically subjected to intense police intervention. In NYC, these 

are mainly poor Black and Latinx neighborhoods. Moreover, crime maps hide these 

dynamics, as they are considered evident and valid tools for understanding crime that 

represent crime as it occurs (Belina 2009, Jefferson 2020, Manning 2001, Manning 

2008). However, they merely represent the crime registered by police. Thus, Belina 

highlights the limited analytical value of maps; they cannot explain crime but simply 

help to develop hypotheses, which then need further analysis and testing. 

2.2.2 Crime mapping and predictive policing in action 

The social and cultural practices surrounding crime maps are also one of the main 

focuses of Manning (2008). He investigates the use of data analysis technologies by 

three police departments in the US, using a Weberian approach to analyze the impact 

of crime mapping and crime analysis on the organizational rationalities of policing, 

the organizational procedures of processing information, and thereby, on policing 

practices in the field. Manning’s ethnographic study focuses on the situational nego-

tiation of knowledge in crime meetings, which are held in all three of his case studies. 
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Here, he disentangles how crime maps are embedded in cultural practices of under-

standing. Other than this dissertation, he does not examine the consequences of the 

digitization of police knowledge practices for the organization in the city at large or 

its impact on the urban. 

Manning describes police organizations as “low-tech organizations” (Manning 2008: 

61) with a “traditionally strong oral culture” (Manning 2008: 19), yet he considers 

technological innovations to be the key drivers of organizational change in police de-

partments. According to his observations, innovations in policing hardly affect polic-

ing practices on the ground. Instead, they usually remain at the executive levels. He 

highlights, though, that where technology-driven change appears, it can only be un-

derstood by analyzing the social and cultural practices and discourses that shape the 

use of technologies and, thereby, the effects they have on organizations. To him, 

“[t]he idea of technology is more important than the materiality of technology be-

cause it is the ideas that drive its installation, social shape, aesthetics, and uses”  

(Manning 2008: 63). Consequently, Manning (2008: 68) suggests that “technology in 

every case is the dependent variable, not the independent variable.” This strict sepa-

ration of the technological and material sphere from the social and discursive sphere, 

with the latter explaining the prior, marks a clear distinction from approaches such 

as ANT or the assemblage approach, which inform this dissertation. 

These latter approaches highlight the performative contributions of technologies and 

materialities to social phenomena, formations, and processes. Manning’s methodo-

logical premise, however, discounts technologies as an explanation for social dynam-

ics in policing. This assessment is somewhat remarkable, as he notes that ICT play a 

crucial role in police knowledge practices by enabling agencies to communicate and 

link data and facts stemming from single incidents to produce operational infor-

mation on crime patterns and trends, as well as on spaces and populations, which 

can be used to guide strategies and practices. Furthermore, he describes how tech-

nological restrictions and qualities – database structures, the interoperability of da-

tabases, the functionalities of GIS, the capacities of data analysis software, the usa-

bility of software interfaces and other technical aspect including the materiality and 

technicity of crime mapping and crime analysis processes – shape how data is linked 
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and visualized. Furthermore, he describes how data and information, travelling 

through police organizations, are translated between human actors and technologi-

cal agents and alter their shapes, forms, and meanings as they are repeatedly de- and 

re-contextualized. 

But even though Manning displays these sociotechnical processes of assembling data 

and information, he discards them analytically, merely treating them as the material 

context of police knowledge practices. Thus, as for Manning “all police technologies 

are embedded in a horizon of possibilities, and their use is not determined by the pres-

ence of a technology but by current practices” (Manning 2008, 80), crime meetings 

make the focal point of his analysis. They are the places where the maps – which are 

the result of the sociotechnical processes he describes but disregards – are discussed 

and thus deciphered. Here, they function as social objects, presenting an intersubjec-

tive reality to the participants of the meetings who negotiate the meaning of the dis-

played reality by deciphering the symbols and icons through shared mini narratives 

that connect the information on the maps. Thereby, crime maps serve foremost to 

stimulate and subsequently guide conversations about incidents in the field. 

He concludes that police organizations increasingly communicate about crime based 

on the use of crime analysis and mapping. Yet these conversations are mostly cen-

tered around conventional police knowledge: case information, experience, and an-

ecdotes, rather than statistical insights. Manning hardly observed any discussions in-

tegrating information on crime patterns and trends or spaces and populations that 

would enable a more thorough analysis, therefore leading to operational innova-

tions. In contrast, the meetings generally resulted in strategies comprised of conven-

tional tactics and practices. Thus, Manning does not see major changes in policing 

being facilitated by the use of crime analysis and crime mapping tools. He under-

stands police work as inherently incident-driven, which is, to him, a major impedi-

ment to translating information on crime patterns and trends, spaces and popula-

tions into a more risk- and future-oriented type of policing based on data analysis and 

crime mapping.  
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[T]he entire organization is shadowed by the incident focus of the patrol 

division and the salience of the here and now. This makes gathering sys-

tematic needed information that reflects past decisions, aggregated ma-

terials, or future planning something of a crisis, or a refrigerator on the 

desk (Manning 2008: 260). 

This assessment leads him to the conclusion that “Metaphorically, databases and 

their links, the terminals, even computers, are really only ‘dumb pipes’ through which 

data flow” (Manning 2008: 260). This assessment is surprising given Manning’s de-

scriptions of the sociotechnical processes that integrate various types of data to cre-

ate the sets of information visualized by maps. Yet it is consistent with Manning’s 

methodological approach, which focuses on the situational discussion of crime maps, 

while casting the sociotechnical practices that lead to these discussions aside as mere 

context. Others ascribe the technologies of gathering, storing, sharing, and pro-

cessing data a more transformative role in the trajectory of policing. 

Examining the impact that digital technologies have on the risk communication of 

police agencies, Haggerty and Ericson (1997) note: 

Communication systems are not only conduits through which knowledge 

is transferred. Rather, they have their own logics and autonomous pro-

cesses. They govern institutional relations and circumscribe what individ-

uals and their organizations are able to accomplish. There is not just an 

event in the world and then communication about it. The event is called 

into being, made visible, and responded to through the rules, formats, and 

technologies available in the communication system. The communication 

system makes things real. An understanding of the ways in which police 

work is done thus requires analysis of the logics and processes of the com-

munication system the police participate in. These logics and processes 

direct how the police are organized and assessed (Ericson & Haggerty 

1997: 4). 

In contrast to Manning, the authors consider ICT as a constitutive part of police work. 

Accordingly, they argue that technological changes promote changes in policing. De-

ploying a Foucaultian lens of surveillance studies, they diagnose that advances in sur-

veillance technologies and knowledge management systems have contributed to an 

epistemic and practical shift in policing. Police work has always been knowledge 

work, but with the ongoing digitization of police work, police organizations are grow-

ingly focused on surveillance practices that identify, define, and communicate risks, 
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addressing these risks with policing measures. This process shifts the focus of policing 

from controlling crime and deviance to managing risks so as to foster security. 

Without highlighting the crucial role of digital surveillance technologies and 

knowledge management systems, other scholars in criminology and surveillance 

studies share Ericson and Haggerty’s assessment that the focus of police work – or, 

more generally, of the criminal justice system – has shifted from dealing with deviant 

acts, criminal incidents, and the people committing them to identifying future risks 

to prevent crime and foster security (Belina 2009, Feeley & Simon 1992, Feeley & 

Simon 1994, Garland 2000, Garland 2001, O’Malley 1992, Sanders & Hannem 2012). 

This process is often described as a late modernist development from a penal welfar-

ism (Garland 2001) to a new penology (Feeley & Simon 1992, Feeley & Simon 1994) 

or actuarial justice and reasoning (Feeley & Simon 1994, O’Malley 1991). 

The police’s risk communication is based on technological means that shape and in-

form the knowledge processes undertaken among various actors and between the 

different hierarchical levels within police organizations, as well as with various actors 

outside of police departments. Hence, knowledge and risk must be understood as the 

results of the sociotechnical processes of risk communication. These processes not 

only enable the police to generate knowledge about urban spaces and populations 

and their links to crime and risk, but also about police itself. They facilitate internal 

control as they integrate and align the various hierarchical levels of police organiza-

tions. 

Such processes of knowledge and control can be described as a division of labor that 

brings together various intersecting, complementary, and conflicting types of 

knowledge. Ericson and Haggerty highlight that this division of labor and the conflicts, 

contestations, and negotiations it implies have remained underresearched to date. 

Thus, this dissertation investigates the sociotechnical processes that are carried out 

within the NYPD to generate knowledge about crime, the city, and its population, 

thereby identifying, defining, classifying, and sorting risks and contingencies, spaces 

and places as well as urban populations to tackle uncertainties and risks. Its aim is to 

elucidate how the NYPD produces territorial risk knowledge to govern urban spaces 

and populations, thereby adding to the socio-spatial configuration of the city. 
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Numerous scholars who research policing and surveillance conclude that police 

knowledge practices are fundamentally shaped by the technologies used to gather, 

store, share, and process information to develop policing strategies. Examining the 

latest developments regarding ICT and the emergence of big data, they share Ericson 

and Haggerty’s assessment that police work is drifting toward a stronger emphasis 

on surveillance as monitoring, sorting, and risk-assessing populations and spaces, 

thereby moving toward more future-oriented policing practices (Brayne 2017, Fergu-

son 2012, Ferguson 2017, Joh 2014, Joh 2016, Koops 2009, van Brakel & de Hert 

2011). This trend is most obvious in predictive policing, which is increasingly imple-

mented by police organizations worldwide and has thus advanced to be a prominent 

topic in the field of policing studies, criminology, and surveillance studies. 

The term “predictive policing” describes the digital tools for analyzing large bulks of 

data applied by police to forecast crime and develop and deploy preventive policing 

strategies accordingly. Perry et al. (2013) discern four basic types of predictive polic-

ing based on their distinctive analytical objectives: 

• Methods to predict spaces at risk of taking certain crimes at particular times, 

• Methods to predict offenders of crime, 

• Methods profiling individuals to match past crimes, and 

• Methods to predict individuals likely to be the victims of crimes. 

For the purpose of this dissertation, the first type of crime forecasting is of most in-

terest, as it aims to generate spatial knowledge to guide policing strategies and prac-

tices. Furthermore, it is currently the most common method in predictive policing. 

Over the past years, numerous companies and police organizations have developed 

software applications forecasting urban spaces, which are the most likely to experi-

ence series or spikes of certain crimes. To compile such risk scores, predictive policing 

tools lean on different theoretical assumptions and use distinct analytical models and 

data. Even though, prediction software in general tends to grow in their functionali-

ties and abilities to integrate and process data (Egbert 2019, Kaufmann et al. 2019), 

the capacities and complexities of software applied by police organizations vary from 

case to case. While some departments may use simple spread sheet functions to pro-



 

 68 

cess their data for patterns, assisting them in identifying places at risk, other depart-

ments may deploy complex analytical software mining data from various internal and 

external sources and databases by applying advanced integrated algorithmic models 

and machine learning (Bennett Moses & Chan 2018, Perry et al. 2013). 

However, there are two basic approaches of data analysis applied for predictive po-

licing that can be discerned. One approach focuses on police crime data to identify 

crime series from spatiotemporal crime clusters. Once a series with specific spatial 

characteristics is identified, areas that may become targets of this series are marked 

as risky and can thus be addressed with policing measures. This approach is based on 

the near-repeat theory and routine activity theory of crime (Perry et al. 2013). The 

approach of risk terrain modeling (Caplan & Kennedy 2016, Kennedy et al. 2011), 

though, aims at identifying environmental elements that are typical for a certain 

crime hotspot by statistical tests. Once a set of risk factors has been found, urban 

spaces that offer a similar set of risk factors are flagged for police intervention. Vari-

ous predictive policing applications integrate assumptions from both approaches into 

their statistical algorithmic models for crime forecasting (for an overview of the vari-

ous approaches of predictive policing, see Ferguson 2017, Kaufmann et al. 2019, 

Perry et al. 2013). 

Although predictive policing has created quite a buzz and is increasingly proliferated 

as an intelligence model and policing strategy across the US and beyond, it is yet un-

clear whether it helps police to fight crime more efficiently as its advocates promise. 

Independent evaluations of predictive policing’s effects on crime rates are still scarce 

(Bennett Moses & Chan 2018, Egbert 2017, Gerstner 2018, Gluba 2014, Perry et al. 

2013). Mohler et al. (2015) studied the effect of predictive policing on crime rates in 

randomized controlled field trials in Los Angeles (CA) and Kent (UK). Comparing the 

epidemic-type aftershock sequence (ETAS) model to crime analysts’ predictions of 

short-term crime risks, they found that ETAS predicts crime with a higher accuracy. 

Furthermore, they noted a significantly stronger decrease in crime in areas patrolled 

based on ETAS predictions than in those patrolled based on analysts’ risk assess-

ments. They conclude that predictive policing can support police efforts to prevent 

and disrupt short-term crime trends. However, other independent studies conducted 
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on the effects of preventive policing show that predictive policing has little to no im-

pact on crime rates or are inconclusive (Bennett Moses & Chan 2018, Egbert 2017, 

Gerstner 2018, Gluba 2014, Hunt et al. 2014, Meijer & Wessels 2019, Perry et al. 

2013). 

Knobloch (2018) and Egbert (2019), though, suggest that despite the difficulty of 

measuring predictive policing’s contributions to crime control, the implementation 

of predictive policing may foster intelligence-led policing approaches by promoting 

the use of data and data analytics in developing crime fighting strategies. Thereby, it 

facilitates streamlining data and knowledge management processes and increases 

communication on crime and crime strategies within police departments, which can 

lead to better informed policing approaches. To utilize these potentials and translate 

them to the operational level, police departments must organizationally and cultur-

ally adjust to technological demands and develop training curricula that enable their 

members to operate predictive policing tools and understand and apply the infor-

mation they offer (Babuta 2017, Gerstner 2018, Perry et al. 2013). 

While there is a lack of independent studies assessing whether predictive policing 

meets the expectancies and narratives driving its diffusion, its rapid rise has been 

accompanied by critical exploration from the start. Ethical considerations surround-

ing predictive policing range from the legal ramifications of predictive policing to the 

discussion of technological flaws of data-driven policing that may disguise or even 

“tech-wash” discriminatory bias in police decision making leading to questions of po-

lice legitimacy and accountability. 

The idea to target certain areas – and thereby the population living in and frequenting 

these areas – with intensified policing measures based on probabilistic calculations 

of future risks conducted by opaque sets of algorithms has drawn legal criticism, be-

cause it may hamper fundamental rights and civil liberties. As predictive policing re-

lies on the use of large amounts of data, concerns regarding privacy and data protec-

tion regulations have been espoused by numerous scholars (Babuta 2017, Brayne 

2017, Ferguson 2012, Ferguson 2015, Koops 2009, Selbst 2017, Utset 2017). These 

concerns may be foremost related to predictive approaches focusing on individuals, 

yet with the growing capacities of forecasting tools to gather and process data from 
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various sources, questions regarding the use of information that could be personal-

ized during analytical endeavors become relevant when looking into spatiotemporal 

approaches of predictive policing. 

Against the backdrop of this growing opacity of processes of gathering and processing 

data that feed into generating suspicion, controlling spaces, populations, and individ-

uals as well as into conducting investigations and pursuing trials, debates about pos-

sible infringements of due process and criminal procedure laws and the 4th amend-

ment have emerged (Ferguson 2012, Ferguson 2015, Koops 2009, Selbst 2017, Utset 

2017, van Brakel & de Hert 2011). These debates have not yet produced policies for 

addressing predictive policing’s challenges to the legal framework of criminal justice. 

These legal issues are closely intertwined with the specific technicity of predictive 

policing applications. But the ways these tools gather, store, and process data not 

only present a legal challenge; they also question the discriminatory bias in policing 

as well as police transparency and accountability. 

Data sets, data quality, algorithmic models, and operational routines constitute crime 

forecasts, which guide policing strategies when following the predictive policing ap-

proach. Yet the presumptions, decisions, and practices that underlie software-aided 

decision-making are black boxed by the technology that incorporates them. Thus, the 

assumption of neutral data, codes, and software may disguise, perpetuate, and in-

tensify biased policing practices (Bennett Moses & Chan 2018, Ferguson 2017, Jeffer-

son 2020, Kaufmann et al. 2019, Lum & Isaac 2016, Richardson et al. 2019, Selbst 

2017). This risk is again demonstrated by the quality of police data, as mentioned in 

the context of crime mapping. 

Crime data reflects police activities more than crime as it occurs. When police focus 

on certain neighborhoods and apply stricter enforcement practices, it is mirrored in 

the data used to predict future hotspots. Thus, areas of high police activity are likely 

to receive high-risk scores for future crimes. In this case, predictive policing follows a 

self-affirming path that continues to flag areas of recent activity as high risk. This dy-

namic may then create unjust discrimination for those who are the subject of policing 

in these high-risk areas (Bennett Moses & Chan 2018, Jefferson 2020, Ferguson 2017, 

Kaufmann et al 2019, Lum & Isaac 2016, Richardson et al. 2019, Sanders and Hannem 

2012, Selbst 2017). This effect can be particularly harmful in areas with a history of 
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strained or conflicted relationships between the police and the public due to illicit 

and biased policing practices, as Jefferson (2020), Richardson et al. (2019) and Sand-

ers and Hannem (2012) note. Thus, bad data leads to bad predictions leads to bad 

policing. This pattern, in the case of the US and NYC, particularly, affects Black and 

Latinx communities, which have been the longstanding subjects of overpolicing, crim-

inalization, and incarceration. 

However, this dynamic is hidden and perpetuated by data and code when translated 

back into policing practice, which is now “tech-washed” meaning legitimized by a 

trusted technological process which is considered to deliver neutral and unbiased re-

sults (Edwards 2016, Sanders & Hannem 2012, Selbst 2017). Therefore, Selbst (2017: 

194) concludes:  

Given the history of discriminatory policing, no technology or police prac-

tice should ever be adopted without investigating how it impacts minority 

populations. Society cannot afford to let the allure of new technologies 

blind people to the systemic inequalities they can perpetuate. 

And although technologies such as predictive policing require critical investigation of 

the policing practices they promote, their opacity can further hamper public scrutiny 

of police decision-making processes and policing practices, thus impairing police ac-

countability and legitimacy (Bennett Moses & Chan 2018, Ferguson 2017, Kaufmann 

et al. 2019, Richardson et al. 2019, Selbst 2017, van Brakel & de Hert 2011). 

Moreover, as the role of computer-aided decision-making processes and the com-

plexity of software systems grow, it is also harder for the people operating crime 

forecasting tools, using the information they offer, and executing policing strategies 

in the field to understand and question the underlying decision-making processes. 

Thereby, predictive policing may impede critical scrutiny of the police not only by the 

public but by its members as well (Bennett Moses & Chan 2018, Ferguson 2017, Kauf-

mann et al. 2019, Selbst 2017). 

The criticism summarized here refers to the sociotechnical character of knowledge 

production in spatiotemporal crime forecasting, which continues the criticism of 

crime mapping. Essentially, predictive policing can be understood as a continuation 

of the crime mapping applications discussed above. However, the constitutive role of 
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technology in police knowledge practices becomes more obvious with predictive po-

licing, as software agents conduct more complex tasks with their growing functional-

ities and increasing capacities to integrate and process data. 

Referencing this trajectory, scholars have highlighted that increasingly powerful data 

systems are moving police toward a platform policing approach (Brayne 2017, Egbert 

2019, Wilson 2019). 

Predictive policing has become platform policing. Predictive policing […]is 

morphing into larger cloud-based modular informational policing archi-

tectures, thereby generating and incorporating diverse technologies and 

data streams” (Wilson 2019: 69). 

Accordingly, research in the field of policing, technology, and knowledge must ex-

plore how police organizations increasingly gather, store, share, and process infor-

mation from various sources and through various technologies and sociotechnical 

practices to generate knowledge to develop and implement crime fighting strategies. 

With its efforts to expand its technologies of gathering data (ShotSpotters, radiation 

sensors, ALPR, smart CCTV, ...), to interlink its various databases and make infor-

mation derived from these sources accessible for data analytics (crime mapping, pre-

dictive policing, Patternizr, …) and then to its strategists, investigators, and field of-

ficers (Compstat, RTCC, LMSI, DAS) the NYPD clearly can be understood as a case of 

a platformization of policing. Thus, by looking into the co-evolution of technology, 

knowledge, and policing in New York, this dissertation wants to contribute to a 

deeper understanding of the socio-technical dynamics that drive this development 

and the consequences for police knowledge practices, policing, and the spaces and 

populations that are their subjects. 

2.3 Conclusion: What we still need to know about technology, knowledge, and 

policing 

With this chapter, I have examined literature from criminology, policing studies, and 

surveillance studies to review the main fields of research that pertain to the reform 

of the NYPD. I have discussed studies investigating the CompStat process as well as 

the scholarly debates around broken windows policing in NYC. Furthermore, I have 
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explored research on the technologies of policing, focusing on crime mapping and 

predictive policing. 

The datafication of policing has grown considerably since the advent of CompStat in 

New York. Although this technological progress is widely acknowledged for its impact 

on policing, the constitutive role that digital technologies play within police 

knowledge practices is still neglected in research. For New York, technology mostly 

appears as a research subject in studies that investigate the CompStat process, yet 

these inquiries focus largely on questions of organizational change. CompStat is 

merely understood as a management tool to facilitate and administer change and 

establish renewed accountability processes. In large parts, these studies remain de-

scriptive, evaluative, and undertheorized. They illustrate CompStat solely as a model 

instead of examining its operational realities, which interlink social practices, data 

and information, and various technologies to generate knowledge. Such instrumen-

talist depictions of CompStat as a management tool hardly provide any analytical po-

tentials for grasping the interplay of technology, knowledge, and social control. 

More comprehensive and ethnologically informed studies on CompStat deliver more 

insightful elaborations that include the use of technologies and their impact on com-

munication processes within police departments. Hence, they support an under-

standing of CompStat as a sociotechnical process generating spatial knowledge for 

police. Nevertheless, here too instrumentalist approaches of exploring the role of 

technologies within knowledge practices dominate. Technologies are considered as 

the context of social situations, and their constitutive role is analytically downplayed 

in favor of merely social and cultural processes of interpreting information and nego-

tiating knowledge. 

Despite the general dismissal of technological agents as constitutive elements within 

social processes, single studies do find effects of CompStat on operational practices 

of police organizations, as they describe how the pressure and control exerted over 

NYPD middle management and field officers through CompStat have promoted illicit 

policing practices and the manipulation of crime numbers. These dynamics have also 

contributed to a growingly critical assessment of the effects yielded by New York’s 

police reform. While the positive effects of CompStat and broken windows policing 

on crime are still unclear, the toll of the NYPD’s aggressive broken windows approach 
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on the populations who are its main targets, police legitimacy, and police–community 

relations has been underscored in recent political and academic debates. 

The use of analytical tools to generate spatial or socio-spatial knowledge for the po-

lice is the main subject of research on crime mapping and environmental criminology. 

Here again an instrumentalist understanding of technology is common, as crime 

maps are considered, designed, and applied to develop and test criminological hy-

potheses and, thereby, etiological knowledge for the police. However, this research 

neither explores the use of crime maps and police knowledge practices as sociotech-

nical constructions of knowledge, nor their impact on policing practices and, conse-

quently, the subjects of policing. 

Critical criminology and surveillance studies, however, do investigate the links be-

tween police knowledge practices, technologies of monitoring and sorting spaces and 

populations, and the ways police exert control. They find that the use of crime map-

ping fosters space-based approaches of policing that may potentially result in certain 

areas and populations being overpoliced due to the self-affirmative processes that 

unfold among policing practices, data collection by police, and data analysis pro-

cesses. Furthermore, they criticize how these dynamics are black boxed and legiti-

mized through the use of data analysis tools. 

In this strand of research, the growing datafication of police work is considered to be 

part of a larger trend of increasingly risk- and future-oriented policing, which in-

creases the surveillance and control of certain spaces and populations based on prob-

abilistic risk assessments. This assessment becomes more evident with the advent 

and proliferation of predictive policing as a technology and strategy. Predictive polic-

ing also displays a further platformization of police work as the police increasingly 

integrate diverse digital technologies, as well as internal and external datasets, to 

develop crime fighting strategies; identify, track, and monitor risky places, persons, 

and populations; and conduct investigations. 

Based on these observations, police work appears as a heterogeneous assemblage 

that joins distinct elements, such as individuals, groups, practices, discourses, tech-

nologies, and various types of data, information, and knowledge from numerous 

sources. With this growing complexity, the question of how knowledge is produced 
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among these diverse elements to develop and guide policing strategies and practices 

becomes increasingly important. Thus, this dissertation furthers this area of research 

as it has been opened by critical criminology and surveillance studies.  

It therefore pursues the following theses based on the research into New York’s po-

lice reform and the digital technologies applied by police to generate socio-spatial 

knowledge to guide policing practices: 

• The increasing digitization of police work leads to a growing platformization of 

policing, which alters police practices of generating knowledge, risk, and suspi-

cion. 

• This platformization of police work promotes space-based, risk-, and future-

oriented approaches of policing, which identify risky spaces and populations, 

targeting them with increased policing, surveillance, and control measures to 

foster urban security. 

• The increasing digitization of police work thus facilitates the fragmentation of 

the urban security landscape as policing focuses on particular risk spaces and is 

adapted to local conditions. 

• The increasing digitization of police work contributes to more effective pro-

cesses of internal accountability and control, which align cops with the strate-

gies developed at the executive level. Simultaneously, this development cre-

ates new conflicts and contestations between various organizational levels and 

actors. 

• Growingly data-driven police surveillance and knowledge practices may repro-

duce, foster, and tech-wash discriminatory effects of policing and challenge 4th 

Amendment and privacy rights. Furthermore, an increasing reliance on data 

and data analysis poses questions regarding algorithmic transparency and ac-

countability and thus police transparency and accountability. 

To test these theses, I examine the growing digitization of the NYPD’s knowledge 

practices to understand the sociotechnical construction of knowledge following 

these guiding research questions: 

• What do the data and information flows within the NYPD look like? 

• How is data gathered, stored, processed, and distributed? 
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• What is the division of labor that constitutes the department’s knowledge prac-

tices, and how is knowledge contested and negotiated among the actors, tech-

nologies, data, and information involved? 

• How does the NYPD monitor, sort, and control urban spaces and populations 

to identify certain risks, spaces, and populations as the subjects of policing? 

• How is this knowledge translated into policing practices? 

Answering these questions allows me to trace the co-evolution of technology, 

knowledge, and policing in NYC as it has transpired since the implementation of the 

CompStat process. To do so, I analyze the qualitative data gathered during four field 

trips to New York by mapping the actors and technologies involved in the NYPD’s 

knowledge practices and the interactions that connect them. This data consists of 

interviews with various current and former NYPD cops, employees, and policing ex-

perts, as well as city walks, on-site visits, official documents, media coverage regard-

ing the NYPD’s use of digital technologies, and technical literature on crime mapping 

and prediction, such as guidelines, handbooks, and brochures (see Chapter 4). 

Furthermore, I contribute the theoretical debate on the connections between sur-

veillance and knowledge, power and control, and urban spaces and populations in 

the age of rapid digitization and big data. With the increasing digitization of policing 

and surveillance, it is vital for critical inquiry to grasp the constitutive function of tech-

nologies to monitor, sort, and govern spaces, populations, and social processes. Thus, 

I deploy theoretical approaches from governmentality studies, ANT, and the assem-

blage approach. These approaches provide the theoretical tools and vocabularies to 

reconstruct the sociotechnical construction of spatial knowledge as it is conducted 

within the surveillance and knowledge practices of the NYPD, which inform its exer-

tion of social control over urban spaces and populations. 

3. Thinking the Links Between Technology, Knowledge, and Po-

licing 

The prior chapter has established the necessity to explore the performative role of 

ICT in police work to further understand the links and dynamics among surveillance 

and data analysis technologies, policing rationalities, police knowledge practices, and 
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policing strategies and practices, against the backdrop of the ongoing digitization or 

datafication of policing. However, there is a lack of theoretical concepts in the fields 

of policing studies and criminology that would enable research to highlight the in-

creased and further increasing functions of ICT in the realm of policing. Information 

and communication technologies are the key components of monitoring, sorting, and 

categorizing spaces, populations, individuals, and social processes, making them the 

subject of police knowledge and policing measures. Therefore, this chapter outlines 

theoretical concepts from surveillance studies and governmentality studies, as well 

as from the assemblage approach and ANT, which enable me to grasp and decipher 

the links between technology, knowledge, and policing in my case study on the digit-

ization of police surveillance and knowledge practices in NYC. 

3.1 What is surveillance and why is it important? 

Police work is conducted in a field of high uncertainty. Police organizations and their 

members in the field regularly deal with incidents, events, and developments that 

are hardly predictable and contingent in their course (Manning 2001, Manning 2008). 

To tame these uncertainties and contingencies, the police monitor spaces and places 

as well as populations and individuals and use the obtained information to identify 

suspicion and risks to direct policing measures (Ericson & Haggerty 1997). Even 

though surveillance and social sorting have been core tasks of policing since it 

emerged in its modern form, the concrete practices and procedures of surveillance 

and social sorting and the methods of exerting control that they promote are de-

pendent on the technologies utilized to gather, store, process, and communicate in-

formation. 

With the growing digitization of surveillance and knowledge practices, the im-

portance of surveillance and risk assessment for police organizations has further in-

creased (Ericson & Haggerty 1997, Feeley & Simon 1992, Feeley & Simon 1994, Gar-

land 1997, Sanders & Hannem 2012). Police have not only access to an expanding 

variety of sources and information; but also to more capable means of analyzing and 

communicating this information to develop and implement crime control strategies. 

The NYPD’s trajectory since the advent of CompStat is just one example of a general 



 

 78 

development of the datafication of policing. Consequently, the dynamics that unfold 

between technology, knowledge, and policing are an important subject of inquiry in 

understanding how police exert control over certain urban spaces and populations. 

Research in the field of surveillance studies asks questions that investigate the links 

between seeing, sorting, knowing, and exercising social control in various contexts 

and social realms. Theoretical approaches in the field draw on various scholarly tra-

ditions ranging from Karl Marx and Emile Durkheim to Max Weber and Anthony Gid-

dens, who have all highlighted the crucial functions of surveillance practices in mod-

ern societies (Dandeker 1990, Lyon 2007, Zurawski 2007). As of late, the work of 

Michel Foucault has served as a vital source for conceptualizing, theorizing, and in-

vestigating surveillance: his model of the panopticon has been widely deployed, 

tested, and modified, and his concepts of governmentality, security, and biopower 

have been fruitfully applied to the study of surveillance practices. The latter concepts 

have also received much attention in the field of critical criminology, where they have 

become a productive strand of research. Furthermore, surveillance studies and criti-

cal criminology have recently experienced a rising interest in approaches that explic-

itly aim at integrating material artifacts and technologies as research subjects, such 

as ANT or the assemblage approach (Brown 2006, Creemers 2019, Ericson & Haggerty 

2000, Kriminologisches Journal 2014, Robert & Dufresne 2015). 

Thus, this subchapter presents a brief history of surveillance to define the term for 

this thesis. The next subchapter then displays key concepts to analyze the links be-

tween seeing, sorting, and governing populations and spaces as found in surveillance 

studies and critical criminology, focusing on the idea of the panopticon and social 

sorting, before discussing the benefits of the assemblage approach for surveillance 

studies and the purpose of this dissertation. The following subchapter then intro-

duces the concepts of biopower/biopolitics, security dispositifs, and governmental-

ity. Thereafter, ANT is presented as a more techno-sensitive approach that can serve 

to critically supplement and expand these concepts. 

Surveillance studies represent a trans-disciplinary research field that draws from such 

distinct disciplines as sociology, anthropology, ethnology, political science, law, crim-

inology, geography, or engineering. The field is merely defined by its research sub-

ject: surveillance. Studies on surveillance cross into various fields of research – for 
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example, migration studies, urban studies, security studies, policing studies, science 

and technology studies, gender studies, cultural studies, and media studies. One rea-

son for this multitude of topics within the studies on surveillance is that surveillance 

is a mundane phenomenon encountered in all societal fields and countless daily sit-

uations, activities, and interactions: in the work place; in public spaces; as consumers; 

in school, while driving cars or using public transport; in individual and public health; 

public safety and welfare; when browsing the internet; or when traveling and cross-

ing borders (Ball et al. 2012, Dubrofsky & Magnet 2015, Lyon 2007, Zurawski 2007). 

People might or might not be aware of being tracked, monitored, and recorded, par-

ticipating in it voluntarily, mandatorily, or coerced. Others might ignore, accept, fight, 

or avoid it. Surveillance is ubiquitous – so ubiquitous, in fact, that some scholars see 

modern society as a surveillance society, where surveillance serves as a fundamental 

principle of social processes playing out distinctly in various sites and domains (Gandy 

1989, Lyon 2007, Lyon 1994, Murakami Wood 2009). 

But while surveillance has advanced as a key feature of modern societies, its history 

dates further back. Watching over others to care and protect – as well as guide and 

control – is an integral element of human relations among individuals and in group 

settings (Dandeker 1990, IRISS 2012, Zurawski 2014). Hence, surveillance is a critical 

social practice that serves to distinguish desirable from undesirable behavior, steer-

ing and shaping individual and collective actions toward particular goals (Dandeker 

1990, Lyon 2007). Thus, surveillance contributes to the creation of individual and col-

lective identities and a shared sets of norms, as well as to the distribution of roles 

and functions in social settings (IRISS 2012). 

Moreover, surveillance has proven to be a key technology for governments. Govern-

ing states, armies, or religious groups have developed, deployed, and refined various 

surveillance instruments and practices to gather knowledge about the individuals and 

populations they intended to control. Ericson and Haggerty (1997: 111) state that 

“[g]overning institutions have always wanted detailed knowledge of populations. The 

statistical description of populations for social and political purposes goes back to an-

cient times. Census taking, especially in support of taxation, is a form of government 

surveillance firmly rooted in Judeo-Christian cultures.” They then quote Hacking 

(1992: 140), who concludes: “Statistical description is so common among civilizations 
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that it could be called a universal of human governance.” But even if surveillance can 

be considered a historical constant and intrinsic quality of social relations, surveil-

lance has not always been a defining characteristic of society. 

Rather, surveillance technologies and practices have increasingly permeated a multi-

tude of social domains with the unfolding of modernity. Hence, numerous scholars 

consider the diffusion of the key institutions of modernity – the nation state, ration-

ally and hierarchically organized bureaucracies, and capitalist enterprises – to be 

neatly interlinked with the proliferation of surveillance in a reciprocal and self-affirm-

ative dynamic (Dandeker 1990, Foucault 1978, Foucault 1995, Giddens 1985, Giddens 

1990, Lyon 2003, Lyon 2007, Weller 2012, Zurawski 2014). Advancing surveillance 

technologies have enabled the collection of the information needed to control and 

govern individuals and populations, while the technologies and procedures of control 

and governing, in turn, made information necessary for surveillance purposes. 

Modernity is in part constituted by surveillance practices and surveillance 

technologies. In order to establish the administrative web with which all 

moderns are thoroughly familiar, personal details are collected, stored on 

file, and retrieved to check credentials and eligibility. […] [I]t is the routine, 

generalized surveillance of everyday life that became a peculiarly modern 

aspect of social relations. […] [M]odern societies were in this sense infor-

mation societies from their inception. One might equally say that modern 

societies had a tendency from the start to become surveillance societies 

(Lyon 2003: 166-167). 

With his study on “Surveillance, Power, and Modernity” Dandeker (1990) explores 

multiple societal fields that emerged in their specific modern character along the im-

plementation and diffusion of surveillance technologies and practices: the military, 

citizenship, bureaucratic administration, and the criminal justice system as central 

pillars of the modern nation state as well as the modern business enterprise. The 

author defines four criteria to differentiate pre-modern from modern types of sur-

veillance: 

1. The size of the files held in the administrative system. 

2. The degree to which those files are centralized. 

3. The speed of information flow from one administrative point in the sys-

tem to another. 
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4. The number of points of contact between the surveillance system and 

the subject populations […] (Dandeker 1990: 194). 

These criteria are also helpful when examining the changes in the surveillance and 

knowledge practices of the NYPD due to the growing implementation of digital ICT, 

as demonstrated in the later chapters. 

For Dandeker, they enable him to identify four moments of transition that have facil-

itated the emergence of surveillance as a key technology of government and admin-

istration in modern societies (Dandeker 1990: 196-197): 

1. A shift from personal to impersonal control and the increasing signifi-

cance of formal-legal regulations as the basis on which rule is exercised 

and legitimated within organizations. […] 

2. A shift from the personal and indirect exercise of supervisory and disci-

plinary powers, […] to systems of bureaucratic discipline. In the latter, 

the instruments of administrative power and the uses to which they are 

put are under the direct control of the central authorities. […] 

3. The development of increasingly elaborate and intensive systems of col-

lecting, storing, and processing the internal and external conditions of 

organizations. […] 

4. Modern bureaucratic organizations comprise not only simply manage-

rial hierarchies of specified legal competences but also an occupational 

division of labor amongst experts. 

As a result of these shifts, institutional and bureaucratic surveillance practices must 

be considered an integral aspect of the social fabric of modern societies. Modern 

surveillance is systematic, extensive, and minute, and there is a neat mesh of surveil-

lance networks gathering, storing, and processing detailed information on individuals 

and populations to steer social processes. But even though surveillance is systematic, 

extensive, and minute, it is not centralized. Instead, there are numerous institutions, 

organizations, and actors conducting surveillance activities with distinct means and 

objectives in numerous sites and contexts, such as the workplace, the market place, 

public health, public safety, and social security or in the home and leisure time, be it 

private enterprises or various public or state institutions. 

Although we are constantly monitored in one way or another we do not 

live in an Orwellian ‘Big Brother’ dystopia. […] Rather, an intricate net-

work of small surveillance societies exists, often overlapping, connectable 
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or connected, but each with their own features and rules (Koops 2009: 

104). 

Here, bureaucratic surveillance follows two directions. It monitors internal and exter-

nal processes to direct organizational actions and control processes in the organiza-

tion’s environment (Dandeker 1990). Police, for example, monitor suspects, spaces, 

and populations as much as they track their officers’ activities, as seen in the prior 

chapter regarding to the CompStat process and further demonstrated in Chapter 5, 

and business enterprises monitor their labor processes as much as they monitor their 

competition, consumers, and the markets relevant to their mission. 

The growing capacities of surveillance illustrated above are tightly interwoven with 

advancements in administrative and communicative technologies and techniques, 

such as the introduction of paper files and the typewriter, improved filing systems 

and book keeping techniques, and new means of transport and communication, 

which accelerate processes of information sharing (Dandeker 1990, Lyon 2003, Lyon 

2007). With the advent of electronic and digital ICT and the ongoing progress in this 

field, further growth has arisen in the capacities of surveillance, substantially altering 

the quality of surveillance. 

The diffusion of computer technology into all realms of society and aspects of life has 

produced new means of monitoring individual and collective actions, as well as 

spaces and social processes. Contemporary surveillance minutely pervades people’s 

everyday lives as they are increasingly digitally mediated. Furthermore, the capacities 

for storing, sharing, and analyzing the information gathered at numerous surveillance 

sites have increased massively, enabling the combination of information from various 

sources and contexts to mine, sort, and process data. Thus, various agencies can learn 

about individuals, collectives, and places, steering, governing, and controlling them 

according to distinct goals. Therefore, multiple actors in the private and public sector 

use and link various technologies to gather, store, trade, exchange, and analyze data: 

CCTV systems, electronic costumer cards, personal browsing histories, information 

obtained from open online sources and networks, self-tracking tools, databases, data 

integration tools, meta data from email services and cell phones, behavioral and bi-

ometric recognition technologies, smart city sensors, smart home devices, ALPR, ex-

pert systems, business analysis tools, data mining, profiling, machine learning, and 
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more. The objectives for using these kinds of technologies and information are as 

manifold as the information itself. 

The information can serve to identify risky behavior in public spaces, create consumer 

profiles, pinpoint medical risks, make technical systems more efficient, steer traffic 

flows, flag high crime areas, calculate credit scores, or oversee labor processes. How-

ever, it also serves to interfere in individual or collective behaviors and social or soci-

otechnical processes and categorize persons, groups, and activities as the targets of 

specific measures or for the provision of or exclusion from certain rights or services 

(for studies on various digital surveillance technologies, see: Ball et al. 2012, Lyon 

2003, Lyon 2006, Lyon 2014, IRISS 2012, Zurawski 2007). While this has always been 

the overarching goal of surveillance practices, the growing use of digital surveillance 

technologies and increasing digital mediation of everyday life has altered the quality 

of surveillance and the capacities to pursue these goals. 

Lyon (2003: 173) describes a postmodern type of surveillance that can be understood 

as a “substantive social transformation in which some key features of modernity are 

amplified to such an extent that modernity itself becomes less recognizable as such.” 

This transformation has been substantially facilitated by the growing use of digital 

information and communication technology. As the sites and agents of surveillance 

have multiplied, the exchange of information among these agents and sites has in-

creased through progressively networked information and surveillance technologies 

and practices. This growth leads to blurring surveillance sites and diminishes the con-

trol of surveillance subjects over the use of their personal information. Simultane-

ously, surveillance technologies and practices are more tightly interwoven with our 

daily lives and function increasingly subtly and invisibly, further increasing the opacity 

of surveillance processes and challenging fundamental rights, such as privacy and 

data protection. Moreover, advancing data analysis tools give rise to new types of 

knowledge generated by mining, sorting, and profiling data on individuals, popula-

tions, and spaces to address them with specific measures. This transition has fur-

thered the trend of probabilistic, future-oriented, and risk-based rationalities and 

practices of control and governing that emerged with modernity (Amoore 2013, 

Haggerty & Ericson 2000, Lyon 2007). 
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With the multiplication of sensors and sources of surveillance, acceleration of data 

flows, growingly networked databases, and progressing analytical capacities of hard-

ware and software tools, surveillance takes the form of dataveillance (Clarke 1988, 

Lyon 2003, Weller 2012) and enters the big data stage, following a trajectory of “rhi-

zomatic expansion” (Haggerty & Ericson 2000). As such, new visibilities emerge, 

meaning that previously hidden behavioral, social, and spatial processes and patterns 

can be detected, rendering them the subject of knowledge practices and measures 

to control and shape such processes and patterns according to variable goals. 

Surveillance, record keeping, and statistical calculation have facilitated modern ra-

tionalities of governance and control, which were future-oriented and risk-based, as 

statistical and probabilistic models allowed the identification of behavioral patterns 

and regularities in social processes, thus anticipating social trajectories. Once these 

trajectories were made visible, they were also constituted as strategic subjects of 

governing. Consequently, the increasing digitization of our societies has further pro-

moted future-oriented and risk-based rationalities and practices of governance and 

control as data processing and exchange have accelerated exponentially over the last 

decades and as increasingly detailed information on individuals, populations, spaces, 

and social processes has been gathered. Furthermore, more information can be pro-

cessed with more complex analytical models, resulting in new visibilities of social pro-

cesses to be addressed. 

Thus, the operational value of information increases, as it can be translated into strat-

egies and practices to exert control and steer behavior more immediately and as 

feedback loops for assessing the effects of implemented measures are shortened, so 

that more timely, detailed, and reflexive information is available. Thus, new social 

visibilities have emerged, while surveillance practices and technologies themselves 

have become opaquer due to their growing complexity. These paradox links between 

visibility and control, as illustrated above, are the central trope of surveillance stud-

ies. Traditionally, surveillance studies has strongly focused on how visibility contrib-

utes to practices of control and the exercise of power. Yet a growing interest in in-

vestigating resistance against surveillance that exerts control from above can be ob-

served. 
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Accelerating digitization and growing data collection in various contexts and sites by 

various actors with various methods and aims of processing and sharing data have 

spawned a growing interest in legal frameworks to guide and restrict surveillance 

practices. The key concepts demarcating the legal battleground of digital surveillance 

are data protection and privacy. The concept of privacy is directed at protecting in-

formation on the characteristics, dispositions, behaviors, and interactions of individ-

uals and groups against undesired and unwarranted exposure. Thus, “privacy” is 

about maintaining opacity where it is penetrated by growingly mundane and minute 

technologies and practices of surveillance. The concept of data protection, however, 

rather addresses the management of data and information flows while ensuring the 

safety of personal data by regulating its collection, the methods for analyzing and 

utilizing it, and the ways it is shared and marketed (Bosco et al. 2015a, Bosco et al. 

2015b, Gellert & Gutwirth 2012, Nissenbaum 2010, OECD 2014). Thus, data protec-

tion laws establish rules to guide and regulate the increasingly opaque technologies 

and practices of gathering, storing, processing, and exchanging data on people, 

groups, and social processes. 

Both concepts – privacy and data protection – are tightly intertwined and can be 

viewed as co-dependent (Nissenbaum 2010). Privacy counters the growing visibility 

of private life and social dynamics to maintain opacity, while data protection counters 

the growing opacity of surveillance with an attempt to promote transparency. Thus, 

“privacy is a matter of opacity, while data protection is a matter of transparency” 

(Bosco et al. 2015: 12). Privacy and data protection have value in themselves, but 

they also have increased value within the critical debates on surveillance, because 

they are closely linked to other fundamental rights and values of liberal democracies, 

such as autonomy, self-determination, and freedom of speech, as well as informa-

tional self-determination and the right to non-discrimination (Abu-Laban 2012, Bosco 

et al. 2015a, Bosco et al. 2015b). 

Therefore, research on the potentials, pitfalls, limitations, and vulnerabilities of pri-

vacy and data protection laws has heavily contributed to debates on the ethics of 

surveillance. More importantly, though, their interlinkages with other fundamental 

rights and values are why privacy and data protection are important tools and con-

cepts for the legislation and activism aimed at curbing the social ramifications derived 
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from the escalating surveillance practices in a digital world – for instance, the imbal-

ances in knowledge and power between the subjects of surveillance and the subjects 

to surveillance (Creemers et al. 2015, Gutwirth et al. 2015, Kerr & barrigar 2012, 

Leenes et al. 2017, Lyon 2007, Raab 2012). While privacy and data protection focus 

on the legal and ethical dimensions of surveillance and the legal tools to guide and 

restrict the collection, storing, processing, use, and exchange of personal infor-

mation, there are other practices contesting, resisting, and counteracting surveil-

lance in a more practical manner. 

Lyon (2007) highlights the ambiguity of surveillance, for it is not merely about exert-

ing control over subjects but it is also often linked to the provision of entitlements, 

rights, and benefits. This is one of the reasons why subjects to surveillance often com-

ply with their surveillance even in cases where it is not mandatory. Beyond that, sur-

veillance is oftentimes conducted in a subtle fashion interwoven with everyday rou-

tines. and there is often no complete knowledge about when and where information 

is obtained and how this information is used and shared. 

Yet there are numerous individual and collective strategies and practices to limit sur-

veillance: providing false information, refusing to participate in surveillance activities, 

using technological tools to limit the provision of personal data, using tools to alter 

or obfuscate information or mask behavior, manipulating and distorting processes of 

surveillance, protesting certain practices or technologies or sabotaging or destroying 

them, and more (Brunton & Nissenbaum 2015, Galic et al. 2017, Gilliom & Monahan 

2012, Lyon 2007, Marx 2003). Furthermore, surveillance practices and technologies 

themselves can be deployed to counter and contest surveillance by inverting the re-

lationship between the subjects of and to surveillance (Mann 2004, Galic et al. 2017). 

Such an inversion may occur when the latter observes and monitors the prior or uses 

information obtained through surveillance activities against those who collected the 

information to exert control. For example, with policing in NYC, such approaches of 

counterveillance or invert surveillance are represented by Copwatch activities, which 

document police abuse and brutality by filming such incidents or using crime data 

and data on officers’ activities obtained from the NYPD to highlight racist police prac-

tices. The second strategy – using information against those who collected it – has 

been used to fight the NYPD’s stop-question-and-frisk practices in NYC, for example. 
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After the NYCLU successfully sued the NYPD into releasing the data on its stop-ques-

tion-and-frisk activities, multiple civil rights organizations used the data to explore 

the NYPD’s stop-question-and-frisk approach, claiming a racial bias in the depart-

ment’s policing activities and determining the approach to be inefficient, thus de-

manding it to stop (BKLYNR n.d., Brandom 2013, NYCLU 2019). 

Hence, there are numerous ways to resist surveillance; some are explicitly political, 

pursued by anti-surveillance, privacy and data protection and civil rights activists or 

legislators, while others are implicitly political, undermining, contesting, and negoti-

ating the power relations that come with surveillance through subversive everyday 

practices. Consequently, surveillance is not just a top-down process of control. Ra-

ther, it is a field of contesting and conflicting forces unfolding through the practices 

and technologies that link those who surveil with those who are surveilled. However, 

it is important to note that surveillance does not occur on a level playing field. Rather, 

surveillance practices and technologies are elements of constellations that are typi-

cally characterized by power imbalances among the involved actors, favoring those 

who watch over those who are watched (Lyon 2007, Zurawski 2014). 

In summary, the term “surveillance” describes activities of observing and monitoring 

individuals, groups, and populations, as well as places, spaces, and social and tech-

nical processes. Surveillance gathers information for processing to generate 

knowledge on the surveillance subjects, attempting to steer their behavior, activities, 

and interactions in the pursuit of the particular objectives and specific goals of the 

ones surveilling them. Thus, surveillance practices typically inform the measures of 

control addressing the subject populations, spaces, or processes with surveillance 

practices. Surveillance must therefore be understood as a purposefully created rela-

tionship between various individual or collective actors and elements that yield spe-

cific effects of visibility and power. However, the envisaged purpose of surveillance 

is not necessarily met or simply exercised unilaterally over those who are surveilled. 

Instead, the relationships of surveillance must be viewed as fields of force constituted 

by potentially contesting, conflicting, and contradicting practices and actors. 

Furthermore, it is important to underscore the ambiguity of surveillance. While it 

serves to control individuals, groups, and populations, as well as spaces and pro-
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cesses, when pursuing specific interests, it often constitutes a presupposition for wel-

fare and care and for delegating, distributing, claiming, and granting entitlements, 

rights, and benefits. The concrete quality of surveillance and the power relations it 

creates is co-constituted by manifold political, cultural, social, and legal factors. 

Moreover, it is strongly shaped by the means of surveillance; it is the technologies of 

surveillance that define the potential to gather, store, process, and share information 

for governing and controlling individuals, groups, and populations, as well as places, 

spaces, and social and technical processes. 

It is the strong link between seeing, knowing, and control provided by the concept of 

surveillance that makes it so interesting for this study as it investigates the transfor-

mation of the NYPD’s knowledge practices stemming from the department’s growing 

digitization and explores how these transformations have translated into policing ra-

tionalities, strategies, and practices. Thus, this dissertation focuses on the technolo-

gies and practices deployed by the NYPD to gather, store, process, and share infor-

mation to thus create socio-spatial knowledge on crime in NYC and control individu-

als, populations, and spaces in the city. The concepts to understand surveillance are 

thus integral to studying these dynamics. Accordingly the following subchapters will 

introduce key concepts that will help to elucidate the links between seeing, knowing, 

and controlling urban spaces and populations that can be observed when exploring 

the digitization of policing in New York City. 

3.2 The Panopticon: Seeing, sorting, and exerting control 

One of the most powerful concepts that has long dominated the discourse in surveil-

lance studies is the image of the panopticon as described by Michel Foucault. In his 

study Discipline and Punish (Foucault 1995), Foucault studies the historical transfor-

mations he observes in the transition from the classic age, as he calls it, to modernity. 

More precisely, he analyzes the formation of a specific set of rationalities, technolo-

gies, and practices, which emerged at various social sites for generating knowledge 

about and exerting control over individuals. Foucault shares his observations on ur-

ban public health, the education system, the military, and the prison system to intro-

duce his concept of “disciplinary power”, which has pervaded Western societies since 

the 17th and 18th century to become the dominant method of exerting power. To him, 
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the panopticon serves as a diagram displaying the rationalities, strategies, and dy-

namics of disciplinary power. 

Foucault’s interpretation of Bentham’s panopticon as a prison architecture marks a 

key chapter in his analysis of the methods that form this type of power. Bentham 

envisaged the panoptical prison as having an observation tower at its center with 

prison cells arranged around it in a closed circle. The cells would have a window to 

the outside, letting light in, and to the inside, providing an unobscured view of the 

inmates from the watchtower. Simultaneously, the windows of the tower would be 

positioned so that the inside of the tower, and thus the guards, would remain invisi-

ble to the inmates. Consequently, the inmates would not know if they were being 

watched or when. Thereby, the architecture of the prison attempted to maximize 

control while minimizing effort, creating a feeling of permanent observation for the 

inmates who would anticipate being watched constantly, for they would not know 

when observation actually occurred. Therefore, panoptical architecture leads the in-

mates to internalize the controlling view of the watch tower, driving them to obey 

the rules and behavioral norms and follow given instructions – whether they were 

watched or not. Their behavior is thus permanently altered. Consequently, power is 

not simply exercised from one individual over others; it instead emerges from the 

positioning of individuals within the architectural constellation of the panopticon. As 

the attained visibility is unidirectional, creating maximum transparency of the in-

mates’ behavior while obscuring those in control, the panoptic architecture creates 

a clear power gap along a visibility/invisibility binary between the watchers and those 

being watched. Essentially, the panopticon uses the spatial arrangement of individu-

als to create permanent and exhaustive visibility, efficiently controlling their behav-

ior. 

Foucault illustrates this aspect of disciplinary power with further examples, such as 

schools, factories, and the governing of towns during the plague. These cases also 

show that discipline is not merely about spatial order and visibility. Rather, these el-

ements act as tools to generate knowledge, sorting multiplicities of individuals and 

categorizing them for targeting them with specific measures to control their behavior 

and train them according to institutional goals, which serve as prescriptive norms to 
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assess and steer behavior. Schools would categorize students according to their abil-

ities and knowledge; in factories, the same treatment was applied to the workforce, 

and the plagued town would be parceled and placed under minute control and scru-

tiny with detailed rules of behavior to track the course of the disease in every house-

hold, the town’s sectors, and the town as a whole, thus limiting its diffusion. 

Against this backdrop, writing and record keeping emerged as key technologies facil-

itating disciplinary power, because they enabled tracing individual and collective ca-

pabilities and properties, as well as the production of charts and tables to decipher 

individual qualities and characteristics and compare individuals for classification. 

Thus, they could be treated according to their position within a multiplicity of indi-

viduals. Disciplinary techniques thereby synchronically created the individual as a 

subject of knowledge and a subject to these methods of exerting control. Therefore, 

methods of gathering, storing, and evaluating information and taking measures to 

ensure individuals’ compliance with certain rules and norms for institutional goals 

are intricately linked within Foucault’s concept of disciplinary power. 

In short, the art of punishing, in the regime of disciplinary power, is aimed 

neither at expiation, nor even precisely at repression. It brings quite dis-

tinct operations into play: it refers individual action to a whole that is a 

once a field of comparison, a space of differentiation, and a principle of a 

rule to be followed. It differentiates individuals from one another, in terms 

of the following overall rule: that the rule may be made to function as a 

minimum threshold, as an average to be respected or as an optimum to 

which one must move. It measures in quantitative terms and hierarchizes 

in terms of value the abilities, the level, the ‘nature’ of individuals. It in-

troduces though this ‘value-giving’ measure. The constraint of a conform-

ity that must be achieved. Lastly it traces the limit that will define the dif-

ference in relation to all other differences, the external frontier of the ab-

normal (…). The perpetual penalty that traverses all points and supervises 

every instant in the disciplinary institutions compares, differentiates, hier-

archizes, homogenizes, excludes. In short, it normalizes (Foucault 1995: 

183). 

With his reading of the panopticon as a key technology of disciplinary power, Fou-

cault underscores the links between visibility, knowing, and exerting control and how 

subjects of knowledge emerge from practices of seeing and sorting to be turned into 
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subjects to social control. He thus recognizes surveillance as a key element of modern 

power relations. 

In the field of surveillance studies, the model of the panopticon has long served as an 

important tool for analyzing current practices and technologies of surveillance. Yet 

the concept has also drawn elaborate criticism for its blind spots and limitations. Fou-

cault’s description of modern societies as disciplinary or panoptic societies has been 

criticized, as this characterization totalizes his analysis of specific sites and cases, 

thereby neglecting other important institutions, strategies, and practices that consti-

tute modern power relations, such as political economy or the nation state. Further-

more, the panopticon presents a type of surveillance that is unidirectional, strictly 

hierarchical, and foremost, oppressive. Consequently, Foucault ignores the counter-

practices or subversive actions of those who are being watched, thus denying them 

any agency. Accordingly, the panoptical model does not grasp any types of surveil-

lance constituted of more complex relations of visibility and power than top-down 

control of the few over the many. Also, the surveillance technologies that constitute 

panopticism need and create confined and fixed spaces and institutions, focusing on 

the observation, categorization, and manipulation of individual behavior. Thus, the 

panopticon excludes many purposes and mundane forms of surveillance. 

All these arguments note the substantial limitations and analytical distortions of the 

panopticon as a model when analyzing the current and historical phenomena of sur-

veillance. The main criticism of Foucault’s panopticism, however, underscores its in-

ability to grasp the developments that have unfolded with the growing digitization of 

surveillance, as has occurred over the last decades. Consequently, the model has 

been discarded as an analytical tool by some authors or modified by others (Galic et 

al. 2017, Haggerty 2006, Haggerty & Ericson 2000, Lyon 2007, Murakami Wood 2007). 

Below, I present two critical interrogations of the panopticon, which also contribute 

to the theoretical approach that guides this thesis, before I present Foucault’s con-

cepts of biopower and governmentality for rethinking and expanding his concepts of 

the links between knowledge and power with his. 
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3.3 Surveillance in a digital age: The society of control and the surveillant as-

semblage 

In his brief text Postscript on the Societies of Control, Gilles Deleuze (1992) praises 

Foucault’s analysis of disciplinary power as a defining feature of modern societies. At 

the same time, he recognizes a crisis of the disciplinary institutions, rationalities, and 

strategies Foucault depicts. While Foucault speaks of a disciplinary society, Deleuze 

diagnoses that we are living in a society of control characterized by power dynamics 

distinct from those of the disciplines. Disciplinary technologies and practices were 

executed within enclosed spaces and institutions to create and maintain such enclo-

sures. Within them, individuals were ordered and fixed in space to be made visible 

and positioned in ways that would allow for the productive arrangement of their bod-

ies and abilities, which could be trained and combined to grow their forces and for-

ward institutional missions and specific goals in prison, in school, in the military, or 

at the assembly line of factories. 

With the rise of digital technologies, Deleuze sees a decline of the rationalities and 

strategies of discipline and a transformation of its institutions. The disciplines do not 

disappear, however. They are instead supplemented by, meshed with, and trans-

formed by new means of surveillance and control. The governing of individuals is less 

pursued by creating enclosed and fixed spaces but rather by controlling open spaces, 

tracking movements, and managing flows. Surveillance and control thus become 

more continuous, flexible, and fluid. “Enclosures are molds, distinct castings, but con-

trols are a modulation, like a self-deforming cast that will continuously change from 

one moment to the other, or like a sieve whose mesh will transmute from point to 

point” (Deleuze 1992: 4). 

This transformation is driven by the growing ability to gather, combine, and analyze 

information from various sites and sources to track individuals and populations as 

they move through open spaces and between various social contexts. Thus, Deleuze 

links societies of control to a cybernetic and computational order, while describing 

disciplinary societies as corresponding with energetic machines (Deleuze 1992, 

Deleuze 1993). 
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As outlined above, the disciplinary practices of knowledge and control target the in-

dividual. They constitute the individual as an object of knowledge and power and an 

entity that can be known and formed. Contrarily, the technologies in a society of con-

trol dismantle the individual. Data collection on individuals and populations is scat-

tered across various sites and contexts and conducted by numerous actors with dis-

tinct goals. Data can then be moved, distributed, shared, combined, and evaluated 

flexibly according to actor-specific, situational, and contextual aims and needs. This 

type of surveillance creates what Deleuze coins “the dividual,” since the subjects of 

knowledge and power are now split up in modifiable streams and sets of data that 

can be (re-)arranged fluidly to be addressed with measures of control. These 

measures are less about training, educating, and shaping the individual body and be-

havior; instead, they rely on practices of access control. Thus, Deleuze links societies 

of control to a fluid spatial arrangement where individuals and groups are granted or 

denied access to particular spaces and places in order to exert control based on situ-

ational assessments. 

Deleuze’s text does not constitute an analysis of the rationalities, strategies, technol-

ogies, and practices that form a society of control. He merely diagnoses a crisis of the 

disciplinary institutions and roughly illustrates the transition to another type of 

power that may be characteristic of current societies, delivering some raw ideas and 

terms to explore what this new regime of surveillance and control might look like. Yet 

while his observations remain cryptic, they do include some questions of relevance 

when examining the digitization of the NYPD’s surveillance, knowledge, and policing 

strategies, practices, and technologies: (1) How does digital technology contribute to 

the police surveillance and governing of open urban spaces? (2) How do police 

gather, store, distribute, combine, and evaluate data when relating urban spaces to 

individuals, populations, behaviors, and social processes to govern them? (3) What 

kind of spatial order or arrangements emerge from such policing practices? 

While Deleuze raises questions more than he provides answers, other authors have 

attempted to develop more elaborate approaches to investigate surveillance, 

knowledge, and power in an increasingly digital age. One of the most prominent con-

cepts is the surveillant assemblage introduced by Haggerty and Ericson (2000), who 
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draw on the assemblage concept that Gilles Deleuze and Felix Guattari explicate in 

Thousand Plateaus (Deleuze & Guattari 1987). 

Just like Deleuze (1992, 1994), Haggerty and Ericson highlight that surveillance today 

is not predominantly found in or conducted by enclosed institutions and through con-

fined spaces. Instead, surveillance technologies and practices are expanding and in-

creasingly permeating everyday life across all social sites. Thus, various actors gather 

vast amounts of information in numerous contexts. Distinct sets of data that are thus 

created to be shared, distributed, and traded among multiple agents and institutions 

so they can be combined and evaluated according to the distinct needs and goals of 

those handling the information, providing them with knowledge to govern individual 

behavior, populations, social processes, or spaces. Accordingly, to understand sur-

veillance and control today, it is not enough to examine confined institutions or single 

technologies. Rather, researchers must trace the links and interactions between var-

ious actors, technologies, data sets, knowledge stocks, strategies, and practices to 

explore the workings of surveillant assemblages. 

[W]e are witnessing a convergence of what were once discrete surveil-

lance systems to the point that we can now speak of an emerging ‘surveil-

lant assemblage’. This assemblage operates by abstracting human bodies 

from their territorial settings and separating them into a series of discrete 

flows. These flows are then reassembled into distinct ‘data doubles’ which 

can be scrutinized and targeted for intervention (Haggerty & Ericson 

2000: 606). 

Even though the authors here focus on data doubles as the intersections of data flows 

derived from monitoring individual behavior, this concept can be transferred to other 

objects of surveillance, as surveillance is not limited to the observation of individuals 

(Haggerty 2006). Data doubles may also be compiled by assembling information on 

social groups or urban spaces to decipher social processes and intervene in social or 

spatial dynamics. 

Such processes (of assembling and evaluating information, N.C.) are put 

into operation from a host of scattered centres [!] of calculation (Latour 

1987) where ruptures are co-ordinated [!] and toward which the subse-

quent information is directed. Such centres[!] of calculation can include 

forensic laboratories, statistical institutions, police stations, financial in-
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stitutions, and corporate and military headquarters. In these sites the in-

formation derived from flows of the surveillant assemblage are reassem-

bled and scrutinized in the hope of developing strategies of governance, 

commerce and control (Haggerty & Ericson: 613). 

Consequently, to analyze the knowledge practices of the police, it is of interest to 

track the data flows that police create, obtain, and tap into to identify the centers of 

calculations that combine, process, and utilize this data, thus deciphering the activi-

ties conducted at these centers of calculation. When doing so, the concept of assem-

blage can draw attention to the aspects important for understanding digitizing 

knowledge and policing practices. 

The term “assemblage” describes formations consisting of heterogeneous elements. 

Importantly, the concept does not only include components which are typically at the 

center of social scientific inquiry, such as individuals, social groups, and institutions 

as well as knowledge, discourses, and culture, or social, cultural, and discursive prac-

tices. Rather, the concept intends to integrate aspects and objects that are usually 

relegated to mere context in studies of the social. Therefore, it expands the field of 

subjects of investigation by assuming that material artifacts, technological devices, 

the materiality of chemical and biological objects – as well as biological, chemical, 

and technological processes – are relevant factors and performative agents exerting 

agency within social formations, which are consequently understood as sociomaterial 

or sociotechnical constellations – or assemblages (Deleuze & Parnet 1980, Haggerty 

& Ericson 2000, McFarlane 2011a, Müller 2015, Schuilenburg 2015).  

In addition to highlighting the more-than-social messiness of social formations, the 

assemblage approach underscores that assemblages are fuzzy. They do not consti-

tute discrete entities. Rather, the components that form an assemblage are them-

selves ensembles of heterogeneous multiplicities, which only constitute an assem-

blage as they are interlinked with each other and work together (Deleuze & Parnet 

1980, Müller 2015). Conversely, each assemblage is linked to other assemblages, as 

a whole and through single elements, which are again linked to other assemblages 

and thus potentially part of more than one assemblage. 

Assemblages are not discrete objects, but consist of open relations among 

heterogeneous elements whose only unity derives from the fact that they 
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operate together (and even then it is not exactly right to speak of a unity, 

since counter-actualizations of the assemblage are internal to it and con-

tinuous). Every assemblage is a multiplicity composed of other assem-

blages that are also multiplicities that together form a functional, ever-

changing ensemble… (Bogard 2006: 103). 

The components of an assemblage are tied together through the series of interac-

tions that are conducted among them. Through these interactions, roles, functions, 

and identities are negotiated and distributed, and so the agency of the elements 

forming an assemblage – as well as the agency of the assemblage itself – is consti-

tuted. 

It is important to highlight that the assemblage approach does not reserve the term 

“agency” for human or institutional actors. Rather, any element of an assemblage can 

exercise agency as it contributes to the sociomaterial configuration and processes of 

an assemblage. It is thus the interactions emerging from the distributed agency of 

the human and non-human components of an assemblage that compose its agency, 

which is directed to attain certain goals, which the assemblage as a constellation of 

distributed agency works toward (Anderson & McFarlane 2011, McFarlane 2011a, 

Müller 2015). 

Thereby, assemblages must be understood as fields of forces, as their components 

are constantly negotiating identities, roles, functions, goals, and objectives. Simulta-

neously, the single elements of an assemblage must be conceived as such fields of 

force, which are linked to more than one assemblage. Furthermore, the assemblage 

itself is linked to and part of other assemblages. Assemblages consequently represent 

fields of forces that consist of fields of forces and are linked to further fields of forces. 

Thereby, assemblages are defined as volatile constellations characterized by cooper-

ation and coordination as much as by negotiation, contestation, and conflict. They 

are held together by the perpetual practices of assembling conducted by their com-

ponents, which intend to establish and maintain cooperation and stability. 

Essentially, these practices of assembling mean to create order among heterogene-

ous and potentially conflicting elements, having them cooperate to pursue certain 

goals. To do so, assemblages organize, direct, and capture flows of people, actions, 
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things, discourses, and information to secure the functioning of the assemblage and 

create certainty in a field of heterogeneous multiplicities. 

They comprise discrete flows of an essentially limitless range of other phe-

nomena such as people, signs, chemicals, knowledge and institutions. To 

dig beneath the surface stability of any entity is to encounter a host of 

different phenomena and processes working in concert. The radical na-

ture of this vision becomes more apparent when one realizes how any 

particular assemblage is itself composed of different discrete assem-

blages which are themselves multiple. Assemblages, for Deleuze and 

Guattari, are part of the state form. However, this notion of the state form 

should not be confused with those traditional apparatuses of governmen-

tal rule studied by political scientists. Instead, the state form is distin-

guished by virtue of its own characteristic set of operations; the tendency 

to create bounded physical and cognitive spaces, and introduce processes 

designed to capture flows. The state seeks to ‘striate the space over which 

it reigns’ (Deleuze and Guattari 1987: 385), a process which involves in-

troducing breaks and divisions into otherwise free flowing phenomena. To 

do so requires the creation of both spaces of comparison where flows can 

be rendered alike and centres [!] of appropriation where these flows can 

be captured. Flows exist prior to any particular assemblage and are fixed 

temporarily and spatially by the assemblage (Haggerty & Ericson 2000: 

608). 

With reference to Deleuze and Guattari, this process of ordering and securing is 

termed “territorialization.” “Every assemblage is territorial” (Schuilenburg 2015: 

110), metaphorically as well as literally. Assemblages define a territory of action 

where its processes of ordering work by successfully establishing a set of rules, pro-

cedures, identities, roles, and functions to create cohesion, cooperation, and coordi-

nation of the heterogeneous multiplicities, thus managing, steering, and containing 

these flows. Yet this order is fragile, as there are always dynamics of deterritorializa-

tion to be found: activities that subvert, undermine, and contest a given order; de-

compose, disperse, and disconnect its elements or the lines of flight that break terri-

torial boundaries; and free formerly controlled flows and create links to exterior as-

semblages and their forces at play. Such dynamics of deterritorialization transgress 

the existing order of assemblages, leading to a reterritorialization of their socio-

material constellation and interactions in attempts to (re-)establish control over the 

flows by (re-)connecting, directing, and ordering them to attain certain objectives 
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(Legg 2011, Müller 2015, Schuilenburg 2015). Thus, the assemblages approach as-

sumes a synchronicity of stability and flux with an emphasis on the latter, as the prior 

is the result of permanent processes of territorialization, deterritorialization, and re-

territorialization or assembling, disassembling, and reassembling (Marcus & Saka 

2006, Legg 2011). 

Against this backdrop, power is a relational concept, as found in the work of Foucault. 

“Part of the appeal of assemblage […] lies in its reading of power as multiple co-exist-

ences – assemblage connotes not a central governing power, nor power distributed 

equally, but power as a plurality in transformation” (Anderson & McFarlane 2011: 

125). Power thus emerges from the relationships and interactions conducted in and 

constituting the fields of forces that form an assemblage. However, the assemblages 

are not necessarily non-hierarchical. Hierarchy can be a result of the processes of 

creating order, as certain elements successfully establish, maintain, and control links 

and relationships by defining and assigning roles, functions, and identities and organ-

izing and utilizing flows of people, actions, data and information, things, and technol-

ogies (Deleuze & Parnet 1980, Müller 2015). 

Deleuze and Guattari (1987) explain the creation and management of these material 

flows by making, maintaining, and modifying the relationships among their hetero-

geneous elements as the machinic function of assemblages. This machinic function is 

tightly interwoven with their enunciative function of generating knowledge and pro-

ducing sense. 

The enunciative function of an assemblage […] is to produce statements. 

Such an assemblage […] attaches words to things. It is a collective ‘attrib-

ution’ machine that assigns properties (‘incorporeal transformations’ or 

events) to bodies (corporeal flows, embodied actions, passions, etc.) (Bo-

gard 2006: 104). 

This enunciative function is conducted by identifying, naming, listing, categorizing, 

assessing, evaluating, and sorting the elements, multiplicities, and flows that consti-

tute an assemblage for and through relating, organizing, ordering, and controlling 

them. Again, the assemblage concept resembles Foucault’s elaborations of discipli-

nary power and surveillance as a power/knowledge complex. 
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Having presented the defining features of assemblages, it becomes clear how the 

approach lends itself to the exploration of surveillance strategies, technologies, and 

practices in an increasingly digitizing world. For one, it directs the analysis toward the 

connections between the various actors and technologies of surveillance, asking the 

following questions: 

• Who and what participates in surveillance? 

• How do these elements cooperate? 

• Which roles, tasks, and functions are they assigned? 

• Which surveillance capacities emerge from their distributed agency? 

• How do they negotiate the objectives, strategies, and practices of surveillance? 

Furthermore, the assemblage approach encourages the examination of the links that 

the actors, technologies and practices of surveillance can establish with their subjects 

leading to questions, such as:  

• Which territory – meaning the populations, spaces, or processes that they can 

monitor and control – are they able to define with their capacities to act? 

• Which information do they obtain from the multiplicities that they surveil? 

• How is this information transformed into data flows? 

• Where do these flows go and which assemblages are they plugged into? 

• How are these data flows categorized, sorted, combined, and evaluated at the 

various centers of calculation of the assemblages? 

• How is the information and knowledge crafted here utilized to then order, man-

age, and control material flows, behavior, and social processes to constrain cer-

tain activities and events while fostering others to create durable, secure, and 

certain social or sociomaterial formations? 

Simultaneously, the assemblage approach urges examining resistant dynamics – lines 

of flight, emerging and altering connections, subversions, contestations, malfunc-

tions, and collapses – to understand the volatility and fluidity of these formations. 

This perspective allows for an understanding of the NYPD as more than an enclosed, 

hierarchical, and bureaucratic organization that operates within given legal frame-

works and regulations that define its mission, structures, procedures, and activities. 

Rather, the police can be viewed as a policing assemblage – a durable yet dynamic 
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ensemble of heterogeneous elements, such as individuals, organizational units, insti-

tutions, orders, regulations, legal frameworks, objects, architectures, technologies, 

and stocks and flows of knowledge, information, and data that are held together by 

interactions that establish, maintain, and alter the links between them. Thereby, the 

policing assemblage perpetually reproduces and modifies its structures, procedures, 

and mission through processes of ordering, managing, and directing its heterogene-

ous flows and elements so that they work in specific ways to attain the goals negoti-

ated through the assemblage. 

These activities not only include the elements legally defined as part of the organiza-

tional body of the NYPD but also numerous others, such as the subjects of policing – 

individuals, populations, and urban spaces – partnering institutions; organizations 

providing services, technologies, or consultation; and critical and opposing groups 

and actors who intend to modify police structures, procedures, activities, and mis-

sions. As an assemblage, policing constitutes a field of forces that defines the agency 

of police organizations and the elements within and connected to them. It is these 

heterogeneous elements that negotiate agency through practices of defining, distrib-

uting, assigning, contesting, undermining, and subverting roles, tasks, processes, and 

goals. 

While the NYPD tries to territorialize, order, or stabilize its field of action according 

to its mission, there are also numerous lines of flight, contestations, and subversions 

that facilitate conflicts and change. Subversions may come from cops manipulating 

numbers – and thus, data flows –undermining the departments information founda-

tion. Contestations may be presented by political groups and organizations or whis-

tleblowers challenging the policing and surveillance practices of the NYPD by linking 

it to critical discourses and debates. Lines of flight may emerge where technologies 

alter existing processes, practices, and constellations or where they enable novel 

links and associations to further elements, spaces, practices, or the data flows inte-

grated into the assemblage of policing. Where such activities of deterritorialization 

occur, the NYPD attempts to reterritorialize by adapting policies and regulations, ad-

justing processes and practices, or implementing procedures and strategies to keep 

the assemblage working according to the department’s mission. 
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This dissertation reconstructs such processes of (de-/re-)territorialization as they 

have happened around the growing digitization of the surveillance and knowledge 

practices of the NYPD. As such, this study traces how the rationalities, strategies, and 

practices of policing have changed due to changing technologies and practices of gen-

erating socio-spatial knowledge to combat street crime in NYC and how this has 

transformed the ways that the NYPD partakes in the assemblage of urban socio-spa-

tial configurations. 

Shotspotters and CCTV systems constantly observe their surroundings to detect 

crime and disorder so that police can interfere to restore order and investigate 

crimes. Data mining, crime mapping, and predictive policing tools enable the identi-

fication and definition of high-crime or high-risk areas so that they can be targeted 

with specific measures to decrease criminal or disorderly behavior and incidents, thus 

fighting crime and fostering communal life. Stingrays and ALPR track individuals and 

items as they move through urban spaces, making them accessible for police investi-

gating crimes. These tools represent a small sample of the NYPD’s arsenal of techno-

logical tools for establishing links to the spaces and populations it governs and estab-

lishing, restoring, and maintaining order according to the police’s mission. 

This incomplete list of surveillance devices provides an idea how police contribute to 

the configuration of the urban assemblage by adding to the materiality of cities, at 

the same time shaping the socio-spatial order and dynamics of the urban by partici-

pating in social interactions, initiatives, and networks for maintaining and fostering 

order and security and promoting or impairing certain behaviors and activities or per-

sons and groups being present at certain places and times. This order must be under-

stood as fluid and ephemeral, as it is characterized by permanent processes of (de-

/re-)territorialization that occur among the various elements of the policing assem-

blage. 

The assemblage approach offers an interesting perspective for this dissertation as it 

allows for the inclusion of material objects and technologies as constitutive elements 

of policing, emphasizes the linkages among various heterogenous elements while fo-

cusing on processes of ordering as a synchronicity of stability and flux, and bears the 

potential to examine the connections between policing and urban spatiotemporal 

configurations. It thus promotes the exploration of policing as an assemblage that 
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can be described, traced, and reconstructed to understand the co-evolution of tech-

nology, knowledge, and policing in NYC as it has transpired since the advent of the 

CompStat reform. 

Obviously, this study can only examine parts of the New York policing assemblage. 

Thus, I focus on the transformations that have surfaced in the field of patrol work and 

the technology-driven transformations in surveillance and knowledge practices de-

ployed by the NYPD to generate socio-spatial knowledge to fight street crime. The 

assemblage approach guides this endeavor by allowing me to explore the relevant 

components of the policing assemblage and their interactions that establish, main-

tain, alter, or dissolve the links among them, the distribution of agency, and the ca-

pacities to organize flows of data, information, and materialities, resulting in stable 

but fluid order and constellations of knowledge and power. The assemblage ap-

proach remains too vague, however, to serve as my sole theoretical source. Thus, to 

expand and refine my theoretical tool box, it is necessary to revisit the work of Michel 

Foucault before segueing to some of the concepts of ANT. 

3.4 Biopower: Governing through security 

Foucault’s work on disciplinary power focuses on the emergence of institutions de-

ploying panoptical surveillance to generate knowledge about individuals, which 

serves to treat, educate, and train them to utilize their bodies and control their be-

havior. Thus, it describes and analyzes the intricate entanglements of knowledge and 

power, providing an important source for surveillance studies. Yet Foucault’s studies 

on disciplinary power and panopticism have been criticized for their limitations, 

namely their focus on the individual, confined institutions and spaces, and power as 

a top-down force exercised over its subjects, thus neglecting reciprocities, co-de-

pendencies, and resistance. Foucault sees these constraints of his analysis. Conse-

quently, he expands his analytical approach by shifting his research focus from ques-

tions of disciplinary power to what he refers to as biopower or biopolitics and gov-

ernmentality. These concepts also make a fruitful contribution to the theoretical 

framework of this dissertation, for they offer an interesting perspective on how social 

dynamics and populations are identified, defined, constituted, and addressed as sub-

jects of governing through policing. 
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Foucault introduces the term “biopower” in the last lecture of his lecture series Soci-

ety Must be Defended (Foucault 2003), where he sketches the discovery of the pop-

ulation as a subject of knowledge and governance. He then elaborates on this discov-

ery in the last chapter of the introductory volume of his work on the history of sexu-

ality (1990) and in his lectures on Security, Territory, Population (2007) and the Birth 

of Biopolitics (2008). 

The concept of biopower or biopolitics represents an attempt to develop a more 

comprehensive understanding of the dynamics that play out between power and 

knowledge in modern Western societies. The term describes a set of rationalities, 

strategies, and practices that complements the emergence of disciplinary power, 

which Foucault explored with his earlier work. He develops both these concepts to 

understand the knowledge/power relations that he discerns from sovereign power. 

The latter denotes a type of power Foucault finds prevalent in absolutist-feudalist 

societies. It is defined by a juridical rationality and consumptive strategies and prac-

tices of governing. 

The exertion of power in sovereign societies of the classical age is conceptualized and 

functions along legal codes by which the absolutist monarch receives and distributes 

privileges, rights, and duties. Thus, the legal code is supposed to define the relation-

ships among the inhabitants of a territory and between them and the monarch (Fou-

cault 1978, Foucault 1995, Foucault 2003, Foucault 2007, Lemke 2019). Once this ar-

rangement is violated, the sovereign reacts with a penal spectacle to restore his/her 

power, which is represented by and exercised through the legal code. This spectacle 

consists of public punishments, potentially culminating in executions that display the 

sovereign’s “right to take life or let live” (Foucault 1978: 136, Foucault 1995). To Fou-

cault, this right is the fundamental attribute of the absolutist sovereign’s exercise of 

power. 

Thus, sovereign power is excessive and eccentric but also sporadic and fragmentary. 

Furthermore, it is rather passive and consumptive. The system of privileges, rights, 

and duties it maintains enables the sovereign to skim the produce, wealth, and com-

modities produced on the territory he/she controls. Yet, beyond this strategy of ex-

traction, the juridical rationality and mechanism of sovereign power, as depicted by 

Foucault, neither offer knowledge nor governmental strategies for interfering with 
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social or economic processes in a way that could systematically guide and direct them 

to increase the wealth of the sovereign, his/her territory, or his/her population (Fou-

cault 2003, Foucault 2007, Foucault 2008). 

The rationalities, strategies, and practices of both the disciplines and biopolitics differ 

from those of sovereign power by their subjects, functioning, and objectives. Disci-

plinary power – as well as biopower – are discreet, minute, continuous, and produc-

tive. As seen above, the disciplines deploy perpetual surveillance to gather, catego-

rize, and sort information in order to teach and train individuals according to specific 

institutional goals. Thereby, they foster the strength, skills, and capabilities of indi-

viduals to assemble and combine them to increase and improve individual and col-

lective productivity and outcomes with regards to the institutional objectives. 

The rationality, strategies, and practices of biopower can be described in similar 

terms, yet they address a different subject. Where the disciplines aim at the individ-

ual in confined institutions and spaces, biopower aims at the population in its collec-

tive processes and dynamics at various territorial levels and fields of action of the 

state. In contrast to sovereign power, which Foucault describes as a power that either 

takes life or let’s live (Foucault 1978, Foucault 1995, Foucault 2003, Foucault 2007, 

Foucault 2008), disciplinary power and biopower actively interfere in life – individual 

as well as collective– to steer and utilize it. 

[T]his power over life evolved in two basic forms; these forms were not 

antithetical, however; they constituted rather two poles of development 

linked together by a whole intermediary cluster of relations. One of these 

poles […] centered on the body as a machine: its disciplining, the optimi-

zation of its capabilities, the extortion of its forces, the parallel increase 

of its usefulness and its docility, its integration into systems of efficient 

and economic controls, all this was ensured by the procedures of power 

that characterized the disciplines: an anatomo-politics of the human 

body. The second […] focused on the species body, the body imbued with 

the mechanics of life and serving as the basis of the biological processes: 

propagation, births and mortality, the level of health, life expectancy and 

longevity, with all the conditions that can cause these to vary. Their su-

pervision was effected through an entire series of interventions and regu-

latory controls: a biopolitics of the population. The disciplines of the body 

and the regulations of the population constituted the two poles around 
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which the organization of power over life was deployed (Foucault 1978: 

139). 

Here, Foucault highlights biological or socio-biological processes as the key subjects 

of biopolitical interventions. Yet his later work, as well as subsequent research on 

biopower, show that biopolitical rationalities are applied in various fields of the so-

cial, economic, and socioecological sphere, and beyond (Foucault 2007, Foucault 

2008, Krasmann & Volkmer 2007, Lemke 2008, Stingelin 2003). In a very simple way, 

whenever phenomena that are observed at a collective level become subject to gov-

ernmental strategies and measures we can speak of biopower or biopolitics, which 

constitute the population as a field of governmental intervention along distinct 

power/knowledge relations. 

The discovery of the population is closely linked to the rise of statistical knowledge. 

With increasingly elaborate technologies of gathering, storing, and organizing infor-

mation and methods to compile statistics, it was possible to identify, track, and com-

pare life expectancies; the prevalence and courses of illnesses; fertility and mortality 

rates; crime rates; prices for goods; or the production, circulation, and distribution of 

wealth and further phenomena throughout the population of a given territory. Con-

sequently, statistical regularities, abnormalities, and variations became the subject 

of scrutiny and could be investigated in their relations to governmental objectives 

and environmental, biological, behavioral, social, economic, and political factors. As 

a result, the population appeared as a sphere with distinct dynamics, processes and 

rules that could be made visible, explored, and understood with the help of a statis-

tical knowledge. Around this knowledge, a whole set of strategies and measures of 

governmental interventions would unfold that would enable managing the popula-

tion to achieve governmental goals. This process marks the birth of political economy 

as a rationality of government. 

The constitution of a knowledge (savoir) of government is inseparable 

from the constitution of a knowledge of all processes revolving around 

population in the wider sense of what we now call ‘the economy’. […] 

Well, a new science called ‘political economy’ and, at the same time, a 

characteristic form of governmental intervention in the field of the econ-

omy and the population, will be brought into being by reference to this 
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continuous and multiple networks of relationships between the popula-

tion, the territory, and wealth (Foucault 2007: 106). 

To describe and analyze the strategies, technologies, and practices of governmental 

interventions that emerge around the discovery of the population and the develop-

ment of a political economy, Foucault coins the terms “apparatuses of security” or 

“security dispositifs.” 

The concept of “security dispositifs” describes rationalities and strategies that con-

strue social phenomena and processes as series of events and activities, which play 

out in specific milieus. These milieus are characterized by uncertainty, as single 

events and activities are considered contingent and thereby unpredictable. Yet at the 

same time, they can be rendered legible and calculable as collective phenomena and 

statistical series, which then form the subject of governmental intervention. To an 

extent, statistical variations are considered normal and acceptable. There is no artifi-

cial and prescriptive norm that the rationality and strategies of security apply to the 

milieus that they govern. Rather, they aim at defining normal variations that are an 

element of the functioning of particular milieus, while trying to detecting and define 

statistical deviations that indicate developments detrimental to governmental goals. 

If governmental goals are at risk, interventions in the according milieu are deemed 

necessary in order to normalize statistical values and thus the collective behavior and 

processes as well as events in question. The term “milieu” describes the social, eco-

nomic, political, cultural, material, and biological factors and dynamics in which these 

activities, processes, and events occur, which they affect and are affected by. 

The space in which a series of uncertain events unfold […] roughly is what 

one can call the milieu. […] The milieu then is a set of natural givens […] 

and a set of artificial givens […]. The milieu is a certain number of com-

bined, overall effects bearing on all who live in it. It is an element in which 

a circular link is produced between effects and causes, since an effect from 

one point of view will be a cause from another. […] [T]he milieu appears 

as a field of intervention in which, instead of affecting individuals as a set 

of legal subjects capable of voluntary actions - which would be the case 

of sovereignty - and instead of affecting them as a multiplicity of organ-

isms, of bodies capable of performances, and of required performances as 

in discipline - one tries to affect, precisely, a population. I mean a multi-

plicity of individuals who are and fundamentally and essentially only exist 

biologically bound to the materiality within which they live. What one 
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tries to reach through this milieu, is precisely the conjunction of a series 

of events produced by these individuals, populations, and groups, and 

quasi natural events which occur around them. […] [T]he notion of milieu 

appear here as the target of intervention for power (Foucault 2007: 20-

22). 

The logic of security apparatuses thus differs from sovereignty and discipline, as the 

former measures events and behavior against a binary legal code, while the latter 

forces individuals into a predictive norm – a process Foucault (2007) now calls nor-

mation instead of normalization, as in Discipline and Punish. “Normalization” now 

refers to security strategies that integrate statistical normality, probability, and risk 

into the field of governmental rationalities and normalize social processes in regard 

to dynamic statistical values, which can vary over time, depending on the respective 

milieu and governmental goals. 

Against this backdrop, it is not the individual who is addressed with governmental 

technologies and practices but rather the milieu as the causal space of the collective 

developments to be steered. The milieu represents a space of probabilities that can 

be tweaked, arranged, and altered to foster certain behaviors while mitigating oth-

ers. Thus, security dispositifs follow a logic that assumes that milieus function along 

particular rules and processes that cannot be determined by juridical or disciplinary 

interventions. Rather, these rules and processes must be understood so as to develop 

strategies of intervention to make the desired behavior more likely. Thereby, security 

apparatuses recognize the limits of governing. Essentially, contingent behavior, 

which can be mapped as statistical series, can only be governed by modifying specific 

milieus, understood as probability spaces. Security dispositifs thus form ensembles 

of certain rationalities and knowledge that co-function with specific strategies and 

practices of governing, targeting the population by interfering in its material and so-

cial milieus. 

Foucault attributes a specific way of exercising power to security dispositifs, which 

he refers to as governing or conduct: 

Perhaps the equivocal nature of the term ‘conduct’ is one of the best aids 

for coming to terms with the specificity of power relations. For to ‘con-

duct’ is at the same time to ‘lead’ others (according to mechanisms of co-

ercion which are, to varying degrees, strict) and a way of behaving within 
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a more or less open field of possibilities. The exercise of power consists in 

guiding the possibility of conduct and putting in order the possible out-

come. Basically power is less a confrontation between two adversaries or 

the linking of one to the other than a question of government. This word 

must be allowed the very broad meaning which it had in the sixteenth 

century. ‘Government’ did not refer only to political structures or to the 

management of states; rather, it designated the way in which the conduct 

of individuals or of groups might be directed: the government of children, 

of souls, of communities, of families, of the sick. It did not only cover the 

legitimately constituted forms of political or economic subjection but also 

modes of action, more or less considered or calculated, which were des-

tined to act upon the possibilities of action of other people. To govern, in 

this sense, is to structure the possible field of action of others (Foucault 

1982: 789-790). 

This broad understanding of government – connecting security dispositifs, statistical 

knowledge, and the population – is labelled “governmentality.” 

The concept of governmentality is difficult to outline. On the one hand, it describes a 

specific type of governing Foucault sees emerging with modernity. On the other 

hand, the concept serves as a tool to analyze historical and current ways of governing 

social phenomena at various aggregate levels of the population to solve specific prob-

lems. As seen above, the Foucauldian meaning of governing – and therefore the 

meaning I use throughout this dissertation is not limited to describing the activities 

of governmental and state agencies pursuing their legally defined missions. Govern-

ment is not just political government. Rather, governing means to guide and direct 

human behavior in particular contexts and settings. Referencing Guillaume de la Per-

riere, Foucault defines government in its broadest sense as “[…] the right disposition 

of things as arranged so as to lead to a suitable end” (de la Perriere as cited in Fou-

cault 2007: 96). Governmentality then is the type of government Foucault sees hav-

ing increasingly permeated Western societies since modernity. 

[B]y governmentality I understand the ensemble formed by institutions, 

procedures, analyses and reflections, calculations, and tactics that allow 

the exercise of this very specific albeit very complex power that has the 

population as its target, political economy as its major form of knowledge, 

and apparatuses of security as its essential technical instrument (Foucault 

2007: 108). 
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To analyze the power/knowledge relations that Foucault describes with the term 

“governmentality,” it is necessary to distinguish between governmental rationalities 

and governmental technologies as constitutive elements of governmental for-

mations. 

The term “governmental rationalities” denotes ways of thinking that structure and 

shape given phenomena by establishing rules of understanding, which make it possi-

ble to label statements and assumptions about the regularities, functioning, and dy-

namics in question as true or false. The term, however, is not reserved for statements 

or theses, which are true in a way that they accurately reflect an objective reality. 

Rather, it includes the rules that define how true or false statements can be con-

structed and assessed. Governmental rationalities therefore provide interpretative 

models as frameworks for problematizations that define certain phenomena and pro-

cesses as fields of governmental strategies and practice (Foucault 1991, Garland 

1997, Rose & Miller 1992). Thus, rationalities render the social programmable to al-

low the development of governmental programs that define means-to-ends, pur-

poses and objectives, and institutional arrangements and procedures of governing, 

which serve as intervention plans for the implementation, execution, and translation 

of governmental rationalities into a governmental practice (Foucault 1991, Lemke 

2019). 

The idea of ‘governmental rationalities‘ […] refers to the ways of thinking 

and styles of reasoning that are embodied in a particular set of practices. 

It points to the forms of rationality that organize these practices and sup-

ply them with their objectives and knowledge and forms of reflexivity. Ra-

tionalities are thus practical rather than theoretical or discursive entities. 

They are forged in the business of problem solving and attempting to 

make things work. Consequently they manifest a logic of practice, rather 

than of analysis, and tend to bear the hallmarks of the institutional set-

tings out of which they emerged (Garland 1997: 184). 

The term “governmental rationality” is thus tightly interwoven with governmental 

practices, which can also be described as governmental technologies. The concept of 

governmental technologies not only refers to material technologies, machines, or ar-

tifacts but also to procedures, processes, strategies, techniques, measures, and prac-

tices that aim at controlling individual and collective behaviors to attain the goals 
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established according to governmental rationalities and programs (Bröckling et al. 

2011, Lemke 2007, Rose & Miller 1992). However, the relationship between ration-

alities, programs, and technologies cannot be conceived in terms of a trickle-down 

effect gradually moving from the abstract to the concrete. Rather, the terms depict 

spheres that function according to distinct rules and regularities and are reciprocally 

interlinked which each other. The concepts of governmental rationalities, programs, 

and technologies can thus be helpful for exploring the links between knowledge and 

power, as they ask how social phenomena and processes are construed as subjects 

of governmental problematizations and are thus rendered the subjects of govern-

mental strategies and practices. Furthermore, they allow a focus on the cracks, con-

testations, and contradictions that arise between these distinct spheres of govern-

mentality. 

This subchapter has presented some of the key aspects of Michel Foucault’s analysis 

of biopower or biopolitics, security dispositifs, and governmentality. It has become 

clear that these concepts of thinking about power and knowledge provide an insight-

ful vocabulary for the purpose of this dissertation, which explores the digitization of 

the NYPD’s surveillance and knowledge practices in fighting street crime as a co-evo-

lution of the technology, knowledge, and policing that has unfolded in NYC since the 

advent of CompStat as a management and knowledge tool. Examining this process 

through the lens of biopower/biopolitics, security dispositifs, and governmentality 

poses questions, such as: 

how have discursive transformations enabled a shift in governmental rationalities 

and programs going from a penal welfarism to space-based criminologies and from 

professional policing approaches to broken windows and hotspot policing? 

• How do these approaches conceptualize and problematize crime as an urban 

problem, and how are these conceptualizations and problematizations trans-

lated into policing strategies and practices by deploying digital technologies of 

surveillance and data analysis? 

• How are these technologies and the data that they provide used to define mi-

lieus of governmental intervention? 
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• How are these milieus analyzed to define risks and deviations considered inter-

vention-worthy and which strategies and practices do they suggest? 

• How are milieus as spheres of intervention addressed and arranged to guide 

and control the behaviors of those to be governed? 

• Which cracks, contestations, and contradictions emerge among these spheres 

and between those who govern and their subjects? 

This set of possible questions also displays an apparent resemblance between Fou-

cault’s concepts of biopower/biopolitics, governmentality, and apparatus/dispositif 

and the approach of assemblage thinking outlined above. Both assemblages and ap-

paratuses are thought of as heterogeneous sociomaterial or sociotechnical constel-

lations that discursively and practically define a territory or milieu, respectively, and 

aim at regulating and controlling flows or series of events to achieve strategic objec-

tives. Thus, both terms describe power/knowledge complexes that function as fields 

of force, which constitute agency – as the capacity to act or probabilities of action – 

that emerges through the arrangement of discourses, practices, technologies, mate-

rialities, individuals, and collectives. While the concept of apparatuses highlights sta-

bility and order, however, the idea of the assemblages emphasizes flux and fluidity. 

Hence, Legg (2011) sees both concepts as complementary approaches in a dialectic 

relationship. 

Dölemeyer and Rodatz’s (2010) review of governmentality studies supports Legg’s 

assessment. Assessing the field of governmentality studies, they find a prevalence of 

research following a static understanding of governmental rationalities and pro-

grams, neglecting governmental technologies as research subjects and instead si-

lently assuming that rationalities and programs of governing are smoothly translated 

into governmental technologies on the ground. Thereby, they overemphasize the dis-

cursive aspect of governmental rationalities and programs, while ignoring their prac-

tical character as well as the cracks, contestations, and contradictions that occur be-

tween the distinct yet entangled governmental spheres. Bröckling et al. (2011) found 

the same dominance of static concepts of governmental rationalities and programs 

as well as of research that focuses on the discursive aspects of governmentality. How-

ever, the role of governmental technologies – and more specifically, material artifacts 

and material technologies – remains substantially underresearched (Dölemeyer & 
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Rodatz 2010, Valverde 2010, van Dyk 2010). This negligence is remarkable, especially 

as governmental knowledge/power relations are increasingly digitally mediated. 

As the assemblage approach attempts to highlight the fluid and transitory character 

of social phenomena and the materiality of the social, it is a valuable complementary 

concept to Foucault’s concepts of biopower/biopolitics, government, and dispositifs. 

Yet, as seen above, it remains slightly conceptual and vague. Hence, in the next sub-

chapter, I introduce ANT as a more concrete approach to analyze the links between 

technology, knowledge, and social control as exerted by police. Thus, ANT provides 

the theoretical vocabulary and methodological sensitivity to understand technolo-

gies and artifacts as performative agents within social or sociotechnical formations 

of distributed, negotiated, and contested agency. 

3.5 Actor-network theory: A sociology of translation 

Policing increasingly relies on digital ICT to gather, store, process, distribute, and uti-

lize information on crime, the city, and its population. Thus, this dissertation focuses 

on the role of digital technologies within police surveillance and knowledge practices 

and asks how knowledge is generated and control exerted in the growingly digitally 

mediated field of policing. Actor-network theory is a helpful tool to pursue these 

questions. 

Actor-network theory is based on the observation that modern social theory predom-

inantly operates with a term of the social that is centered around humans, groups, 

organizations, individual and collective agency, and (inter-)actions among humans, 

groups, organizations, and institutions at various aggregate levels, as well as the col-

lective phenomena deriving from or initiating and shaping individual, institutional, or 

collective activities. Anything outside of this social world is merely considered context 

or the result or subject of social processes; thus, it is denied significant explanatory 

value for the emergence, maintenance, and transformation of social formations. Ac-

tor-network theory wants to overcome this reductionist concept of the social and 

instead open this exclusive sphere to elements and phenomena that are typically ig-

nored, bypassed, or diminished by social research, such artifacts and technologies. 
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It [ANT, NC] simply says that no science of the social can even begin if the 

question of who and what participates in the action is not first of all thor-

oughly explored, even though it might mean letting elements in which, for 

a lack of a better term, we would call non-humans. [...] The project of ANT 

is simply to extend the list and modify the shapes and figures of those 

assembled as participants and to design a way to make them act as a 

durable whole.[…] [W]hat is new is not the multiplicity of objects any 

course of action mobilizes along its trail […]; what is new is that objects 

are suddenly highlighted not only as being full-blown actors, but also as 

what explains […] the overarching powers of society, the huge asymme-

tries, the crushing exercise of power (Latour 2007: 72). 

By annihilating the dichotomy and asymmetry between the two spheres in favor of a 

“generalized symmetry,” ANT tears down the wall between the social and material 

that were erected by modern social theory and social science (Latour 2005, Nimmo 

2011, Schulz-Schaeffer 2000). This concept of “generalized symmetry” advocates for 

the use of the same analytical terms and concepts for human and non-human ele-

ments when investigating them as subjects of study that can be considered as soci-

otechnical or sociomaterial constellations (Callon 1986, Latour 1994). 

Furthermore, ANT examines the social as networked links among heterogeneous hu-

man and non-human elements that interact with each other, thus establishing asso-

ciations that can potentially constitute durable constellations – in ANT’s terminology: 

sociotechnical networks or actor networks. For ANT, “[i]terally there is nothing but 

networks...” (Latour 1996: 3). Such networks can be found on any scale. A laboratory 

or office space can be investigated as a network as much as global trading systems, 

an airplane, or a police organization. Consequently, studies following the ANT ap-

proach range from analyzing speed bumps (Latour 1992) to exploring Portuguese co-

lonialism (Law 1986). 

As there is no exhaustive or clear-cut definition for the properties that qualify a net-

work, it falls to empirical research to discern networks, their defining functions, pro-

cesses, and qualities as well as their expansion and limits. Yet, in a very simple way, 

wherever there are traces of interactions between human and non-human elements 

interlinked with each other and affecting each other’s actions, there are actors-net-

works. In some cases, the description of networks could be extended infinitely and 
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infinitesimally. It is then dependent on the researchers, their resources, their re-

search interests, their empirical material, and the analytical tools available to them 

how thoroughly and exhaustively a given network can be described (Latour 2005). In 

other cases, though, the edges of a network are visible. Then, researchers can, for 

example, detect and describe the spatial or temporal limits of a network. The limits 

of networks may as well be detectable when actors within a network successfully 

deny others access, when actors refuse to integrate into existing networks, or when 

the formation of durable links among actors fails. Then, the limits of networks can be 

defined along such processes and configurations of inclusion and exclusion, associa-

tion and dissociation (Schulz-Schaeffer 1998). 

In contrast to other social theories, ANT does not reserve the term “actor” for hu-

mans, groups, or institutions capable of sensible, meaningful, reflexive, and inten-

tional actions. Rather, “actor” or “actant” denotes all entities capable of forming as-

sociations with other entities and modifying those entities’ actions. Thus, actors 

make actors act. Alterations in others’ actions are achieved through the interlinkage 

of programs of action. This term describes the set of tasks and functions, capacities 

and capabilities, practices and processes, goals and objectives of action at an actor’s 

disposal. If programs of action are successfully interlinked, actors can act collabora-

tively as a network comprised of multiple interacting human and non-human ele-

ments. Such heterogeneous formations of networked interactions enable novel ca-

pacities, abilities, possibilities, and objectives of action for the overall network and 

transform those of its constituents. Thus, cooperation alters the programs of action 

of the entities that cooperate. At the same time, successful cooperation results in a 

shared program of action deriving from the interlinkage of the distinct programs at 

play (Callon 1987, Callon 1991, Callon & Latour 1981; Latour 1994; Schulz-Schaeffer 

1998). Thus, actor networks can be described as constellations of distributed agency 

or interagency that emerge through the associations between the actors (Rammert 

2008). 

According to ANT’s definition of an actor, actors can only be conceived of and studied 

as entities in relation to other entities. Their particular forms and functions derive 

from the relationships that they entertain with the networks they are part of and 

with the entities they are linked to. 
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The actor network is reducible neither to an actor alone nor to a network. 

Like networks it is composed of a series of heterogeneous elements, ani-

mate and inanimate, that have been linked to one another for a certain 

period of time. […] An actor network is simultaneously an actor whose 

activity is networking heterogeneous elements and a network that is able 

to redefine and transform what is made of (Callon 1987: 93). 

It is then ANT’s analytical claim to describe the activities and interactions among the 

constituents of a network that form, establish, maintain, and alter an actor-network 

(Callon 1987, Latour 2005, Nimmo 2011). As such, a network’s activities can be stud-

ied along with its internal processes and the functions and tasks of its components 

(Callon & Latour 1981). In this context, networks are understood as dynamic constel-

lations wherein the strategies, objectives, functions, tasks, roles, capacities, and pos-

sibilities of the network as a whole – as well as of the elements it contains– are con-

stantly negotiated (Callon 1987). It is in these processes that agency is delegated, 

distributed, and coordinated among the involved actors. Here, “[…] technical objects 

define a framework of action together with the actors and the space in which they 

are supposed to act” (Akrich 1992, 208). Thus, material and technological devices and 

systems undertake critical functions within these dynamic constellations. They can 

make networks more durable by locking their components into their designated func-

tions and coordinating their activities, thus allowing networks to expand in time and 

space. 

As the various elements of a network communicate and interact to negotiate tasks, 

functions, roles, and objectives of and within the network, they inscribe information, 

knowledge, protocols, and procedures into the materiality and technicity of the arti-

facts, devices, and technological systems mobilized to function within the network 

(Latour 1994). Therefore, tasks and functions are distributed and delegated among 

the members of a network so that particular programs, options, capacities, and re-

strictions of action emerge for the individual constituents of a network, which are 

interlinked to form the network as a whole with its collective programs, options, ca-

pacities, and restrictions of action. Hence, artifacts, technological devices, and sys-

tems provide scripts of action for the networked interactions that constitute soci-

otechnical constellations or actor networks, as they relate the actors involved to one 
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another and thus establish spaces of possible actions. Artifacts tie actors into net-

works along particular functions and practices, thus exerting a prescriptive function 

that stabilizes and expands the network by strengthening the distribution and inter-

linkage of tasks, functions, and practices (Akrich 1992, Latour 1991, Latour 1994). In 

these processes of interaction and cooperation, tasks, programs, information, and 

knowledge must be constantly translated among the constituents of a network. 

The term “translation” describes processes that aim at (re-)defining the identity, 

functions, properties, and actions of any entity, creating a relationship between var-

ious entities to make them act toward specific goals, thus establishing an actor net-

work (Schulz-Schaeffer 2000). Outlining the process of translations, Michel Callon 

(1986) discerns five characteristic phases of translations. 

1. Problematization: Here, a set of relevant actors – along with their tasks, func-

tions, and roles – is defined as necessary to accomplish a common goal. Fur-

thermore, obligatory passage points (OPPs) are established, determining the 

processes capable of intertwining the relevant actors and aligning them to a 

shared agenda. 

2. Interessement: This process tests protocols and procedures as outlined during 

problematization to persuade or coerce the identified actors into their pro-

posed tasks, functions, and roles. 

3. Enrollment: Successful interessment leads to enrollment – a situation in which 

interrelated roles, tasks, and actions have been negotiated, distributed, and ac-

cepted by participating actors so that a network is established. 

4. Mobilization: If the actors defined and constituted as a network through pro-

cesses of problematization, interessement, and enrollment act according their 

ascribed roles, tasks, and functions in the network’s established context, the 

constituents of the network have been successfully mobilized. Successful mo-

bilization is dependent on generating mobile information about the networked 

actors and their actions, thus monitoring and controlling them to make them 

act according to the objectives established for the network. 
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5. Dissidence: Actor networks are prone to fail at any of the steps described above 

or as members of an association may retrieve from a network or undermine, 

subvert, or sabotage the delegation of tasks that keeps it running. The term 

“dissidence“ highlights this fragility of actor networks. 

These phases do not necessarily build on one another linearly. Instead, progress, re-

gress, and stagnation can be observed within networks, and the processes ascribed 

to the distinct phases of translation may occur simultaneously regarding the various 

sets of actors within a network. 

The term translation describes operations that ANT understands to be critical to con-

stitute actor-networks as they interlink and align the programs of actions of their 

members, consequently enabling their communication and cooperation resulting in 

a distributed agency capable of working toward shared goals and objectives (Latour 

1994; Rammert 2003, Rammert 2008, Rammert 2011, Schulz-Schaeffer 2000). 

To establish or to change a certain relation with an entity means to rede-

fine – to ‘translate’ – this entity’s programmes (!) of action. In such a pro-

cess the redefining entities programmes (!) of action will change to a cer-

tain degree, too. According to actor network theory, translation – i.e. re-

defining other entities’ identities, characteristics and programmes (!) of 

action – is the elementary operation of network building. Not believing 

that society and technology are separate spheres, actor network theory 

holds that relations between humans, between technological artefacts, 

and between humans and technology do not develop separately but as 

the co-evolving result of translation operations with humans and artifacts 

both being translators and subject to translations. Implementing and us-

ing technology within a certain context of human action thus implies a 

redefinition of the respective human programmes (!) of action as well as 

a redefinition of technical artifacts’ programmes (!) of action and this 

leads to a new overall programme (!) of action (Schulz-Schaeffer 2006: 

132). 

Where translations are inscribed into the materiality of artifacts and technicity of 

technologies, they can be made more durable. Yet durability represents a relative 

term, as actor-networks are characterized by a constitutive fragility that requires 

more or less persistent maintenance. 
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Translations may change as time passes. Sometimes they are a product of 

compromise and mutual adjustment negotiated through a series of itera-

tions. And when they are embodied in texts, machines, bodily skills and 

the rest, the latter become their support, their more or less faithful exec-

utive. At one extreme the latter may be an isolated and homogeneous 

intermediary. And at the other it may be a hybrid cascade of intermediar-

ies with articulated roles, links, and feedback loops between the actors. In 

either case, a concern with translation focuses on the process of mutual 

definition and inscription (Callon 1991: 143). 

Translations are not unidirectional processes. The formation of networks is negoti-

ated among the various actors as they communicate and interact. It is in these pro-

cesses of interaction that knowledge and practice take their concrete form. Here, 

some of the mobilized elements may function as intermediaries – as close-to-neutral 

vehicles of communication and interaction (Latour 2005: 39-40). Usually, though, the 

components of a network act as mediators – performative and transformative agents 

interfering in processes of translation. 

[…] [T]he chain is made of actors […] and since the token is in everyone’s 

hands in turn, everyone shapes it according to their different projects. This 

is why it is called the model of translation. The token changes as it moves 

from hand to hand and the faithful transmission of a statement becomes 

a single and unusual case among many, more likely, others (Latour 1984: 

268). 

Successful translations produce a co-functionality within networks of heterogeneous 

elements that enables cooperation within a constellation of distributed agency. 

Where there is a high level of stability within co-functional network constellations, 

ANT speaks of irreversibility. In a state of irreversibility, the processes, roles, func-

tions, and programs within a network are hardly altered; they are quasi-naturalized. 

In this case, networks function as black boxes. Processes of cooperation, prior nego-

tiations, conflicts, and contestations – as well as alternative processes, practices, and 

programs – are hidden under their surface and not further debated (Akrich 1992, 

Callon und Latour 1981). 

Yet even when they reach a state of irreversibility, actor-networks always entail fields 

of possible actions, which are open and contingent to a degree. Scripts may be re-

read, re-written, or ignored; new actors may emerge, or established actors may dis-

solve or retreat; functioning processes and relations may break down or alter over 
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time. All black boxes are leaky black boxes. Thus, even stable networks are fragile. 

They need maintenance and care even if successful inscriptions can lower the neces-

sary effort. 

One of ANT’s key questions is how knowledge is generated through the interplay of 

heterogeneous actors. Gathering, storing, circulating, and processing information is 

an instrumental activity conducted in these networks. Actors’ capabilities and capac-

ities, tools and methods to generate, handle, and utilize information on others is con-

stitutive for the capacities to connect them and control their activities with regards 

to the roles and functions they are ascribed (Latour 1986, Latour 1995, Law 1986). 

Thus, information and knowledge practices in sociotechnical constellations are defin-

ing features of the qualities of an actor network. Hence, questions concerning infor-

mation and knowledge practices in digitally mediated constellations resonate well 

with questions of surveillance. 

Utilizing an ANT perspective, knowledge practices must be understood as processes 

of co-construction that play out among human and non-human actors. “Yes, the sci-

entific facts are indeed constructed, but they cannot be reduced to the social dimen-

sion: because this dimension is populated by objects mobilized to construct it” (Latour 

1993: 6). Latour’s statement is also valid when discussing the construction of 

knowledge outside the world of science – for example, regarding the artifacts, tech-

nologies, and procedures police agencies deploy when they gather, store, process, 

and distribute data and information to generate knowledge about their sphere of 

action: urban spaces and populations. 

Police knowledge is commonly produced within ensembles of heterogeneous ele-

ments that entail texts, files, guidelines, (institutional) traditions, habits, routines, 

technical and personal knowledge and experience, practices, techniques, technolo-

gies, and diverse stocks of data, information, and knowledge from various human and 

non-human sources. In these hybrid constellations, numerous distinct elements are 

interlinked through processes of continuous communication and interaction that 

translate information among the constituents of a network to create actionable 

knowledge (Callon 1991, Callon 1987, Callon & Latour 1981, Knoblauch 2014). Ac-

cording to Latour (1986), inscriptions play a significant role in such processes of gen-

erating and communicating knowledge. 
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Inscriptions are understood as material representations of information about sub-

jects to be known and controlled. Inscriptions can take the form of texts, tables, 

graphs, databases, maps, or computer simulations. Thus they must be understood as 

“immutable mobiles” (Latour 1986). This term describes data and information that 

has been processed, simplified, and abstracted so that it can be distributed while 

maintaining its optical accuracy without alterations. Hence, immutable mobiles are 

constitutive for the spatiotemporal order of actor-networks, as their mobility and du-

rability contribute substantially to the stability and expansion of sociotechnical con-

stellations, since they enable communication across a network. Consequently, they 

foster its expansion and durability, since immutable mobiles can be combined, aggre-

gated, scaled, superimposed, read, and processed to gain knowledge that allows to 

tie others into a network by monitoring, supervising, and controlling their activities.  

[…] [A] man whose eye dominates records through which some sort of 

connections are established with millions of others may be said to domi-

nate. This domination, however, is not a given but a slow construction and 

it can be corroded, interrupted or destroyed if the records, files and figures 

are immobilized, made more mutable, less readable, less combinable or 

unclear when displayed. In other words, the scale of an actor is not an 

absolute term but a relative one that varies with the ability to produce, 

capture, sum up and interpret information about other places and times 

(Latour 1986: 26). 

The capacities and capabilities to create inscriptions, the qualities of immutable mo-

biles, and the abilities to use them to exert control over actors, interactions, and 

places do vary with the materiality and technicity of the techniques and technologies 

available. Thus, when analyzing the production of knowledge – or more specifically, 

the NYPD’s surveillance and knowledge practices – the materiality and technicity of 

the technologies involved must be considered. 

With the growing capacities and complexities of digital ICT, novel spatiotemporal 

qualities of such networks arise, as more information can be gathered, stored, and 

processed in shorter amounts of time and distributed over long distances in real time. 

Accordingly, the “centers of calculation” within knowledge networks – critical nodes 

where data, information, and knowledge are collected, accumulated, combined, 
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merged, evaluated, assessed, analyzed, communicated, and circulated – are shifted, 

altered, and reconfigured. 

Furthermore, progress in the field of digital ICT enhances the capacities and pro-

cesses to track, control, and steer the actions of others, which enables a growing ex-

pansion of actor-networks and tightens and strengthens the relationships and links 

among network components (Latour 1986). This process becomes visible when ex-

amining the continuous permeation of urban spaces with surveillance technologies, 

which monitor urban spaces and populations by obtaining data and information to 

connect and process it at various centers of calculation, generating knowledge that 

enhances control over these spaces and populations. 

With growingly complex and expansive information and communication infrastruc-

tures and processes, however, translation processes among the involved actors are 

likewise increasingly complex and thereby more prone to errors. Consequently, this 

error susceptibility must be countered with more complex and powerful techniques 

and technologies of “making harder facts” - processes to evaluate, assess, validate, 

contextualize, and interpret data, information, and knowledge (Latour 1986) - for the 

single components of sociotechnical constellations are in a relation of constitutive 

fragility. Thus, their connectivity must be permanently maintained to stabilize a given 

network. Consequently, sociotechnical knowledge practices represent perpetual pro-

cesses integrated into ever-changing actor networks. 

How can a techno-sensitive approach, such as ANT, that provides a vocabulary built 

to include material artifacts and technologies into the exploration of the social, help 

to articulate the digitization of police surveillance and knowledge practices? Moreo-

ver, how does an approach characterized as inherently apolitical and uncritical lend 

itself to a critical interrogation of these practices, intending to decipher the links of 

technology, knowledge, and social control as exerted by police over urban spaces and 

populations in order to fight crime (Dölemeyer & Rodatz 2010, Latour 2005, van Dyk 

2010)? 

Rammert (2011) asks when it is necessary to deploy vocabulary that conceptualizes 

artifacts as actors and agency as distributed agency? He offers the following answer: 
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[W]hen the parts of a technical system are designed to react more flexibly, 

not only in a predefined manner, when the interaction with other compo-

nents inside the system and with its environment may lead to changes in 

its performance, and when system components actively search for new 

information to select behavior or to modify the pre-given script of opera-

tion, then it makes sense to use the vocabulary of agency and inter-agency 

in order to describe the activities that go on in this world of artificial things 

(Rammert 2011: 8). 

The NYC policing assemblage meets these criteria. The NYPD uses numerous techno-

logical tools to gather, store, process, and distribute data that are interlinked with 

discourses, strategies, organizational structures and practices, legal frameworks and 

guidelines, and the activities of clerks, analysts, detectives, street cops, and execu-

tives. It deploys these technologies to generate and utilize knowledge on urban 

spaces and populations, crime, disorder, and police activities. Thereby, the depart-

ment establishes, maintains, manages, and shapes the links among its members, as 

well as its links with the places, spaces, individuals, and populations it intends to po-

lice and control. Radiation sensors, CCTV systems, ShotSpotters, cable networks, 

server systems, databases, software interfaces, GIS, data integration and mining soft-

ware, CompStat, smart phones, and tablets all contribute to monitoring the city, en-

abling streams of data and information that intertwine those being monitored ever 

more tightly with the policing assemblage of NYC. 

It is this growing digitization of police surveillance and knowledge practices that ne-

cessitates a techno-sensitive vocabulary as offered by ANT. Critical studies in policing 

can particularly benefit from an ANT perspective, as this approach helps to recon-

struct the emergence and transformation of actor networks by tracing translations 

as the negotiation, delegation, and establishment of roles, tasks, and functions along-

side the production, distribution, and utilization of data, information, and knowledge 

within networks. Hence, it explores how agency emerges in fields of distributed 

agency and how actors are aligned to function collectively in order to attain certain 

goals. Thereby, ANT tracks how domination or power is executed through processes 

of networking. Simultaneously, ANT allows us to investigate knowledge and surveil-

lance practices as hybrid processes of co-construction that generate the police’s view 

on the links among crime, the city, and its population, enabling particular strategies 

and practices of policing and exerting control. 
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As ANT allows for the reconstruction of the emergence and transformation of actor 

networks, sociotechnical constellations, or assemblages, it supports the de-naturali-

zation of these ensembles. Through the lens of ANT, they are the contingent results 

of negotiations, conflicts, and contestations. As contingent constellations, they also 

appear as subjects of political intervention. Here, ANT extends the field of those who 

are understood as performative agents within these constellations by adding artifacts 

and technologies to the list of possible actors, thus politicizing them to ask how they 

participate in processes of negotiation, domination, and knowing. How are tasks and 

functions delegated among the participating actors? How are they inscribed into the 

programs, materiality, and technicity of artifacts and technologies so that they are 

rendered durable and effective? How is agency distributed through the delegation of 

tasks and functions? Which actors can establish links to others and align them to their 

goals and programs of action through successful translations? In these questions, ac-

tor networks appear as relational fields of forces, as even successful translations are 

somewhat fragile. 

Thus, the contestations, subversions, malfunctions, counterpractices and -programs 

that may occur within sociotechnical constellations can undermine or alter the pro-

grams, distribution of labor, or objectives of a network. By exploring sociotechnical 

constellations as such fields of forces, ANT does not seem that apolitical anymore. 

From an ANT perspective, power results from the ability to form and maintain links 

with others and establish translations among them, which define and delegate their 

tasks and functions in order to pursue particular objectives. To be able to exert power 

or dominate networks thus means to align actors’ with possibly conflicting or contra-

dictory programs of action to act as a whole. Such activities of translation and align-

ment of establishing, maintaining, or transforming the associations that build a net-

work can be observed and described (Latour 1984, Latour 2005). 

To understand the constitutive role of artifacts and technologies within these rela-

tions, ANT provides a vocabulary of a generalized symmetry that is supposed to grasp 

the hybrid complexity of sociotechnical constellations. As it enables a heightened 

sensitivity toward artifacts, materialities, technologies, and technicities, it de-centers 

agency by viewing it as the result of a dynamic interplay of heterogeneous elements. 
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It is then up to the researchers to trace, describe, and analyze this interplay to recon-

struct how knowledge and agency are built. Herein lies a critical quality of ANT when 

investigating police surveillance and knowledge practices, especially against the 

backdrop of an increasingly digitally mediated production of knowledge. Actor-net-

work-theory helps to articulate how data is constructed, collected, stored, distrib-

uted, processed, and analyzed as the theory describes how it is made mobile, legible, 

and combinable and translated among various actors and mediators to gain an infor-

mational surplus. 

Furthermore, ANT investigates how the links among heterogeneous elements are es-

tablished, maintained, and controlled through the circulation and utilization of data 

and information so that they are integrated into and aligned with the network of po-

licing. It helps to reconstruct how visibilities, fields of knowledge, and fields of action 

emerge from the interplay of individuals, collectives, organizations, texts, discourses, 

artifacts, and technologies. It is this hybrid construction of police knowledge that con-

stitutes the concrete subjects and objectives of police work and the strategies and 

practices of policing. 

Thus, examining policing through the lens of ANT proposes the exploration of how 

digital technologies have transformed the knowledge practices by which police de-

fine, generate, and identify risk and suspiciousness to determine specific spaces, in-

dividuals, populations, behaviors, and activities as the subjects of policing measures. 

Against the backdrop of the increasing digitization of our societies, it is of vital inter-

est for critical studies into policing to utilize techno-sensitive research approaches to 

keep pace with this fast-moving transformation in the field of policing. As seen above, 

assemblage thinking, governmentality studies, and ANT can add valuable insight into 

understanding the current transitions. Thus, this dissertation opens these ap-

proaches up for surveillance and policing studies. 
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3.6 Conclusion: The policing assemblage –  the mess of knowing and controlling 

the urban 

In this chapter, I have introduced some of the key assumptions and focal points of 

surveillance studies to establish my perspective on technology, knowledge, and po-

licing in NYC. Furthermore, I have discussed the assemblage approach, Foucault’s 

concepts of biopolitics/biopower and governmentality, and ANT to present the vo-

cabulary and tools that they provide for my analysis. 

I have presented surveillance as an ambiguous process of care and control based on 

the collection of data and information on individuals, collectives, social and soci-

otechnical processes and (inter)actions, spaces, and places. This data and information 

is then stored, shared, and distributed to be processed, evaluated, and analyzed, thus 

sorting, categorizing, and assessing the subjects of surveillance. The knowledge de-

rived from such activities is then used to exert control to guide and steer behaviors, 

activities, and processes according to various contexts and objectives. Surveillance 

must thus be understood as a knowledge/power complex that assumes many differ-

ent forms, as it is co-constituted in context-dependent constellations of actors, ra-

tionalities, technologies, and practices of surveillance. 

As of late, the increasing implementation and utilization of digital technologies to 

gather, process, store, and distribute data and information has been one of the main 

drivers of change in the field of policing. Consequently, investigating the surveillance 

and knowledge practices that have emerged through the datafication of policing in 

NYC requires theoretical approaches that enable me to examine the links of 

knowledge and power and to highlight the role of digital technologies in surveillance 

and knowledge practices. The assemblage approach, governmentality/dispositive 

analysis, and ANT allow me to pursue this task. They all share an acknowledgement 

of the messiness of the social in that they include heterogeneous elements – such as 

humans, organizations, discourses, texts, artifacts, and technologies – in their analy-

sis to determine the dynamics and processes that play out among such messy multi-

plicities so that effects of knowledge and power emerge and unfold. 
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Foucault emphasizes the use of statistical knowledge to define collective phenomena 

and processes as subjects of governmental interventions. From his perspective, in-

creasingly elaborate statistical methods and tools are used to identify risks regarding 

specific milieus and governmental objectives. In this context, he focuses on govern-

mental discourses, or governmental rationalities, and how they structure, shape, and 

program the understanding of particular milieus by offering models for interpretation 

that shape how they emerge as the subjects of governmental technologies. Such 

technologies aim at modifying milieus in a way that governmental goals can be 

achieved by arranging, steering, and managing the heterogenous elements that con-

stitute milieus. Governing is thus exerted as interventions in spaces of possible activ-

ities that stipulate, incentivize, and promote certain behaviors while mitigating, im-

peding, and hindering others to secure the pursuit of governmental objectives. 

Foucault underlines that the governmental technologies of security, or security dis-

positifs, that rely on statistical knowledge and aim at the population as their subjects 

include not only discursive elements but also material objects and social practices. 

Furthermore, he directs the researchers’ view to the resistance and subversions that 

occur within governmental constellations. However, research in the field of govern-

mentality analysis widely focuses on the discursive sphere as it operates with an im-

age of governmental dispositifs as stable formations that can be understood by in-

vestigating the rationalities and programs of governing, which are assumed to be 

seamlessly translated into practice. 

The assemblage approach, as well as ANT, however, underscore the fluid and proces-

sual character of social formations and promote a more consistent understanding of 

these formations as sociomaterial or sociotechnical formations, which they refer to 

as assemblages or actor-networks, respectively. Drawing heavily on the work of 

French philosopher Gilles Deleuze and Felix Guattari, both approaches display strik-

ing similarities. They understand the social/sociomaterial/sociotechnical world as 

consisting of heterogeneous formations, which are comprised of diverse human, 

non-human, discursive, practical, biological, and cultural elements. These elements 

establish interactions with each other that tie them together in pursuit of common 

objectives. To do so, the roles, tasks, functions, goals, and objectives of the single 
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constituents – as well as of an assemblage or network as a whole – are negotiated 

and distributed within these sociotechnical constellations. Hence, assemblage think-

ing and ANT enable a focus on how agency emerges through the interplay of hetero-

geneous human and non-human actors, underscoring the performative capacity of 

artifacts and technologies within sociotechnical ensembles. 

Furthermore, both approaches highlight the assemblages and networks, respectively, 

that they investigate as power/knowledge complexes. The ability to establish and 

maintain associations to other elements or actors to form a network and define ob-

jectives, relations, functions within these formations is understood as the exertion of 

power, dominance, and control. This exertion is dependent on the ability to create, 

obtain, store, distribute, analyze, evaluate, and assess information and knowledge on 

the members of an assemblage/network and the territory and space as well as be-

haviors and activities it aims to control. 

However, unlike Foucault’s concepts of governmentality, biopower/biopolitics, and 

security apparatuses, the assemblage approach and ANT do not analytically favor the 

discursive sphere. Rather, they focus on questions of agency, understood as distrib-

uted agency, through which knowledge and power are constituted in the perpetual 

interactions between human and non-human elements. These interactions can form 

durable yet frail constellations, as objectives, tasks, functions, and their distribution 

within networks are contested, undermined, and subverted so that lines of flight, de-

territorializations, and reterritorializations transpire. Thus, all assemblages and net-

works are, to a degree, fragile and dynamic. 

Even though assemblage thinking and ANT overlap significantly, there are differences 

between the two. For one, the assemblage approach remains rather conceptual and 

nebulous, while ANT offers a more concrete sociological terminology that implies 

particular methodological questions and procedures, as demonstrated in the next 

chapter. Moreover, to reconstruct the emergence and transformation of sociotech-

nical constellations To reconstruct the emergence and the transformation of soci-

otechnical constellations, ANT focuses on the activities of the constituents of certain 
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networks and the interactions they conduct. The assemblage approach, however, in-

vestigates the dynamics of assembling, dissembling, and reassembling as processes 

of defining the territoriality of assemblages as spatiotemporal configuration where 

processes of ordering, controlling, and managing flows of material, information, and 

behaviors can be successfully conducted. 

It is thus that both approaches complement each other well and lend themselves to 

the endeavor of this dissertation. While ANT delineates the interactions of individu-

als, organizational units, and technologies to reconstruct the distributed agency of 

the network or assemblage of policing in NYC, the assemblage approach draws focus 

to the question of how the exertion of this interagency contributes to ordering and 

controlling urban populations and spaces as undertaken by the policing assemblage 

of NYC. Simultaneously, the Foucaultian lens highlights the role of governmental ra-

tionalities and discourses in the development and exercise of governmental technol-

ogies. 

Recently, assemblage thinking and ANT have been growingly received in urban stud-

ies. Authors like Amin and Thrift (2002), Coutard and Guy (2007), Farias (2010, 2011), 

Graham and Marvin (2001), and McFarlane (2011a, 2011b) have portrayed cities and 

urban agglomerations as heterogeneous ensembles built through historic and cur-

rent processes of assembling, dissembling, and reassembling humans, groups, and 

organizations; materials, artifacts, and technologies; and practices, discourses, and 

knowledge. These processes are undertaken by numerous distinct human and non-

human elements with different capacities and capabilities for pushing their concur-

ring, conflicting, or contradicting interests and objectives. In this perspective, cities 

are dynamic and heterogeneous spatiotemporal configurations that underlie perma-

nent processes of negotiation and contestation, disordering and reordering, control 

and subversion, and power and resistance. Police partake in these processes. 

They add to the material and infrastructural make-up of the city by deploying surveil-

lance and communication infrastructure thereby linking various spaces and popula-

tions of the city to the policing assemblage as they generate information to develop 

strategies and practices to order, manage, and control public spaces and the persons 
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and populations in place. Thus, police shape not only the built environment of the 

city but also its socio-spatial dynamics and temporalities. Assemblage thinking and 

ANT put my research focus on such sociotechnical processes of ordering and con-

structing the spatiotemporal configuration of NYC. 

Furthermore, all the approaches discussed in this chapter allow the exploration of 

the NYPD’s surveillance, knowledge, and policing practices and the changes the da-

tafication of the department has brought for them – not from an organizational 

standpoint, as is prevalent in studies on the NYPD, but in examining policing as an 

assemblage constituted by the interactions of heterogeneous human and non-hu-

man elements within the police department and beyond. Thus, I will not just look into 

the NYPD as it is defined by its legal mission and responsibilities, capabilities and re-

striction or by organizational rationalities and culture, structures and procedures but 

into the activities of networking, translating, and inscribing; assembling, dissembling, 

and re-assembling as they are carried out by numerous actors inside and outside of 

the NYPD to form the policing assemblage of New York City. 

I examine these links, associations, and relations as they are established, maintained, 

and altered through the processes of datafication and investigate the practices of 

surveillance, knowledge, and exerting control as they play out within the department 

and through its interlinkages with the urban spaces and populations of the city. Thus, 

investigating the NYPD as a policing assemblage looks past its allegedly clear-cut or-

ganizational structures and procedures and focuses on processes and interactions of 

negotiation and contestation that constitute its functioning and its relations with el-

ements that are not part of the NYPD, but must be understood as part of the policing 

assemblage of NYC, thus tracing the messiness and fuzziness of policing in NYC. 

Obviously, it is impossible to investigate, track, and reconstruct the NYC policing as-

semblage as a whole. Consequently, I present an explorative study to unravel the 

digital technologies and digitized practices of generating and utilizing socio-spatial 

knowledge and their impact on the strategies and practices of fighting street crime 

in NYC. 
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With the following chapter, I introduce the research design and the methods that 

have guided this explorative study. I also outline the methodological implications of 

ANT, as this approach has spawned methodological discussions that are informative 

for this dissertation. Thereafter, I illustrate the reasons for opting to conduct a case 

study of NYC to investigate the interlinkages of technology, knowledge, and policing. 

I then display my data collection and open my methodological toolbox, discussing 

methods such as qualitative content analysis and grounded theory, which I have used 

to explore the collected data. 

4. How I Reassembled the Policing Assemblage of NYC 

In the previous chapter, I introduced the concepts of biopower/biopolitics and gov-

ernmentality, the assemblage approach, and ANT as my theoretical toolkit to de-

scribe and analyze policing as a field of networked interactions among human and 

non-human actors. Following these approaches, I investigate the NYPD not as an or-

ganization, but rather as an assemblage or actor-network comprising persons, of-

fices, groups, knowledge, rulebooks, funding schemes, procedures, stocks of 

knowledge and information, and technologies. As such, policing is a field of practices 

that creates a sociotechnical network, which permanently seeks to spread into the 

urban space and strengthen and tighten the associations it maintains with the indi-

viduals and groups, spaces and places, activities and incidents to be policed. To do 

so, it deploys human and technological agents to gather, store, process, and utilize 

information on crime, the city, and its population to define, identify, and assess 

threats, risks, and suspicion to address them with policing measures. 

So, how does one go about studying policing as an assemblage or actor network? 

Latour (1996: 375) proposes an agenda for those whose mission it is to explore the 

sociotechnical constellations of distributed agency: 

[T]he attribution of human, unhuman, non-human, inhuman characteris-

tics; the distribution of properties between these entities; the connections 

established between them; the circulation entailed by these attributions, 

distributions and connections; of the many elements that circulate and of 

the few ways through which they are sent. 
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For the endeavor of exploring the co-evolution of technology, knowledge, and polic-

ing as it has taken place in New York City over the last 25 years this agenda means to 

map how the NYPD gathers information and from whom, how information is stored 

and circulated as data within the department, how it is combined, processed, and 

transformed at various places and by various persons and units, techniques and tech-

nologies to create knowledge that feeds into strategies which inform policing prac-

tices on the ground. It means to describe the distribution of labor between individu-

als, groups, and technologies to understand how knowledge is generated in a collab-

orative effort that links numerous heterogeneous individual, collective, and artificial 

agents to form a network that monitors, sorts, and polices the city of New York. 

Which concrete tasks, though, does this agenda assign to the researchers examining 

these attributions, distributions, and connections of the New York network of polic-

ing? 

In the following chapter, I describe the methodological framework of my study. As 

debates in the realm of the assemblage approach have not yielded elaborate meth-

odological discussions, as of now, and as studies drawing on Foucault have been re-

stricted to explorations of the discursive sphere, mostly by deploying methods of dis-

course analysis (Fairclough 2012, Van Dijk 1993, Keller 2011) or dispositif analysis 

(Bührmann & Schneider 2008), I focus on the methodological implications of ANT, 

because they are the most instructive for my methodical approach and research de-

sign. Furthermore, methodological considerations deriving from the debates on ANT 

also envelop and operationalize assumptions and concepts of assemblage thinking, 

as they were outlined in the prior chapter. 

Therefore, I introduce ANT as a mainly descriptive path of research that borrows from 

ethnological approaches to understand the interactions between human and non-

human actors. From there, I describe the research design I derived from ANT’s meth-

odological presumptions. I further explain how I have obtained research data through 

expert interviews, a literature review, city walks, and archival work. Researchers in 

the field of policing often face the challenge of difficult field access, and so did I. Thus, 

I elaborate on the problems of finding interview partners and gaining access to re-

search sites. Thereafter, I present the methods of data analysis I applied. I finish the 
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chapter by discussing the analytical focus of this study, as implied by the research 

design and methods I have chosen. 

4.1 Methodology: How to speak about a world of messy networks. 

With ANT, nothing is clear-cut. Accordingly, to understand what is happening in the 

messy formations of exploration, there is no benefit to forcing order upon them by 

dividing and rearranging them along overarching explanatory frameworks (Mol 

2010). Thus, ANT does not offer precise procedures or a distinct set of tools to model, 

order, and decipher a research subject. Rather, it provides an ontology, which implies 

a methodological sensibility (Law & Lien 2012, Law & Singleton 2013). This sensibility 

transpires from the terms and concepts introduced in the prior chapter: translation, 

inscription, interagency, and so on. They form a lens that examines subjects as het-

erogeneous ensembles of humans, artifacts, practices, and knowledge without prior-

itizing one over the others. Instead of distinguishing neatly between the social, ma-

terial, and natural worlds to define the first realm as the one appropriate for socio-

logical inspection, ANT combines all these spheres, transforming the familiar social 

world into an alien sphere containing hybrid constellations of cyborgian quality, in 

which texts, things, and machines – as well as individuals, groups, and institutions –

interact with each other to build ever-changing associations. It is this deliberate al-

ienation that is supposed to better describe the messy nature that the authors of ANT 

attribute to the world. 

Law (2006: 2) highlights that if the world is a heterogeneous mess, social scientific 

approaches that follow this assumption must adapt their methodological concepts 

and research practices accordingly. 

[…] [R]esearch needs to be messy and heterogeneous. […] It needs to be 

messy and heterogeneous because that is the way the largest part of the 

world is – messy, unknowable in a regular and routinised way. Unknowa-

ble, therefore, in ways that are definite and coherent. […] Clarity doesn’t 

help. Disciplined lack of clarity, this may be what we need. 

This missing commitment to specific methods and explanatory models is shared by 

many proponents of ANT (Latour 2005, Law 2004, Mol 2010). As each method brings 
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specific elements to the surface, it obscures others. It is this synchronicity of presence 

and absence that fosters ANT’s reservations against defining a clear set of methods 

of inquiry. As every method already contains presumptions regarding the relevance 

of certain aspects of the study subject, methodological choices exert an authority 

over their subjects as well as the researchers. Each method implies a hierarchy of 

elements and processes of social constellations, which are assumed to be capable of 

structuring these constellations and causing effects within them; a particular meth-

odological approach can then render them visible for explanatory purposes. Dis-

course analysts find discourses to be the key explanations for social phenomena, 

while interactionists find the social realm built from human interactions starting at a 

micro-level, and neo-Marxists examine the structures and dynamics of the produc-

tion and distribution of commodities as the driving forces of social change. ANT does 

not deny the necessity and value of these approaches and the methodological tools 

they have developed and applied (Law 2004: 5). Nevertheless, it tries to avoid the 

prioritizations and analytical hierarchies that come with methodological presump-

tions when approaching its subjects. 

As actor networks are heterogeneous, messy, and fuzzy constellations, in which it is 

not clear who acts, what acts, or even where action is located, ANT tries to find ways 

to follow its principle of a generalized symmetry when conducting research. Accord-

ingly, it rejects pre-sorting its fields of inquiry along any explanatory models or con-

cepts of the stratifications of actors and relations or roles and functions in these 

fields. It reconstructs the mess rather than sorting it to reduce complexity. However, 

ANT does not deny that there is order and hierarchy to be found within the constel-

lations it examines, but it wants to leave the authority of defining these orders and 

hierarchies to the actors who actively participate in them. 

It is as if we were saying to the actors: ‘we won’t try to discipline you, to 

make you fit into our categories; we will let you deploy your own worlds, 

and only later will we ask you to explain how you came about settling 

them.’ The task of defining and ordering the social should be left to the 

actors themselves, not taken up by the analyst. […] The search for order, 

rigor, and pattern is by no means abandoned. It is simply relocated one 

step further into abstraction so that actors are allowed to unfold their own 
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differing cosmos, no matter how counter-intuitive they appear (Latour 

2005: 23). 

Therefore, ANT is a descriptive approach more than an explanatory one. It favors 

comprehensive descriptions of its research subjects, which reassemble the phenom-

ena it studies along the practices of ordering, as they are conducted by the subjects 

of the research themselves. Hence, ANT resembles ethnographic approaches, trying 

to grasp the complexity of creating social order, meaning, and knowledge through 

interactive practices with thick descriptions of observations made in long-term re-

search projects on the sites they study (Baiocchi et al. 2013, Geertz 1973, Mol 2010, 

Rammert 2007). Thus, a number of ANT-guided studies were conducted as case stud-

ies, deploying qualitative methods also common in ethnography, such as participa-

tory observations, narrative interviews, and expert interviews (Baiocchi et al. 2013, 

Mol 2010, Rammert 2007). In contrast to ethnographic approaches, though, ANT 

does not reserve the work of creating order, meaning, and knowledge for human ac-

tors. It instead expands the list of potential actors and practices by being sensitive 

toward the activities of non-human actors and the functions and roles they have 

within the relationships that form the order of social or sociotechnical constellations. 

Rammert (2007) speaks of such techno-sensitive ethnographies as technographies. 

Critics have accused the theorists of ANT of a naïve empiricism, as entering a research 

field without any presumptions on its constitution and workings is simply impossible. 

Any researcher enters his/her field of research with assumptions, research interests, 

and objectives that guide his/her attention, questioning, and reasoning. Further-

more, as seen in the prior chapter, ANT itself delivers a set of terms, assumptions, 

and concepts regarding the fundamental make-up and workings of the realms it stud-

ies. Nevertheless, it does not deliver an explanatory model that excludes certain ele-

ments as potential explanations while defining others as such, nor does it intend to 

develop such models. Actor-network theory offers an ontology that advocates for 

openness when asking how social formations emerge and persist and who and what 

constitutively contributes to them. Therefore, ANT includes the world of materiality 

and technology but also the natural world, highlighting the multiplicity of the phe-

nomena it engages with. This is the main goal of ANT: opening investigations of the 

social to elements, which are traditionally eliminated by social theories, and to the 
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practices that link them. The terms, assumptions, and concepts it delivers serve this 

purpose. 

To be inclusive they are weak (Mol 2010). They are not to be understood as a pre-

cisely defined vocabulary and set of fixed models, but they remain open, so that they 

can be filled and specified by the actors in the field. This way, ANT’s terminology is 

supposed to remain “sensitive to ethnographic surprises” that might drag the re-

searcher away from his/her initial assumptions, interests, and objectives (Law & Sin-

gleton 2013: 488). Latour (2005), therefore, characterizes ANT’s vocabulary as an in-

fralanguage for the researcher to become more attentive to the meta-language the 

actors in the field deploy for their work of associating and ordering. 

I find it best to use the most general, the most banal, even the most vulgar 

repertoire so that there will be no risk of confusing the actors’ own prolific 

idioms. Sociologists of the social, as a rule, do just the opposite. They are 

keen to produce precise, well chosen, sophisticated terms for what they 

say the actors say. But then they run the risk of confusing the two meta-

languages – since actors, too, have their own elaborate and fully reflexive 

meta-language. […] ANT prefers what could be called an infralanguage, 

which remains strictly meaningless except for allowing displacement from 

one frame of reference to the next. In my experience, this is a better way 

for the vocabulary of the actors to be heard loud and clear […] (Latour 

2005: 29-30). 

To understand the constitution and dynamics of the fields it investigates, ANT sug-

gests describing them with terms like “translation,” “inscription,” and “programs of 

action.” This vocabulary – or infralanguage – remains the same from study to study, 

case to case. What these terms mean in the particular constellations under scrutiny, 

though, is left to the involved actors to define. 

Thus, ANT tries to translate its assumptions on the heterogeneous, messy, and fuzzy 

character of its subjects into an open set of terms and concepts that allow for this 

character to be grasped without forcing an analytical order on it (Mol 2010). With its 

vocabulary, ANT reconstructs how networks are formed and transformed by describ-

ing a network’s members, their actions and interactions, and the connections they 

make and maintain among each other to form constellations of distributed agency. 
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Rammert (2007: 15-16) summarizes this process of reassembling sociotechnical con-

stellations under the four methodological ground rules of technography: “Follow the 

practices! Follow the objects! Describe the relations! Describe the interactivities!” 

(translation, N.C.). 

The first step for following these rules is simple: compiling a list of the actors involved 

in a network. This list is supposed to be as extensive as possible. It should include all 

the elements of a network that contribute to its formation and transformation. All 

the texts, individuals, groups, machines, software, resources, and places that are 

mentioned and referred to by texts, individuals, groups, machines, software, re-

sources, and places can be added to the list of actors. This openness serves to execute 

ANT’s assumption of generalized symmetry. 

No element that might contribute to the emergence and maintenance of a network 

should be left aside, and no hierarchy between the elements should be determined. 

At this point, the list of actors remains flat. The elements on the list can also be la-

belled with the roles they have within the network being investigated. What do the 

actors do? Do they serve as intermediaries or mediators? What are their tasks and 

functions? How do they alter their environment and meaning, and which traces do 

they leave behind in the network? To grasp the dynamic of a network, actors may be 

added to the list, while others are subtracted. Therefore, following the network over 

time, the changing execution of functions, delegation of roles, and distribution of la-

bor within a network can be tracked. Certain tasks are thus traced as they wander 

from one actor to another, emerge, or vanish. 

The identification of actors and allocation of their tasks, functions, and identities 

leads to the next step of inquiry: mapping the connections the actors make and main-

tain among each other. How do they relate to each other? How do they gather re-

sources and circulate them to establish associations with other actors? Which dis-

courses do they refer to? How do they make other actors act on their behalf? How 

do they stipulate, enable, mitigate, hamper, shape, or direct the activities of others? 

Which output do the activities of certain actors create? How do they pass it on to 

others for further processing, so that chains and loops of interactions, distributed and 
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interlinked programs of action emerge? Which routes do resources, discourses, and 

information take, and how are they maintained and altered when they run through 

the networks and their nodes? How do actors coordinate their activities? How do 

they cooperate? Simultaneously, controversies, resistance, and malfunctions must 

be documented. How are the boundaries between actors and collectives drawn, en-

acted, and fixed; how do actors resist enrollment in these networks; and how do they 

undermine scripts to transform their programs of actions? How do they reject the 

identities, roles, and functions they are pushed to accept? How do they muster re-

sources and allies to form anti-groups, putting their own agenda into practice? 

With ANT, it is the researcher’s job to trace these interactivities and relations, map-

ping how groups are formed and transformed and how, in this process, the identities 

of its members and groups as wholes are defined, fixed, and altered. Following the 

links and activities, which tie the various actors together, this ordering can be ob-

served. It becomes visible how certain actors can align others and their activities ac-

cording to their agenda, while others fail to do the same. It becomes visible how 

nodes link various actors and chains of actors to form networks. It becomes visible 

how resources and information flow through the networks and how they are aggre-

gated, processed, and changed. It becomes visible how tasks and functions are as-

signed and linked to generate constellations of distributed agencies. 

While tracing, listing, and mapping all the elements of a network along with the in-

teractivities that link and order them, ANT’s vocabulary is supposed to help staying 

cognizant of the crucial role of actors that are often neglected or overlooked by social 

theories, namely artifacts and technologies, since this vocabulary is not reserved for 

human actors, but it is to be applied for all the participants at work in a network. This 

way, researchers are urged to remain open to who or what the defining elements of 

a situation are, instead of entering a field of study with a given hierarchy of categories 

sorting actors and their actions in regard to their functions within the field. 

By opening the list of the actors and activities to be captured and described, ANT aims 

to enable detailed descriptions which mirror the messiness of its subjects. Doing so, 

it refrains from applying or developing general explanatory models (Law & Singleton 
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2013, Mol 2010). That does not mean, though, that the advocates of ANT would not 

claim explanatory power for their approach. Rather, Latour argues that from an ANT-

stance, there is no difference between a detailed description and an explanation. 

Actor networks do connect and by connecting with one another provide 

an explanation of themselves, the only one there is for AT (ANT, N.C.). 

What is an explanation? The attachment of a set of practices that control 

or interfere on another. No explanation is stronger or more powerful than 

providing connections among unrelated elements, or showing how one 

element holds many others. […] They become more or less explainable as 

they go and depending on what they do to one another. Actors are clean-

ing up their own mess, so to speak. Once you grant them everything, they 

also give you back the explanatory power you abandoned. The very divide 

between description and explanation, hows and whys, blind empiricism 

and high theorizing is meaningless to AT … […] One does not just jump 

outside a network to add an explanation – a cause, a factor, a set of fac-

tors, a series of co-occurrences… (Latour 1996: 379). 

There is no outside to a network that could explain what happens within a network. 

Within a network is a meta-language that reflects what is happening there as those 

who are part of the network observe, reflect, and communicate what is happening 

around them. “Actors do the sociology for the sociologists and sociologists learn from 

the actors what makes up the set of their associations” (Latour 2005: 32). There is no 

context, structure, or system operating above or beyond a network that could or 

must explain network processes. If something has an impact on a network and its 

constituents, it is itself part of the network, as it is efficaciously associated with it by 

making changes in the network. These changes leave traces, and these traces can 

then be observed. Describing these traces is everything ANT demands from a re-

searcher. “There is nothing better, sturdier than a circumstantial description of net-

works” (Latour 1996: 380). 

In the end, ANT’s methodological claim is simple. The world that social scientists are 

exploring is a fuzzy mess. Describing this world in all its richness requires being sen-

sitive, attentive, and open, especially to those elements that have long been ne-

glected by social theory: things, artifacts, and the relations and practices they are part 

of and contribute to. Only by considering them can we understand how knowledge 
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is created and how social order is made, maintained, and altered. Thus, ANT wants 

to provide a vocabulary that enables this kind of artifact sensibility. Its vocabulary can 

assist and guide the navigation of the cyborgian spheres of sociotechnical assem-

blages to compile extensive lists, detailed maps, and thick descriptions of how actor-

networks emerge, persist, evolve, and dissolve. 

In the following subchapter, I present the research design of my study and the meth-

ods I deployed to gather and evaluate the research material that allowed me to fol-

low the actors and objects of policing in NYC and list, map, and describe their rela-

tionships and activities to understand the co-constitutive dynamics among technol-

ogy, knowledge, and policing. 

4.2 Research design: Why sometimes a single case is enough. 

Actor-network theory favors single-case studies as its research design of choice. The 

design of single-case studies complements ANT’s approach of studying actor-net-

works in action and its idea that these networks are often messy and fuzzy. Yin (1981: 

98) emphasizes that case studies offer an adequate format to study situations or phe-

nomena when “an empirical inquiry must examine a contemporary phenomenon in 

its real-life context, especially when the boundaries between phenomenon and con-

text are not clearly evident.” This statement resonates with ANT’S idea that the sub-

ject of research is often not clear. Thus, it is often impossible for the researcher to 

define the shape and boundaries of his/her subject a priori. Rather, it is the re-

searcher’s job to follow the actors as they define the edges, hierarchies, and orders 

of a network or separate the phenomenon being investigated from its context, so to 

speak. 

Furthermore, case studies are often conducted in the field to provide a deeper un-

derstanding of how processes play out in their respective contexts. Alongside the in-

tense preparation and post-processing that field work demands, field research allows 

the researcher to gather a broad and multifold set of data. This richness of data builds 

the foundation for thick descriptions of the heterogeneity and dynamic that charac-

terizes the situations and phenomena ANT is interested in examining. It also fosters 

the openness and sensibility to “ethnographic surprises” that ANT tries to evoke. 
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“Case studies are thus rightly identified with ‘holistic analysis’ and with the ‘thick de-

scription’ of events” (Gerring 2011: 341-342). This assessment is especially true for 

single-case studies. 

The openness and sensibility that single-case studies facilitate also make them attrac-

tive for explorative research endeavors. These qualities again contribute to the re-

search interests found in the field of ANT-guided studies, which often examine mo-

ments of rupture, characterized by the advent of an innovation or a crisis, leading to 

the emergence of new networks or notable reconfigurations and shifts in existing 

networks (Latour 2005, Rammert 2007). These reconfigurations and transformations 

can then be explored in greater depth through focused case studies. As shown in the 

previous section, the ontological vocabulary that ANT offers is supposed to create a 

deliberate alienation of the researcher from his/her subject, which, in the best case, 

can turn any situation of study into an unknown sphere that awaits exploration. Thus, 

single-case studies, due to the richness of data they allow and the empirical openness 

they encourage, provide an adequate research design for studies following an ANT 

approach, attempting to reassemble the complexity, multiplicity, and novelty of the 

phenomena they study without excluding elements as valid explanations a priori. 

Reviewing the case NYC makes for policing, since the mid-1990s, fundamental trans-

formations have been initialized as a result of high crime numbers, which repre-

sented a crisis of policing. The police have thus integrated a steadily growing number 

of technological devices and systems into their organization to collect and manage 

data, information, and knowledge on crime, persons, groups, and places. Over the 

past 25 years, the NYPD has implemented countless new sensors to monitor urban 

spaces, such as CCTV systems, gunshot detectors, and ALPR. It has expanded the 

scope and scale of its databases and integrated them into a system that has increased 

and accelerated the flow of data and information throughout the department. It has 

installed data analysis tools like crime mapping applications, link analysis, and predic-

tive policing software. It has also made changes in its organizational structure, pro-

cedures of measuring performance, and allocation of resources. It has tested new 

strategies of policing based on approaches like evidence-based policing, intelligence-

led policing, predictive policing, community policing, and broken windows policing. It 
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handles information from countless sources of different types: victims, suspects, and 

witnesses; officers’ experience, observations, and informants; handbooks, guide-

lines, and statistics; and video footage, databases, and social networks. It is hence 

obvious that the NYPD is a heterogeneous, messy, and fuzzy assemblage comprised 

of, linked to, and including countless groups, agencies, and institutions; laws, orders, 

and directives; technologies, discourses, and practices; and traditions, resources, and 

places. 

It was this entangled multiplicity of actors and technologies, of data, information, and 

knowledge and the interactions that tie them into a network of policing that led me 

to select a single-case study as the research design for my project. Any case study can 

be understood as “an intensive study of a single unit for the purpose of understanding 

a larger class of (similar) units” (Gerring 2013: 6). So, what is the larger class of similar 

units that studying the NYPD helps to understand? What makes NYC a case? 

4.3 Choosing a case: Why New York City? 

At first glance, it is hard to see why New York represents an informative case for re-

searching urban phenomena; if it does, how does it make a case for more than a very 

selected class of cities worldwide? New York is a special city. It is by far the largest 

city in the US and the center of one of the largest metropolitan agglomerations world-

wide. In any regard, New York is one of the leading global cities. Its key position in 

the global city network is only rivaled by London, according to those who compare 

and rank the worldwide status of cities. 

New York is highly integrated in the global economic system; it is home to the head-

quarters of numerous globally operating companies and serves as a global financial 

center. Thus, it can be understood as a command center of the global economy. The 

same counts for the political sphere, where New York hosts a large number of globally 

active institutions, such as the United Nations and many of its sub-organizations. The 

city also functions as a key hub for the transport of persons and goods with its three 

international airports and the largest port on the U.S. East Coast. Furthermore, New 

York claims an outstanding position in the field of education with a large and diverse 

system of higher education that attracts students and faculty from across the world. 
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The cultural and creative industry have also made NYC one of their worldwide cen-

ters. As a top spot for real estate developments and investments, New York is buzzing 

with construction. Consequently, NYC is the destination for immigrants from across 

the world. Of the 8.6 million people living in New York in 2017, more than 37% were 

born outside of the US, making the city one of the most ethnically and culturally di-

verse spots in the world. Similar dynamics at such a scale can only be found in a hand-

ful of cities worldwide. Thus, Mollenkopf (2008: 244) suggests that “one must only 

compare New York to its peers – London, Paris, Tokyo, and such emerging centers of 

economic and professional expertise as Shanghai, not to mention Chicago and Los 

Angeles – not study it as an assumed global template”. Even though Mollenkopf re-

fers to the limited validity of New York as a case for comparative urban studies, one 

could transfer this argument to the field of policing studies. New York’s prominent 

role as a leading global city and the particular impact this role has on its social and 

cultural dynamics, in a way, translate into policing. 

As the largest police department in the US, the NYPD must confront higher volumes 

of crime, disorder, and conflicts than police agencies in smaller cities. As the host of 

numerous large-scale events, NYC attracts large crowds of visitors and inhabitants to 

the sites of the NYC Marathon, New Year’s Eve, and the Thanksgiving Parade. Secur-

ing these events poses a challenge to the NYPD that few other police departments 

must address. Another important aspect that distinguishes the NYPD and their work 

from most other police agencies is the department’s counterterrorism efforts. Given 

the city’s vulnerability to terrorist attacks, the NYPD has established a well-funded 

counterterrorism program that regularly manages to acquire large-scale state and 

federal funding for surveillance and counterterrorism technologies and initiatives. 

When it comes to technological capabilities and, more specifically, the potential of 

surveillance and information technologies for data analysis, there is yet another as-

pect that sets the NYPD apart from many other police departments. The NYPD han-

dles high volumes of crime, even in times of comparatively low crime numbers. Hav-

ing large datasets is helpful, if not required, when conducting automated pattern 

analysis, comparing crime trends, or training the algorithms of predictive policing 

software to run crime forecasts. Here, larger volumes of data create more accurate 
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and valid analytical results. Consequently, certain technologies might not only be un-

affordable for departments smaller and less funded than the NYPD but also inade-

quate. Thus, New York is not only a special city, which can only be compared to a few 

other cities, but the NYPD is also a special police force, which does not necessarily 

make a case for studying policing. Still, there are good reasons for examining the 

NYPD to learn about the co-evolution of technology, knowledge, and policing. 

Drawing on Yin (1994) and Patton (1990), Shakir (2002) presents a methodological 

framework to guide the purposeful – not random – selection of cases for qualitative 

research. He distinguishes three opposing pairs of purposeful sampling strategies: 

first, choosing significant cases as opposed to cases that are ordinary or typical for 

the class they represent. Second, when examining multiple cases, one can compile a 

sample of different cases rather than gathering a set of homogeneous or similar 

cases. Finally, the last pair of sampling strategies, according to Shakir (2002), is to 

either select one’s cases during or after fieldwork based on the data material gath-

ered or based on theoretical considerations before starting the fieldwork. Shakir dis-

tinguishes these empirical and theoretical, respectively, approaches from choosing 

cases ad hoc or for reasons of convenience. The last pair of selection strategies cer-

tainly offers the least desirable ways to select cases, as they do not give the re-

searcher much control over the appropriateness of his/her sample. Appropriateness 

here refers to “demonstrating a fit [of the case, respectively sample, N.C.] to both the 

purpose of research and the phenomenon of inquiry” (Shakir 2002: 193). I argue, 

though, that convenience is often a necessary factor in choosing a case. 

The strategy that Shakir (2002) labels as convenient might rather be coined resource-

oriented or resource-restricted. Usually, it is not a lack of effort that makes research-

ers opt for convenient cases; instead, research is most commonly conducted within 

a constrained timeframe and with limited grants. Hence, the people, groups, spaces, 

and places that researchers explore must be accessible in a reasonable time and with 

a justifiable budget. In this context, choosing a convenient case means finding a way 

to make one’s field of inquiry accessible for research while navigating the given re-

straints. This is also true for my research project. 
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Drawing on earlier experiences in studying policing, I anticipated that it would be 

hard – if not impossible – to be officially granted access to pursue research within a 

police agency. I further elaborate on this problem below. Thus, when selecting my 

case, I had to consider contingency plans for the likely possibility of being rejected 

permission to interview members of the police or visit police agencies to conduct 

participatory observations. Therefore, I decided that if I could not officially meet with 

the police, I would need to find a way to informally contact members or former mem-

bers of the police to ask if they were willing to participate in interviews with me. For 

this outcome, I expected it to be helpful to have access to a network of people who 

might have contacts to members of a police force. I found this network in the New 

York faculty associated with the doctoral program through which this dissertation 

was funded. Accordingly, I chose the NYPD as my case to investigate the co-evolution 

of technology, knowledge, and policing. As I anticipated, the help that John Mollen-

kopf and Owen Gutfreund supplied by providing contacts with current and former 

staff of the New York police force was crucial for assembling a valid and informative 

sample of interviewees for my research. Thus, NYC was the most convenient case 

because I could rely on an existing social network to pursue my fieldwork. 

This convenience was necessary, though, to make my research subject accessible for 

research at all. Convenience here was the convenience of accessibility. Most likely, I 

would not have been able to conduct research of the same quality if I had chosen a 

police department other than the NYPD, as I would not have been able to gain such 

field access in a feasible and reasonable timeframe in London, Dubai, Singapore, or 

even Berlin. But convenience or accessibility was not the only strategy that led me to 

select NYC as my case study. Most importantly, I wanted my case to be significant. 

Especially, as I conducted a single case study that does not compile the insights of 

multiple cases but that has to provide meaningful and valid statements about the 

case and the class of cases it represents by itself. 

Shakir (2002) lists four aspects that qualify a case as significant. It should be either 

extreme, intense, critical, and/or politically important. Referring to Patton (1990), he 

claims that an extreme case “demonstrates unusual manifestation of the phenome-



 

 145 

non, such as outstanding success and notable failures,” while intense cases “are in-

formation rich but not extreme,” and a critical case “permits logical generalization to 

other cases because if it is true to this one case, it's likely to be true to all other cases.” 

Finally, politically important cases “are selected or eliminated because they are polit-

ically sensitive cases” (Shakir 2002: 193). Investigating how the increasing digitization 

of knowledge practices transforms the way police perceive the links between crime, 

urban space, and its inhabitants, which inform their strategies and practices of crime 

control, NYC and its police department combine all these characteristics. 

One of the main reasons for examining the changes that have transpired within the 

NYPD since the reform in 1994 is the remarkable impact this reform has had on other 

police forces in the US and beyond. The findings from Weisburd et al. (2003) suggest 

that the activities, policies, and organizational structures implemented under the la-

bel of CompStat have become the standard model of policing in the USA. The authors 

discuss a representative survey among U.S. police departments with more than 100 

sworn officers. The study was undertaken to track the diffusion of CompStat among 

police organizations. As the key measures of CompStat, Weisburd et al. (2003) iden-

tified various organizational, procedural, and technological elements: mission clarifi-

cation, internal accountability, geographic organization of operational command, or-

ganizational flexibility, data-driven problem identification and assessment, and inno-

vative problem-solving tactics. These measures were not distinct to the CompStat 

program. Many departments tested innovations of policing simultaneously, as high 

crime numbers had widely led police officials and experts, politicians, and the public 

to think that the traditional ways of policing were in crisis. Nevertheless, CompStat 

represented an early attempt to integrate these measures into a coherent package. 

Approximately seven years after the NYPD created this package known as CompStat, 

more than a third of the police departments that participated in the survey had in-

troduced at least some of these core elements. Another 25% of police departments 

stated that they were planning to implement key features of CompStat soon. Weis-

burd et al. (2003: 445) conclude: “This speed of diffusion of innovation places 

CompStat among those social and technological innovations that are adopted most 

quickly. […] It is fair to say that CompStat as a recognized model has literally burst on 
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to the American police scene.” The trend the authors of this study identified has con-

tinued since. Key elements of the program have been adopted and adapted by nu-

merous police organizations across the US. This innovation transfer has also pushed 

the use of data and data analysis tools to identify and tackle crime trends and pat-

terns. 

Data analytics and crime mapping had been gaining ground since the 1990s anyway, 

but these measures were also some of the most prominent features in the CompStat 

toolbox. Thus, the diffusion of CompStat contributed to the accelerated dissemina-

tion of data-driven approaches to policing. The NYPD served as a model for how to 

implement such approaches into police organizations, strategies, and practices. It is 

this model characteristic that makes the NYPD a significant case for my research. 

Looking into the developments that were kicked off with the Compstat program and 

the technologies that it runs on and understanding the changes and challenges that 

have transpired for the NYPD’s knowledge and policing practices since then enables 

conclusions regarding other departments and cities that have implemented similar 

organizational procedures, technologies, and practices. 

The NYPD has not stopped at CompStat, though. CompStat is also not the only socio-

technical field relevant for investigating the digitization of the department’s 

knowledge practices. Examining the NYPD today, one might argue that the techno-

logical site of the CompStat process appears to be almost old fashioned. Neverthe-

less, this program was the starting point for data-driven approaches of policing and 

technology-based surveillance key strategies in the NYPD. Since CompStat, the NYPD 

has been active in modernizing their information and communication infrastructure 

to enhance its ability to gather, store, share, and process data on crime, the city, and 

its population and thus to control crime. The department considers itself to be a pio-

neer in the use of technology for purposes of crime control as well as counterterror-

ism. Consequently, the CompStat process has evolved; it no longer relies solely on 

simple pin maps. Rather, innovations in data visualization and integration have been 

incorporated, so more information is available for uniforms and analysts to identify 

and assess crime patterns and discuss them at frequent CompStat meetings. 
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Furthermore, the department’s surveillance infrastructure has steadily grown, as de-

tailed in later chapters. Today, the NYPD maintains a complex infrastructure of CCTV 

systems, ALPR, radiation sensors, ShotSpotters, stingrays, and other technological 

devices. To move and store the information from these technological sensors, the 

huge volumes of incident data gathered by street cops, detectives, and officers, and 

the open-source intelligence permanently produced, the NYPD has continuously in-

vested in data storage and bandwidth. Its latest project includes building New York’s 

third-largest network of glass wire, which will provide all commands with high-speed 

access to the department’s vast information sources. 

As this data will be worthless for the NYPD if its cops cannot turn it into actionable 

knowledge, the department has also focused on data integration as a key activity in 

its technological efforts. With the LMSI, Realtime Crime Center, DAS, and its latest 

advances in predictive policing, the NYPD has pursued several actions to connect 

their numerous sensors to centralized surveillance systems and combine data from 

many sources to extract information, processing it with tools to visualize and analyze 

data, searching for discover links, patterns, and trends. Simultaneously, this type of 

information is now being disseminated among cops in the field, as the NYPD has dis-

tributed smart phones and tablets to all its uniformed members and patrol cars. 

As seen above, the NYPD must deal with challenges, risks, and dangers that many 

other police agencies do not. Also, it operates with a budget that most police forces 

do not have. Thus, the integration of such a set of technological means is arguably 

quite unique. Nevertheless, all of these technologies can be found at work in other 

police organizations in the US and elsewhere, even if not in this exact combination or 

at the same scale and scope. They are tools that are often marketed globally. With 

declining prices for technological solutions, some of today’s rare devices and systems 

will become a standard of police technology in the future. This development has al-

ready occurred with technologies such as databases, computers, and GIS, and this 

trend is expected to apply to other digital ICT applications as well. And while such 

technologies must be adapted locally to changing technological, organizational, legal, 

and cultural environments, the NYPD offers a dense and rich case to understand how 

the implementation of digital technologies in policing impacts the practices of seeing, 
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knowing, and fighting crime. Furthermore, in examining the co-evolution of technol-

ogy, knowledge, and policing in NYC, there is more to learn about digital knowledge 

practices and how they guide the strategies and actions of those involved with them. 

Thus, the NYPD not only presents a case for understanding policing but for under-

standing how knowledge is created in increasingly digitized institutional and social 

environments. 

Above, I have shown how the NYPD provides a significant example for researching 

police organizations and digitizing knowledge practices; it is an extreme, intense, and 

a critical case. But policing in NYC is also significant because it is politically relevant, 

as any kind of surveillance measures that obtain data might fall under privacy and/or 

data protection laws. Thus, the NYCLU has litigated several cases against the NYPD 

and the City of New York regarding the illicit use of surveillance technologies, such as 

ALPR, stingrays, or CCTV systems. The NYCLU has also sued the NYPD over its collec-

tion of personal data from street stops that have not resulted in a conviction. Surveil-

lance technologies and the data they produce are an important legal and political 

subject. In a city like New York, where there is a large set of such technologies in use, 

these issues become even more urgent, as problems of networked surveillance might 

surface earlier here than in many other places. 

New York’s police reform has not only been about technology, though. Another of its 

core elements was the introduction of quality-of-life policing, which received world-

wide attention under the name of zero-tolerance policing. This policing strategy bor-

rows from Kelling and Wilson’s article on the broken windows theory, wherein the 

authors argue that the police must address minor incidents of disorderly behavior 

and low-level crime to prevent more serious crime from happening. The NYPD under 

Bratton translated Kelling and Wilson’s assumptions into a policing strategy that tar-

geted activities like aggressive panhandling, turnstile jumping, and the possession of 

small amounts of marijuana. 

These types of activities were largely tolerated by the NYPD before the implementa-

tion of quality-of-life policing. While the NYPD claimed that this new policing strategy 

contributed significantly to decreasing crime rates, civil rights organizations criticized 
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the NYPD for targeting poor Black and Latinx populations with aggressive enforce-

ment tactics to fight crime and disorder. With the establishment of quality-of-life po-

licing, incidents of police brutality and police misconduct received major media cov-

erage and critical responses from local communities. Critics attributed this rise in vi-

olent confrontations and aggressive encounters between police and citizens to the 

newly introduced policing strategy, which they believed promoted confrontative po-

licing tactics and fostered a friend-or-foe attitude among street cops, particularly to-

ward poor minority populations. These problems of police aggression remained a vi-

tal strain of the public discourse on quality-of-life policing, even though it was 

brushed over with steadily and rapidly falling crime rates. 

Issues of police misconduct and questions regarding the legitimacy and legality of the 

NYPD’s aggressive tactics notably surfaced again in the course of the stop-question-

and-frisk controversy. Under Commissioner Kelly, the department deployed a tactic 

to prevent crime based on stopping people on the street who cast suspicions of hav-

ing a committed a crime or potentially committing a crime in the near future. After 

being stopped, suspects could be questioned and, under certain circumstances, 

frisked. This tactic attempted to prevent crime and get guns off the street. The NYPD’s 

data shows a steep increase in stop-question-and-frisk during Kelly’s tenure, when it 

became one of the departments most prevalent practices for fighting street crime. 

The data also show that a vast majority of persons stopped were Black or Latin Amer-

ican males. 

Furthermore, it became public that cops were involved in making illicit stops and fak-

ing forms that documented supposed stops to meet quotas. This kind of misconduct 

also resulted from the CompStat process, which tracks officers’ activities and was 

used to set and check benchmarks for activities like making stops, making arrests, 

and handing out summonses to align patrol officers to the stop-question-and-frisk 

approach. These incidents of police violence, police misconduct, and racially charged 

tactics of aggressive policing spawned a critical public discourse on and protests 

against the NYPD’s style of policing. These protests were fueled by high profile cases 

of police violence, such as the death of Eric Garner, who was killed by NYPD Officer 

Daniel Pantaleo in Staten Island, but also by cases that occurred outside of NYC. In 
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2014, the NYPD’s practice of stop-question-and-frisk tactics as conducted between 

2005 and 2013 was ruled unconstitutional by the Federal District Court in Manhattan, 

as the department widely failed to establish reasonable suspicion for such stops to 

be made. 

These controversies around quality-of-life policing and the stop-question-and-frisk 

tactics show how the field of policing in New York is a highly politicized realm. The 

debates and protest were not just of local interest. Rather, they spawned national 

debates on the limits and restrictions for police in democratic societies and on an 

assumed trade-off between security and civil rights. Hence, what happens in NYC is 

relevant beyond its city limits. What transpires here is not only noticed and discussed 

within the five boroughs, it is visible in the US and often worldwide. Thus, policing in 

NYC is a case of distinct political relevance. 

This subchapter has shown that policing in NYC is a significant case for studying the 

co-evolution of technology, knowledge, and policing. The City of New York and its 

police department are unique in many ways. Therefore, they may only allow state-

ments of limited validity for other cases, but simultaneously, the transformations that 

the NYPD has kicked off in the mid-1990s have become a model of policing adopted 

by numerous police forces in the US and worldwide. Thus, understanding the devel-

opments in New York helps to explain the trajectories of the digitization of knowledge 

and policing practices elsewhere. Furthermore, it is the NYPD’s role as the depart-

ment of a global city – with its particular challenges, risks, and problems – that makes 

its case so rich in information and dynamic in its progress, which is worthwhile for 

research. Finally, the conflicts and debates that surround and constitute the field of 

policing in New York render it a highly visible political realm, where the role of police 

in democratic societies is negotiated. Thus, New York represents a vivid case. In the 

next subchapter, I present how I have gathered and analyzed qualitative data to pen-

etrate this case. 

4.4 Collecting and analyzing data: My methodological toolbox 

In the prior subchapters, I highlighted my decision to conduct a single case study 

based on the observation that the digitization of the NYPD’s knowledge and policing 
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practices has formed a complex and dynamic field of heterogeneous actors, dis-

courses, and practices interrelated through a multifold and changing set of interac-

tions. A single case study would allow me to best fathom this multiplicity by providing 

the chance to delve into the informational richness and density of my case to the 

fullest. In this chapter, I thus display the methods chosen to extract information from 

this richness and density. I demonstrate how I have compiled a sample of interview-

ees to conduct and guide interviews with practitioners and experts in the field of po-

licing, chosen spots for city walks, and gathered media articles, handbooks, guide-

lines, and technical literature for a document analysis to better understand the soci-

otechnical practices of data analysis in the realm of policing and, more specifically, 

NYC. I then discuss the explanatory capacity of my data sample and the problems and 

challenges of accessing the field of policing to conduct research. 

4.4.1 Gathering data 

Actor-network theory offers a methodological framework that helps understand the 

field of policing as a sociotechnical assemblage comprised of heterogeneous and mul-

tifold elements. Therefore, ANT provides a vocabulary that allows researchers to de-

scribe activities, interactions, and relationships among the various pieces of this po-

licing assemblage to explore how it is made, maintained, and altered. Thus, research-

ers can reconstruct how agency emerges as distributed agency from interlinked tasks 

and activities that build the relationships between the actors of a network. To deliver 

descriptions that comply with the heterogeneity and dynamic of sociotechnical as-

semblages a set of empirical materials is required that mirrors the messiness of the 

case and enables ethnographic surprises when reassembling a network, its elements, 

and their actions, interactions, and relations. Consequently, I have gathered a diverse 

sample from numerous distinct sources: expert interviews, participant observations, 

on-site visits, city walks, orders on policies and procedures for members of the NYPD, 

media articles, technical literature, handbooks, guidelines, and videos. While this di-

versity serves to grasp the complexity of my case and the methodological require-

ments of an ANT-oriented research approach, it is also a result of the difficulties I 

encountered when trying to access the inner workings of the NYPD. 



 

 152 

The term “blue wall of silence” refers to a culture among cops that demands loyalty 

and solidarity in cases of police misconduct, such as corruption, the use of excessive 

force, or major and minor violations of laws or police codes. This culture is pervasive 

in many police organizations, and it can damage the integrity of police functions and 

hamper the democratic control of police; for example, it frequently impedes inquiries 

of police misconduct. This behavior may be limited to single cases, but it might as 

well exist at an organizational and structural level (Kleinig 2001, Nolan 2009, West-

marland 2005). Even though the blue wall of silence describes police’s reluctance to 

cooperate in cases of police immorality and malfunction, the term frequently came 

to mind while I was preparing for my fieldtrip to NYC. In the course of my prepara-

tions, it turned out to be difficult, if not impossible, to be granted permission to con-

duct any kind of research within the NYPD. Trying to access the department, I ran into 

a blue wall of silence. This experience connects well with the NYPD’s reputation of 

being notoriously opaque. The department is known for a lack of transparency and 

actively hampering the work of critical journalists and researchers by ignoring or de-

laying information requests and refusing to provide the requested information or 

making it absurdly expensive. 

The initial concept for my field work included participant observations at the precinct 

level. Here, I wanted to observe analysts as they analyze data, captains as they use 

this information to develop strategies, and patrol cops as they take these strategies 

to the streets. Furthermore, I hoped to observe analysts who work with data on a 

city-wide level and the executives who use this information to conceptualize crime 

fighting strategies. From here, I wanted to conduct interviews and focus groups to 

refine, broaden, and deepen the information drawn from my observations. To exe-

cute such an extensive research plan, I would have had to submit an official research 

request to the NYPD to be granted access to the department at that scope. Here, I 

encountered the first difficulties of investigating the NYPD. The official procedure to 

submit a research request for review demands an exhaustive application, which was 

not feasible to compile, given the limited timeframe and resources in the run-up to 

my fieldtrip. Considering the timeframe, my resources, and the fact that a submitted 

application still had a great chance of being refused, I opted against composing such 
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an extensive research proposal, especially as it would have involved numerous third 

parties. 

As I was not able to officially request access to the department for research, I tried 

several alternative routes to find my way into the NYPD. These alternative routes still 

included official contacts. I reached out to the Office of the Deputy Commissioner, 

Public Information (DCPI) via phone and email, and I submitted a request to partici-

pate in the NYPD Community Affairs Bureau’s ride-along program. This program of-

fers the citizens of the state of New York and external police the chance to accom-

pany patrol officers during a shift to witness their work first hand. Thus, while in New 

York, I registered for a NYC ID to be allowed to participate in the program. Unfortu-

nately, neither my attempts to get in contact with the DCPI nor my application for a 

ride-along received a response. Later in my research, I applied to sit in for a CompStat 

meeting, as one of my interview partners mentioned that seats were reserved for 

external visitors at the bi-weekly meetings. And while I went through my contact at 

the NYPD, this request was denied. Consequently, all official doors to enter the de-

partment for research remained closed for me. Thus, I had to find other ways to con-

tact members of the department. 

Two strategies proved to be useful for identifying and contacting former and current 

members of the NYPD. While I was exploring the literature, media coverage, and po-

litical initiatives to find potential experts in the field of policing to interview, I came 

across former members of the NYPD who are now pursuing career paths outside the 

department. Reaching out to these persons was sometimes as easy as sending an 

email, though sometimes it was more difficult, especially where I only had a name 

and no contact information. Consequently, I had to use various channels to establish 

contact. I used Twitter, Facebook, LinkedIn, and the contact forms of private compa-

nies to reach out to former cops and ask for meetings. Even though the response rate 

was low, it was enough to arrange a few interviews. More essential for my task of 

compiling a sample, though, was the support I received from members of the Inter-

national Graduate Program’s faculty in New York. Through them, I could contact for-

mer and current members of the NYPD they knew. These contacts were important 

for establishing further interviews, as I could reach out to more interview partners 
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through them. Therefore, a preparatory literature and media review – along with 

help from the faculty in New York – helped me initiate the compilation of my inter-

view sample through a snowball procedure. At the end of this process, the sample of 

police practitioners consisted of 15 former and current members of the NYPD3, in-

cluding the following: 

• Analysts from the NYPD’s Office for Management Analysis and Plan-

ning (OMAP), which is responsible for gathering and processing data 

for the CompStat process and crime mapping at a city-wide level; 

• Executives from OMAP; 

• Precinct-level analysts responsible for compiling CompStat reports 

and analytical reports for the precincts’ commanding officers; 

• Former commanding officers at the precinct; 

• Sergeants and lieutenants responsible for teams of patrol officers; 

• Patrol officers; and 

• Detectives. 

The size and structure of the sample are proof of how difficult research in the field of 

policing is. To assemble this sample, I not only utilized the various official ways to 

conduct research within the NYPD, but also directly contacted various persons within 

the department involved with data analytics and digital intelligence. I even reached 

out to various police unions and associations. As described above, I contacted former 

and current members of police whose names I came across during my literature and 

media review. Most of my requests received no response. In some cases, members 

 
3 All interviewees were briefed in the course of the initial interview requests and again immediately 

before the interviews during the interview meetings. They voluntarily consented to the interview 
conditions. They were aware that the interviews would be conducted without official approval of the 
NYPD. They were briefed regarding the research questions, research objectives, and research scope. 
They were informed that the interviews were audiotaped and transcribed for analysis and that 
quotes from the interviews would be used for this dissertation, research articles, and presentations. 
Furthermore, they were assured that they could refuse to answer any questions and that they could 
withdraw from the interview at any time. Also, they were informed that audio data would be de-
leted after transcription and that transcriptions would be deleted upon request any time following 
the interviews and that they could demand their interviews not be used for analysis or quoted in any 
document or presentation. Interviewees were guaranteed confidentiality and anonymity. Confidenti-
ality and anonymity are ensured as interviewees’ names and functions fit to identify the interview-
ees were removed in the transcription process and do not appear in any publications or presenta-
tions. Interview material was stored on a password protected online-cloud storage. The process out-
lined here was not only applied for current or former members of the NYPD but for all human sub-
jects involved in this study (see below). 
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of the department referred me to the official research application; in other cases, 

potential interview partners refrained from meeting with me after initially agreeing 

to participate in an interview. This problematic access is not a singular experience. 

Rather, during my interview, several former NYPD cops who work in research today 

noted that they shared this experience, despite their association with the depart-

ment. 

When I worked at the NYPD, I had access to all sorts of things. As soon as 

I left, all those doors closed on me and I had to be innovative to study the 

department. […] It’s very difficult to do research like your research, espe-

cially if you’re going to be critical of the department. So, I think transpar-

ency is an area that is necessary to help the department […]. Social science 

has a lot to offer them, but they don’t want to hear it. 

Pol_11 (former precinct commander and OMAP executive) 

Due to this limited access, the sample of police practitioners appears slightly sketchy 

as I could not systematically compile a set of interviews and observations according 

to the various stages and levels in the communication processes that I investigated. 

Instead, I was reliant on the path of the snowball process. Even though I was not able 

to minutely model the sample after the department’s communication processes, the 

sample does enable descriptions of and conclusions about the way data and infor-

mation on crime, the population, and NYC’s urban spaces is gathered, stored, shared, 

and processed by the NYPD to inform crime fighting strategies and practices. 

As seen above, the selection of interviewees includes cops in various functions at the 

precinct level: patrol officers, detectives, sergeants, and commanding officers. All of 

them are familiar with patrol work as it is conducted in the field. They are also familiar 

with the processes of gathering information, making decisions while on patrol, re-

ceiving and sharing information to conduct their daily work, and executing the oper-

ations developed by precinct captains. The analysts provided information on how 

they use databases, data visualization, and data analysis tools to compile crime re-

ports and brief their superiors on crime trends and patterns. Captains, lieutenants, 

and sergeants described how they would use this kind of information to identify and 
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communicate problems and develop crime fighting strategies. They also shared in-

formation on the conflicts between various organizational groups and levels and the 

limitations of technology with me. 

Beyond these communication processes on the precinct level, I also received much 

information on the work conducted in OMAP. This office is located at headquarters 

and is involved in the compilation and visualization of data for the CompStat process. 

Moreover, OMAP conducts crime analysis and crafts reports for city-wide phenom-

ena that feed into department strategies and policies. So, though I could not system-

atically mirror department-wide communication processes with my sample selection, 

the assembled interviews provide rich information on communication at the precinct 

level as well as at the city-wide level, including various interview partners with work-

ing experience at OMAP. Many of the interviewees were also familiar with commu-

nication processes across precincts and organizational levels, as they were, for exam-

ple, involved with the CompStat process or other more informal procedures. As some 

of the interviewees were around when CompStat was implemented, while others 

joined the department later and are still active as police, I could gather information 

about the various stages of the NYPD’s growing implementation of digital ICT, which 

helped reconstruct the ongoing process of the increasing digitization of the depart-

ment’s knowledge and communication processes. 

To add an outside perspective on the issues of policing in NYC, I conducted additional 

interviews with representatives from police oversight, watchdog, and civil rights or-

ganizations. Their accounts allowed me to grasp some of the challenges that data-

driven policing poses for fundamental rights and values, especially for those who are 

the primary targets of policing. Furthermore, I was able to conduct interviews with 

software developers working for companies developing predictive policing and data 

analysis applications. These interviews provided a better understanding of the tech-

nological processes and functions – as well as potentials, challenges, and limitations 

– of crime analysis tools. To summarize, I conducted 19 interviews with practitioners 

and experts in the field of policing and police technologies. 
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Furthermore, I conducted archival work by searching the NYPD’s operations orders 

for any information on the implementation and use of digital technologies starting 

with documents from 1994 and including documents up to 2017. Operations orders 

define processes and procedures that govern officers’ conduct regarding specific is-

sues, incidents, events, or technologies. Hence, these operations orders provided val-

uable information on processes around data gathering and reporting procedures, 

communication protocols, or the tasks and roles delegated to various actors and units 

when operating specific technologies. While such orders only represent a fraction of 

the operational realities they guide, they were still helpful for exploring the incre-

mental processes of digitization, as they listed minor technological shifts and the ac-

companying procedural changes and captured communication concepts addressing 

certain challenges and risks, hinting at operational issues and aberrations. 

Aside from operations orders, I also monitored the Spring3100 magazine, over the 

timespan given above, for any articles containing information on the implementation 

of digital technologies. Even though this magazine for former and current members 

of the department is issued by the NYPD and focuses on feel-good and success stories 

of the department and its members, some of the issues did contain material fit to 

track and illustrate the digital evolution of the NYPD’s surveillance and knowledge 

practices. In addition to these archival materials, I drew on articles and documents 

derived from a continuous literature and online search on policing in NYC, as well as 

the technologies of policing. These materials were both helpful for understanding the 

technological background, for example, of GIS and predictive policing applications 

and also for grasping the latest technological developments pursued by the NYPD, 

which were not or hardly the subject of the expert interviews, such as the DAS or 

predictive policing. Material collection also included YouTube videos, academic arti-

cles, media coverage, reports compiled by civil rights organizations, and legal and of-

ficial documents from the NYPD, public authorities, litigations, and Freedom of Infor-

mation Law requests (FOIL request). 

To better understand the impact that digital surveillance technologies have on urban 

space and its population, I conducted numerous city walks. I selected the sites by 

visiting crime maps provided online by the NYPD. Here, I searched for crime clusters 
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and then walked the areas at various times of the day. The areas I visited included 

neighborhoods in the South Bronx, East Harlem, Bedford-Stuyvesant, Brownsville, 

Bushwick, Crown Heights, and East New York. Furthermore, I visited the Civic Center 

and Financial District as areas of heightened surveillance due to their high risk of ter-

rorist attacks. In the visited areas, I focused on the presence of police cars and officers 

as well as visible surveillance technologies to better understand how police surveil-

lance is tangible in these neighborhoods and how it may shape the urban experience 

for the inhabitants. Obviously, my experience as a white academic merely visiting 

these areas can in no way capture the experience of those living there, specifically 

not those who are the primary targets of policing measures – in other words, the 

Black and Latinx populations, queer communities, or sex workers. Yet the on-site vis-

its provided the chance to at least get an impression of how surveillance technologies 

and infrastructures, as well as police presence, are interwoven with the urban as a 

constant and visible factor, thus contributing to the perception of the urban environ-

ment in so-called high crime areas or high risk areas. 

This multitude of sources and documents enabled me to track the technological de-

velopments pushing the evolution of the NYPD’s surveillance and knowledge infra-

structures and processes and examine the mundane practices and interactions car-

ried out among human and non-human actors in order to monitor, sort, and govern 

urban spaces and populations, which constitute the surveillant assemblage of polic-

ing NYC. Moreover, it allows me to study the connections that these technologies and 

sociotechnical practices establish and entertain between the policing and urban as-

semblages. 

The following subchapter briefly outlines the methods I used to analyze the diverse 

set of data gathered in order to trace and reassemble the policing assemblage of NYC 

as it has transformed in a gradual process of increasing digitization. 

4.4.2 Analyzing data 

The expert interviews, documents, and articles gathered form the empirical founda-

tion for reconstructing the typical processes, procedures, practices, activities, con-

flicts, and contestations that are constituted through and emerge with the growing 
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digitization of the NYPD. Hence, the analytical methods I deployed intended to carve 

out typical processes of constructing risk, suspicion, and threat as they define the 

subjects of the department’s surveillance, knowledge, and policing practices in a 

growingly digitizing policing assemblage. 

The methods for pursuing this purpose were guided by the theoretical assumptions, 

concepts, and vocabularies of ANT and assemblage thinking. While these approaches 

deliver a theoretical framework guiding my analysis, my choice of methods was also 

informed by the methodological concept of ethnographical openness, as promoted 

by ANT. Therefore, my methods of data analysis combine aspects of the rather de-

ductive concept of qualitative content analysis (QCA) (Mayring 2007) with those of 

grounded theory (Glaser & Strauss 1967). 

Manifold variations of QCA have emerged over time (Schreier 2014). Yet a rather or-

thodox style of QCA builds a theory-based set of categories to apply to the empirical 

material. These categories serve as filters to extract meaningful statements to relate 

them to one another according to the theoretical assumptions that inform the re-

search questions. While the respective set of categories is not static but can be 

adapted to the material, it does structure the analytical process according to initial 

theoretical assumptions and exploratory models. Grounded theory, however, is 

geared toward developing theoretical statements grounded in the given empirical 

material. To do so, it does not apply ex ante categories to the empirical material but 

ascribes it codes generated from the material to structure its content. These codes 

are then merged in a process of escalating abstraction to derive codes and code re-

lations that allow for generalized statements regarding the research subject. 

For data analysis purposes, I used the QCA software MAXQDA, which allowed me to 

code my empirical material. All the transcribed interviews, operations orders, and 

relevant articles in Spring3100 were coded4. Initially, I applied a rough code tree 

merely consisting of three categories: places, actors, and actions. These categories 

were then filled with codes selected from the empirical material over the course of 

 
4 Two interviewees refused to have our conversations recorded and asked me not to take notes to 
include in this dissertation. The interviews were thus only conducted orally and served to generate 
background knowledge for this study. 
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the analytical coding process to gather an open collection of places, actors, and ac-

tions. This approach followed the idea of identifying relevant actors and the actions 

that interlink them in order to trace the actor-network or assemblage of policing in 

NYC. The rudimentary code tree hence enabled me to follow the methodological 

ideas of ANT, assemblage thinking, and technography by tracing the actors, objects, 

and practices and describing their relationships and interactions (Rammert 2007), re-

constructing the sociotechnical constellations of the departmental surveillance and 

knowledge practices, as well as their spatiality. 

At the same time, this simple code structure provided an openness that allowed to 

include a broad and heterogeneous set of potential actors, human and non-human, 

and actions that link them to an assemblage according to the empirical material. The 

three categories listed above were supplemented by further categories in the course 

of coding, namely strategies and themes/topics. These categories were built from the 

codes capturing discourses, topics, and interpretations introduced by the interview-

ees and deemed helpful for understanding and reconstructing the sociotechnical 

practices, processes, and structures of seeing, sorting, knowing, and policing crime, 

disorder, and the city. Building the code tree was thus a dynamic process driven by 

the empirical material and merely guided by the basic theoretical idea to identify and 

track actors and actions. The word cloud below displays the codes that were ex-

tracted from and applied to the empirical material weighted by frequency of use. 

Figure 1: Word cloud displaying the analytical codes weighted by frequency of use. 
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After completing the first round of coding, the passages coded with key codes were 

revisited and re-coded per the final code tree to ensure that all relevant documents 

were coded with the finalized set of codes for inclusion in the final stage of analysis. 

In contrast to a grounded theory approach to coding, I did not create growingly ab-

stract categories, as this dissertation does not pursue theory building. Instead, I re-

visited the coded paragraphs according to the research questions of the distinct chap-

ters and subchapters to then deliver a thick technographic description of the NYPD’s 

surveillance, knowledge, and policing practices. The original material was therefore 

examined to find coherent, contradicting, and conflicting statements and descrip-

tions to reconstruct the messy relations, actions, and practices interlinking the het-

erogeneous set of actors and types of data, information, and knowledge constituting 

a field of distributed agency of surveillance, knowledge, and policing for governing 

urban populations and spaces in order to control crime and disorder. 

4.5 Conclusion: Fostering analytical openness to reassemble NYC’s policing as-

semblage 

Assemblage thinking and ANT highlight the messy character of the social formations 

– or rather, sociotechnical and sociomaterial formations, respectively – that are sub-

ject to sociological inquiry. Studying the NYPD’s surveillance and knowledge prac-

tices, the term “messy” offers a suitable description. Hence, this dissertation exam-

ines policing as an assemblage or actor-network consisting of heterogeneous ele-

ments and their interactions in a field of distributed agency. In this field, it is the in-

terplay of individual and collective actors, technological devices, and infrastructures 

in sociotechnical practices that enable the NYPD to gather, store, process, dissemi-

nate, and utilize data on spaces, individuals, populations, behaviors, activities, inci-

dents, and events for monitoring and sorting to address them with policing measures 

depending on the level of risk, suspicion, or threat they are ascribed. 

Accordingly, this study draws on a heterogeneous set of empirical material including 

expert interviews, legal and official documents, media coverage, academic articles, 

and city walks. It then explores this material with analytical methods that foster open-
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ness and ethnographic surprises regarding the human and non-human actors and in-

teractions it considers relevant and constitutive for the surveillance, knowledge and 

policing practices conducted through the NYC policing assemblage. This openness re-

constructs the messiness, fuzziness, and dynamic of the digitization of these pro-

cesses and practices in technographic thick descriptions that trace the co-evolution 

of technology, knowledge, and policing in NYC. 

The next chapter displays these descriptions by focusing on the CompStat process, 

crime mapping and predictive policing, and the growing surveillance infrastructure of 

the NYPD as it permeates the urban fabric. 

5. The Case of NYC: Digitizing a Policing Assemblage 

During the 1970s and more so since the 1980s, policing in the US and NYC, especially, 

was a dynamic field. That pertains to changes in criminological theory and theoretical 

approaches to policing as well as changes in policing strategies and practices. In NYC, 

these transformations were centered around community policing first, then quality-

of-life policing, hotspot policing, and CompStat. While hotspot policing, community 

policing, and quality-of-life policing were not new to the NYPD – as the department 

as well as the New York City Transit Police Department and the New York City Housing 

Authority Police Department had tested various approaches of fighting crime in the 

1980s – it was the CompStat process that was introduced in the 1990s that would 

become integral to the NYPD’s attempts to re-arrange the policing assemblage of 

NYC. 

CompStat enabled the department to produce and utilize timely information on 

crime, police activities, and urban spaces in order to circulate and assess it in ways 

that would reconfigure its perspective on crime, the city, and its population, as well 

as its own role, strategies, and actions in addressing them. CompStat would thus tie 

in and align the NYPD’s members and its distinct units, offices, and bureaus with a 

renewed mission in a more rigid manner, building a coherent New York model of po-

licing based on place-based policing, tackling misdemeanor crimes and minor of-

fenses to lower crime numbers, and digital information. 
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CompStat was also the beginning of a gradual expansion of the NYPD’s digital infra-

structure and data-driven knowledge practices, which is still ongoing. One of the de-

partment’s key tools for utilizing data to inform and develop crime fighting strategies 

are GIS. These systems enable the department to identify hotspots of crime and tailor 

locally adapted strategies for high crime areas. Such space-based analytical ap-

proaches of defining risk zones to allocate resources have recently been extended by 

and supplemented with space-based predictive policing technologies for driving the 

future-orientation of the department to prevent crime and enable a more efficient 

and sophisticated distribution of resources. 

The data-driven practices of CompStat, crime mapping, and crime forecasting – 

alongside the policing strategies of hotspot policing and predictive policing – are part 

of a larger digitization process that extends into the urban realm and is growingly 

entangled with it. The NYPD increasingly relies on data sensors – such as CCTV sys-

tems, ShotSpotter, and ALPR – to gather information on socio-spatial dynamics and 

urban spaces. These data flows are growingly integrated through digital applications 

that are used by analysis units residing at its headquarter at 1 Police Plaza – 1PP – in 

its data fusion centers, in the station houses in the precincts, and by cops in the 

street, thus creating novel streams of data and communication to guide policing 

strategies and practices. 

These transformations have substantially changed the way the NYPD analyzes and 

assesses the links among crime, the city, and its population. They have also altered 

the ways in which the department defines its subjects of knowledge and policing and 

how it interferes with social dynamics as they unfold in urban spaces. This co-evolu-

tion of technology, knowledge, and policing has thus reconfigured the NYPD’s inter-

actions with the urban assemblage, as the department contributes to its material 

fabric as well its socio-spatial dynamics by organizing and directing flows of actions, 

resources, and information to foster certain behaviors in particular places while ham-

pering others. 

The following chapter offers a technographic analysis of the CompStat process, which 

has laid the foundation for the digitization of the NYPD and is still an integral element 
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of its surveillance and knowledge practices. It then hones in on the use of crime map-

ping techniques as a means to produce spatial knowledge and define risk and suspi-

cion – and thus, the targets of policing. From there, this chapter explores the growing 

material integration of various sensors and tools that permeate the urban fabric to 

generate knowledge on places, persons, and populations, creating oligopticons of 

surveillance and thereby a fragmented urban security landscape. 

5.1 Rearranging the policing assemblage through CompStat 

Like most police agencies in the US since the 1960s, the NYPD has increasingly imple-

mented various digital technologies, digitized its records, and experimented with nu-

merous methods and approaches for using computers and software to utilize data 

for crime fighting purposes. However, it took the department until the mid-1990s to 

install a coherent and elaborate process for systematically producing and using digital 

data to inform its strategies and everyday practices on the ground. This process, 

coined CompStat, integrated the growing digitization of police data, organizational 

changes, and the implementation of new approaches of policing, such as hotspot po-

licing and broken windows policing. While research on CompStat has largely exam-

ined this process as idealtypisches model and downplayed the constitutive and per-

formative role of technology, this chapter delivers a technography researching the 

mundane surveillance and knowledge practices installed with the CompStat process. 

Thus, CompStat is drawn as a fragile hybrid assemblage translating hotspot and bro-

ken windows policing into the field by aligning cops down the rank to these ap-

proaches, creating new flows of data and cooperation, and reconfiguring processes 

of defining the concrete subjects of policing in daily practices of surveillance and 

knowledge. 

5.1.1 The CompStat process 

When William Bratton boarded the NYPD in 1995 to assume his position as the de-

partment’s new police commissioner, he, with support of a large team of advisors 

and consultants from The Police Foundation and Harvard Business School (Manning 

2001: 321, Podolny & Nagy 2008, Weisburd et al. 2003: 2), identified several prob-

lems within the police department that needed to be addressed to improve the its 

performance. 
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The NYPD operated within a top-heavy and highly hierarchical structure. Decisions 

on strategies were made at 1 Police Plaza (1PP) based on outdated crime data that 

was largely utilized to fulfill reporting duties to state and federal oversight institu-

tions. Crime numbers were compiled manually, and they were generally 3–6 months 

late. There was no incentive for precinct captains to develop locally adapted crime 

fighting strategies; rather, they served merely as communicators between the upper 

echelon and the street level. If they did engage in conceptualizing strategies for their 

precincts, however, they too were reliant on outdated data. 

Thus, decision-making at all levels of the NYPD was mainly based on personal 

knowledge and experience, anecdotal evidence, and political dynamics, rather than 

on timely and local information on crime numbers and trends (Manning 2001, White 

2011). Consequently, policing followed a city-wide, one-size-fits-all approach of “ran-

dom patrol, rapid response, and reactive investigation” (Bratton & Malinowski 2008: 

260-261). Against the backdrop of high crime rates, this meant that patrol cops were 

mostly chained to the radio, answering radio runs on backlog. Within this strictly re-

active approach, however, patrol officers were able to exercise a high level of discre-

tion due to a lack of efficient accountability mechanisms. The same can be said about 

the commanding officers in the precincts, who were hardly held accountable for how 

they ran their houses, were not offered any operational strategies to guide their day-

to-day work from the top of the department, and were hardly responsive to leader-

ship and change, instead relying on established policing routines (Bratton & Malinow-

ski 2008, Weisburd et al. 2003). 

Beyond that, the strive for professional policing initiated following the Knapp Com-

mission had led to a “split department” (White 2011: 7-8), as street-level cops felt 

alienated by management’s attempts to exert more control down the rank to limit 

officers’ discretion. Furthermore, to fight and prevent corruption among its staff, the 

department had compartmentalized its cops’ activities by strictly limiting them to 

specific fields of action; thus, cops dealing with burglaries, for example, were not al-

lowed to make narcotic arrests. Generally, street cops were supposed to limit com-

munity contact to hamper opportunities for bribery (Nagy & Podolny 2008: 3). More-

over, they were confronted with rampant minor infractions, misdemeanors, and low-

level crimes that were neither possible nor encouraged to be enforced. 
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These developments resulted in inefficient policing practices and diminished the trust 

between the police and local communities, as well as the trust between the street-

level cops and the executive level leading to growing frustration and apathy among 

officers in the field, which then further impaired their alignment to the approaches 

developed at 1 PP (Reuss-Ianni 1983). To cope with these problems of inefficiency, 

distrust, corruption, a lack of accountability, and poor police–community relations, 

Bratton installed a comprehensive set of measures based on the following: (1) adapt-

ing management practices from the private sector; (2) revamping and extending the 

department’s ICT infrastructure to enhance its capacities to gather, store, share, and 

process information on crime and officers’ activities; and (3) implementing a policing 

strategy addressing minor crimes and infractions, drawing on the broken windows 

theory of crime to guide policing. 

These three dimension of the NYC police reform were tightly interwoven with one 

another and aimed to improve the department’s efficiency, fight corruption, increase 

responsiveness to leadership, and foster innovations in policing strategies and polic-

ing practices on the ground. To connect the listed elements of the reform, the 

CompStat process was established. 

Within this process, commanding officers in the precincts and at the executive levels 

of the NYPD receive timely information on crimes and crime trends in the precincts, 

boroughs, and the city, respectively. This information is used to develop local and 

supra-local crime fighting strategies centered around the broken windows approach 

to policing. At the same time, the data serves to track crime trends as a measure for 

holding commanding officers accountable to the department’s goals of crime 

fighting. Consequently, CompStat is characterized as follows (McDonald 2002, Walsh 

2001): 

• Gathering accurate and timely intelligence, 

• Designing effective strategies and tactics, 

• Rapid deployment of personnel and resources, and 

• Relentless follow-up and assessment. 
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Weisburd et al. (2003) understand CompStat as a “strategic control system” within a 

management concept of “strategic problem solving” that is characterized by six key 

elements: 

1. Mission clarification. 

For the NYPD, mission clarification included a transition from measuring “arrest 

numbers, clearance rates, and response time” (Bratton & Malinowski 2008: 

261) to measuring crime rates – a shift from a process-oriented to an output-

oriented assessment of police performance. The NYPD chose the seven index 

crimes as defined by the FBI’s Uniform Crime Report (UCR) to indicate the level 

of crime, since the department had already been obliged to compose and re-

port this data to the FBI. These major crimes entail murder (including non-neg-

ligent manslaughter), rape, robbery, felony assault, burglary, grand larceny, 

and grand larceny auto. The NYPD also includes shooting incidents in its 

CompStat data. Furthermore, the commissioner regularly issues mission state-

ments for the department that highlight certain goals to guide the work con-

ducted at all levels of the NYPD. Some of the first mission statements included, 

for example, “Getting Guns of the Street”(NYPD 1994a), “Driving Drug Dealers 

out of NYC” (NYPD 1994b), or “Reclaiming the Public Spaces of New York” 

(NYPD 1994c). 

2. Internal accountability. 

Commanding officers in the NYPD are held responsible for the crime rates in 

their commands. To enable them to develop crime fighting strategies, they are 

expected to be familiar with local crime trends, problems, and conditions. The 

attempt to increase commanders’ and cops’ accountability found its way into 

the CompStat process as a commander’s success is significantly measured by 

crime numbers and trends in their respective precinct. Additionally, data on ar-

rests, summonses, and the stop numbers of officers is collected to indicate their 

crime fighting activities as well as the adequate allocation of resources accord-

ing to the given spatiotemporal patterns of crime. 
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3. Geographic organization of operational command. 

Commanding officers in the NYPD are incentivized to develop crime fighting 

strategies and operations tailored to the local crime trends, problems, and con-

ditions in their command. Accordingly, a strictly hierarchically functional organ-

ization of resources and competences has been supplemented with resources, 

units, and responsibilities allocated to patrol borough and precinct command-

ers. 

4. Organizational flexibility. 

To adapt to local and changing crime trends, problems, and conditions, the flex-

ibility to allocate resources at all organizational levels was increased. The mid-

dle management level of commanding officers, especially, was delegated ca-

pacities to allocate resources according to their needs in context with a shift 

from a functional to a geographic organization of operational command, as 

sketched above. 

5. Data-driven problem identification and assessment. 

To understand crime trends, problems, and conditions and assess commanding 

officers’ reactions to them, the CompStat process was implemented. There-

fore, crime statistics were digitized, and data analysis software, such as GIS to 

map crime, was introduced at all organizational levels of the NYPD. Weekly 

CompStat meetings were established, wherein commanding officers discuss lo-

cal problems and problem-solving strategies with executives based on crime 

data and data analysis to increase accountability. 

6. Innovative problem-solving tactics. 

The information gathered and analyzed within the CompStat process and dis-

cussed at the CompStat meetings is supposed to foster exchange and commu-

nication across the department, thus facilitating novel strategies and tactics to 

fight crime in the precincts under the umbrella of a broken windows and 

hotspot model of policing. 

The CompStat process was essential for accelerating, expanding, and systematizing 

the NYPD’s use of digital information and data to monitor and understand the emer-

gence and development of crime, crime trends, crime clusters, and crime patterns in 
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the city, as well as to track the activities of its officers in the field. It has hence con-

tributed largely to a rearrangement of the department’s surveillance and knowledge 

technologies and practices. Since the installment of CompStat about 25 years ago, 

the NYPD’s data infrastructure and its capacities to gather, store, process, and dis-

tribute information has advanced substantially. Still, an evolving CompStat system 

remains a critical process and infrastructure within the department’s communication 

processes and practices of exploring, identifying, and defining crime and risk. So, how 

does this process appear in practice, and how does it partake in the NYPD’s surveil-

lance and knowledge practices and in ordering flows of data, information, resources, 

and activities? 

The NYPD took its first strides to digitize its information structure in the 1960s by 

implementing digital fingerprint files, personnel records, and UCR data. It then ex-

panded its digital infrastructure by adding functionally specific databases and in-

stalled the SPRINT system to partly automate its dispatch system, in the 1970s. In the 

following decade, the FINEST network was built to connect the computer terminals 

located in the precincts, borough command centers, and police headquarters at 1 

Police Plaza (1PP) to simplify and accelerate data access in the commands (Jefferson 

2020). With a growing number of databases and more digital data at its disposal, the 

NYPD also developed its first strategies, building on partly automated data analysis 

such as a program that included the database-aided identification of so-called career 

criminals to target them in a joint effort between the NYPD and the District Attorney’s 

office to build more comprehensive cases (McGuire 1982). 

With an increasing recognition of the value of data, a data analysis unit at 1PP also 

developed various methods of manually analyzing police data in the precincts to pro-

mote evidence-based, problem-oriented, and locally adapted policing strategies at a 

time when computing power and automated data analysis were still limited. These 

approaches included incentives for precinct commanders to map crimes using paper 

maps or wall maps and to enable and simplify the manual detection of crime patterns 

by re-designing precinct crime logbooks, which were to be kept and updated by ana-

lysts in the precincts. Still, this work was time consuming and the use of the logbooks 

was based on the decisions and discretion of the participating personnel in the pre-

cincts. Consequently, the department’s pre-digital efforts to enhance local analytical 
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capabilities and install data analytics as the basis of local crime fighting strategies 

remained incomplete as they did not yield widely shared and cohesive practices of 

crime analysis. Beyond that, commanding officers and analysts in the precincts them-

selves attempted to make sense of their data before computerized data was availa-

ble. These attempts were in no way systematic or coherent across the department 

and again suffered from their reliance on manual analysis and visualization as well as 

paper files. 

Furthermore, these local strategies of data analysis were not linked with department-

wide information processes. Within these processes, data would flow up the depart-

ment for headquarters to compile quarterly crime statistics – mainly to report to 

state and federal agencies, but also to conduct rudimentary analysis of city-wide 

crime. Yet, because this information was chronically outdated, it provided little in-

sight for day-to-day strategies or local analytical purposes. Accordingly, no valuable 

information was funneled back to the precincts. Useful data was thus stuck in the 

precincts, where it was not systematically evaluated or processed and analysis was 

time consuming and costly, while data with only reporting or strategic value was pro-

duced at 1PP. Consequently, the data collection and utilization processes in the NYPD 

prior to CompStat were slow and little sophisticated, providing hardly any opera-

tional intelligence that could aid decision-making processes in the precincts. It was 

clear, though, that the department was sitting on a wealth of data just waiting to be 

tapped. CompStat thus delivered some of the tools for unlocking the NYPD’s infor-

mation potential. 

CompStat was initially centered around (1) accelerating the information flows within 

the department, (2) enhancing analytical capacities on all organizational levels (pre-

cincts, patrol boroughs, city wide), and (3) installing communication structures aimed 

at ensuring the utilization of the envisaged analytical abilities. 

The acceleration of data processing and distribution started in the precincts. Here, 

complaints reports were now digitized by entering them into computer terminals. 

The crime classifications indicated on these reports were used to produce the crime 

statistics that guide the CompStat process. In the early days of CompStat, this infor-

mation was taken to 1PP on floppy disks to enable the timely compilation of crime 
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statistics. Today, complaint data is still typically collected on paper before it is up-

loaded to the Crime Data Warehouse (CDW) using omniform. Omniform is an online 

interface that mirrors the data categories and structure of the complaint reports, so-

called 61s, and other forms, so cops can digitize these paper reports by uploading 

them to the CDW. Once a report is in the CDW, which combines numerous NYPD 

databases and repositories, different offices can access this data via Cognos, a busi-

ness intelligence tool developed by IBM that allows data inquiries and offers semi-

automated reporting functions. 

With regard to CompStat, Cognos is used by crime analysts to compile weekly 

CompStat reports. These reports are composed at the precinct level where they can 

be used by captains, executive captains, lieutenants, and sergeants to learn about 

local crime conditions, develop adapted strategies, and allocate resources accord-

ingly. Furthermore, CompStat reports are compiled at the patrol borough level for 

each precinct in the borough and for the entire geography of the command. Addi-

tionally, the CompStat unit at 1PP produces reports for each precinct in the city. Be-

yond that, at the patrol borough level as well as at 1PP various units in multiple bu-

reaus conduct analysis for crime at the borough respectively city wide level. Since the 

implementation of the DAS as a data integration tool in 2015, the department has 

increasingly transitioned to CompStat 2.0 to compile CompStat reports. CompStat 2.0 

is supposed to accelerate the reporting process and simplify the use of the data anal-

ysis and visualization tools that produce crime trends, graphs, and maps as well as 

data inquiries related to them. 
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CompStat re-

ports consist of 

statistics cover-

ing the seven 

major crimes 

plus shootings. 

They examine 

data from vari-

ous periods, as 

the exemplary 

CompStat 

sheet below 

shows, to com-

pare them over 

time and across 

the city. The 

idea with this 

comparative 

approach is to 

detect crime 

trends and 

make them the priority targets of policing. Thus, absolute numbers are secondary. 

Instead, it is statistical deviation from a dynamic benchmark – prior crime rates – that 

guides policing and constitutes a normalization effort, as described in Foucault’s con-

cept of the security apparatus (Foucault 2007). Furthermore, crimes are mapped to 

identify spatial patterns. Such statistical values and spatial clusters can be further 

broken down in weekdays as well as times during the day, oftentimes according to 

the standard schedule of patrol tours. Thus, CompStat reports deliver diachronic 

comparisons of crime over time and allow for the identification of spatiotemporal 

patterns of crime. 

Figure 2: Compstat sheet displaying crime data covering the week from 
8/9/2010 through 8/15/2010 (https://www.nyc.gov). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened due to copyright regulations. 
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Such crime trends and spatiotemporal patterns of crime may serve as starting points 

for further analysis in the precincts to thus understand local crime patterns and de-

velop policing strategies accordingly. Spatial analysis became a standard feature and 

quasi-mandatory method of crime analysis early in the implementation process of 

CompStat when all precincts were equipped with crime mapping software and ana-

lysts received training for conducting basic spatiotemporal crime analysis. While the 

analytical functions provided by the software were simple, in the beginning, the ap-

plications’ functionalities grew over time, providing the capacity to pursue increas-

ingly complex analytical tasks. This development is further discussed in the next chap-

ter. 

Crime numbers, diachronic comparison, and spatiotemporal analysis form the cor-

nerstones of the CompStat process. Since CompStat reports are compiled at every 

level of the NYPD, they are used by 1PP to identify precincts where crime in (one of) 

the relevant categories has recently increased. The commanding officer of such a pre-

cinct is then invited along with one or two further precinct captains to be questioned 

at a CompStat meeting. CompStat meetings are bi-weekly meetings held at 1 Police 

Plaza where executives, such as the police commissioner, bureau chiefs, patrol bor-

ough captains, and supporting staff come together to discuss crime trends and pat-

terns in selected precincts with the respective captains and their supporting staff. 

Here, commanding officers are questioned regarding the crime trends, hotspots, and 

patterns in their commands and the strategies and measures they had enacted to 

tackle these issues. The photos below shows an impression from a CompStat meeting 

conducted in the early days of CompStat in the mid-1990s. 
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Figure 3: CompStat meeting in the 1990s (Government Innovators Network n.d.). 

CompStat meetings are often considered a key piece of CompStat as an accountabil-

ity tool, because here captains must justify their strategies. Also, the possibility to be 

called into CompStat is supposed to ensure that captains are familiar with their crime 

numbers, trends, clusters, and patterns and are actively pursuing measures to bring 

crime down. Furthermore, CompStat meetings serve as an opportunity to discuss 

problems, challenges, strategies, and practices of policing on the ground with expe-

rienced personnel. This increased communication is supposed to improve local prob-

lem-solving strategies and foster cooperation across the department. Measures in-

troduced following a CompStat meeting are usually revisited in later meetings to eval-

uate their success. 

Crime numbers that are significantly worsening or comparing poorly to other pre-

cincts or overall trends can yield significant consequences for the captains in charge, 

ranging from devastating and humiliating experiences at the meetings to demotion 

or even dismissal. Thus, CompStat performances have a substantial impact on offic-

ers’ careers in the NYPD; they are a major benchmark for measuring performance of 

mid-level management in the department. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened due to copyright regulations. 
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With the establishment of CompStat meetings as key features of CompStat, these 

meetings have been duplicated on the patrol borough level as the boroughs access 

to CompStat data allows patrol borough commanders and their analysis units to com-

pile CompStat reports themselves, thus measuring and analyzing crime numbers on 

a weekly basis to monitor precincts’ performances according to index crimes and 

shootings. 

Consequently, CompStat’s data structure and communication process allows the de-

partment to establish these crimes as the focal outcome of policing and align the 

boroughs and precincts to this mission, as their performance can be tracked almost 

in real time at any organizational level. It needs to be highlighted that this focus on 

index crimes as measurable outcomes in the CompStat process may also incentivize 

the negligence of other crimes or outcomes that can be considered important aspects 

of policing, such as crime prevention, community relations, or community involve-

ment. CompStat inscribes the priority of lowering the major crime numbers into its 

data structure and thereby makes this goal durable and translates it down the ranks 

via the patrol boroughs to the commanding officers in the precincts. 

However, conducting crime analysis at all organizational levels of the department not 

only serves the purpose of increasing internal control and alignment, it also over-

comes the restricted geographic focus of single commands. As patrol boroughs and 

city-wide units analyze crime data to identify patterns and trends on the geographic 

scales they govern, they are able to make clusters visible that cross precinct and bor-

ough borders and cannot be detected when solely evaluating data that represents 

the incidents in each precinct. The apparently redundant processes of data analysis 

allocated at the various geographic scales of the department’s organizational struc-

ture thus mirror the responsibilities and capacities of the particular commands and 

allows them to identify trends, patterns, clusters, and risks according to their geo-

graphic mandate. This information can then be used to develop borough- or city-wide 

strategies, allocate borough- or city-wide units to certain precincts, or advise or order 

precincts to cooperate regarding certain crime trends and patterns. This decentral-

ized utilization of data shows that the flow of information under CompStat has been 

re-directed. Data not only flow upwards, providing strategic information for the ex-
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ecutive levels, but it is also communicated and shared among the various organiza-

tional levels of the department, providing operational information for monitoring 

daily activities in the precincts, patrol boroughs, and city wide thus informing and 

guiding policing activities. 

Even though the CompStat process is often defined by its CompStat meetings, as a 

data-driven process, it is reliant on exactly that – data. Thus, the communication pro-

cesses that constitute CompStat start at the street level in the daily encounters of 

patrol cops, special units, anti-crime, and condition teams on the streets of New York 

and with desk sergeants taking complaints from New Yorkers coming to their pre-

cincts to report criminal activities. 

5.1.2 “Just the facts, ma’am.” Data construction in sociotechnical constellations 

Whenever a patrol officer, sergeant, lieutenant, or captain answers a 911 call for a 

burglary, robbery, or assault; an individual comes to a precinct to report a larceny, 

grand theft auto, or rape; and cops encounter a crime on their tours, officers file a 

complaint report, a so-called 61. They request information on the perpetrator, the 

process of the crime, the place where the crime happened, and potential damages 

or losses. Following this interrogation, the cop classifies the crime in question. This 

classification is a key moment within the NYPD’s knowledge practices. The classified 

crime type is included in the CompStat crime statistics and thus used for further anal-

ysis conducted to identify crime trends, clusters, and patterns using the time, date, 

place, and modus operandi information, which are found on the complaint report. 

Accordingly, with the introduction of CompStat, these practices of gathering infor-

mation on criminal incidents have changed significantly as they do now serve a crucial 

function for crime analysis and the NYPD’s decision-making processes. 

This transformation shows in Operations Order 35 from March 29, 1995, issued by 

Commissioner Bratton briefly after taking office and in the process of implementing 

CompStat. 
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Figure 4: Operations order regarding the recording of complaint reports (NYPD Operations Order 35 
1995: 1; Municipal Library, City of New York). 

As complaint reports were chosen to serve as the primary data source for the 

CompStat process, prior practices of reporting complaints and handling on-scene in-

terrogations became growingly problematic. 

The order hints at sloppy reporting routines with potential crimes not being docu-

mented or documented with sketchy information. These flawed documentation prac-

tices may be a minor problem as long as complaint reports do not have a critical func-

tions in monitoring crime trends and developing day-to-day strategies and thereby 

only have little strategic and operational value. Yet, as CompStat does delegate such 

a critical function to complaint data, it becomes paramount to translate the require-

ments of data analysis – accurate data – into the field where data is produced in the 

process of taking information on the complaint report. When complaint data played 

a minor role for the department, its quality was easily neglected by street cops and 

their superiors, as it did not seem to hold much value for the daily work in the pre-

cincts. Thus, with the increasing utilization of data, a growing attentiveness to detail 

needed to be instilled at the street level to ensure valid and accurate data. Hence, 

the heightened attention to data integrity facilitated changes in the practices of pre-

liminary investigations, interrogations, and data gathering in the field. 
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We ask more standard questions that we didn’t ask back then. […] Yes, 

absolutely. Just about everything. […] We are asking more questions and 

then they are importing it [into the CDW; N.C.]. 

Pol_07 (Lieutenant in the Transit Bureau) 

This growing detail-orientation during initial interviews with complainants is sup-

posed to deliver more reliable classifications of crime, as they are fed into the data-

bases behind the CompStat process and the department’s data analysis tools. 

[...][Y]ou became more discerning of the information you took because 

the types of crime mattered. Because now we weren't just tracking crimes 

in general, we were tracking trends in the seven [!] major categories. So, 

you're tracking all those trends and you are not only tracking them in real 

time, you're tracking them for today or this week, you're tracking it for 

this week versus the same week last month, for this week versus the same 

week last year. 

Pol_01 (former patrol officer in the Bronx) 

The task of ensuring reliable data entries during initial contacts with complainants 

and data quality during subsequent procedures remains, to this day, as difficult as it 

is critical. Officer alignment with the requirements of the department’s data analysis 

practices is a fragile process linking incidents and complainants with officers in the 

field, complaint forms, data analysts, database systems, business management tools, 

and reporting and analysis practices with practices of reasoning and strategizing 

about crime and crime fighting. Among these human and non-human actors, infor-

mation has to be continuously de- and recontextualized to generate, gather, distrib-

ute, and combine data and information to compile statistics and utilize them to de-

fine crime trends, clusters, and patterns. The fragility of such complex translation 

processes can be observed in the first moment of gathering information, and it then 

permeates through the various steps of data processing and utilization throughout 

the department. 

Coping with this fragility – in other words, stabilizing processes of data production, 

distribution, and processing – has remained a challenge for the department’s 

knowledge processes over time, as indicated by operations orders that recurringly 

highlight the importance of data quality and data integrity, reminding officers to be 
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cognizant and diligent when questioning complainants, marking down information, 

and classifying crime. Furthermore, operations orders document permanent at-

tempts to simplify data entries, data transfer, and data inquiries to prevent infor-

mation loss or information distortion when information is translated between the 

various human and non-human actors, as cops enter information into databases or 

retrieve information for analytical purposes. Beyond that, more rigorous guidelines 

and processes of data quality control have been installed by the NYPD over time to 

ensure that street cops act according to the demands of a data-driven process of un-

derstanding crime and developing policing strategies.  

Still, despite all these efforts, there are well-documented and widespread cases of 

data manipulation to be found, as discussed in Chapter 2. Aligning cops to the neces-

sities of the CompStat process thus remains a problem undermining the depart-

ment’s attempts to build reliable associations among the various actors participating 

in its processes of gathering, storing, distributing, and processing data, and they are 

regularly subverted by the actual routines of gathering and processing information in 

practice. Thus, it is clear that patrol cops carry significant responsibilities regarding 

the department’s information and knowledge practices, as their interactions with 

complainants and crime classifications represent a crucial moment in the production 

of data. At the same time, cops conduct this task while usually being under time pres-

sure, with more 911 calls on backlog, and without crime classification being neces-

sarily at the core of their expertise. This contextual constellation does create chal-

lenges to data collection. 

The […] limitation is that we have certain information about a crime, but 

we’re trained to only write down one or two sentences describing the 

complaint, what occurred. That kind of culture doesn’t supply patrol with 

the data that the detectives would find if they are conducting interviews. 

Maybe there’s a huge discrepancy between what patrol finds out when 

they interview and when detectives interview. This is major limitation. If 

you haven’t worked as a detective, you don’t know the difference between 

a complaint and a later interview. And then officers don’t write out the 

meat and potatoes of what exactly happened. […] And when we look at 

patterns we need the details. The complaints often don’t provide any in-

formation. 

Pol_09 (detective and former patrol officer) 
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This statement from a detective emphasizes a lack of training, knowledge, and expe-

rience regarding crime classification, which regularly leads to flawed data. It also ar-

ticulates a constitutive problem that stems from the decision to use complaint data 

to measure and analyze crime. Complaint data is inherently preliminary. Complaint 

classifications may consequently differ substantially from crime as ascertained by 

eventual investigations. This downside of complaint data as a key figure in data anal-

ysis processes is thought to be compensated by the upside of its timely availability as 

crime occurs. Accelerating data flows is one of the primary functions of the CompStat 

process and a requirement for producing operational information on crime trends, 

clusters, and patterns, even though this information may be faulty. 

Numerous interviewees highlighted the acceleration of data flows and the timely 

availability of crime data as a crucial quality of the CompStat process that has enabled 

new practices of data utilization, strategizing, and policing. 

The crime analyst was always there. Even in the 80s there was a crime 

analyst in the precinct. It’s just that the crime analysts didn’t have the 

real-time information or the software. They were trying to do it with the 

pin maps and stuff, but it was not as much sophisticated and not as real 

time. It wasn’t as quick. […] [W]e didn’t really know in real time how many 

crimes were taking place. CompStat changed that. We started computer-

izing everything. Before, everything was paper. So, you take it on paper 

and hand it in and eventually, 6 months later, we’d find out that every-

thing is correlated. With CompStat, you handed it in and immediately the 

precinct would put it into the computer and then we’d get it back very 

quickly, so we know very quickly how much crime was occurring in the 

command, where it was occurring, and where we could move the re-

sources. 

Pol_11 (former precinct commander and OMAP executive) 

Thus, the acceleration of data production and distribution created the ability to con-

duct data analysis in a way that lends itself to guiding the development of policing 

strategies in the precinct and the allocation of resources to specific spatiotemporal 

crime patterns. The character of information thus shifts from strategic to operational 

information. This shift is dependent on data acceleration and data accuracy, which as 

seen, represents a problem up to date. But not only data mobility and quality moved 
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to the center of attention with the growing value of data analysis. Data quantity and 

the scope of data available, respectively, also became more crucial. 

As analytical approaches were tested and unfolded, and as analytical capacities ad-

vanced, the desire to obtain more data for analytical purposes grew. For the officers 

on the beat, this transformation meant conducting more detailed and focused inter-

views and preliminary micro-investigations when on the scene. To ensure that offic-

ers would meet the requirements of capturing necessary information for crime anal-

ysis, the demands of analysts and analysis were inscribed into the 61s, the forms pa-

trol officers use to collect information. Information that, prior to CompStat, was typ-

ically obtained during investigations and kept in case files was now sought at an ear-

lier stage. Here, information on crime had to be standardized so that it could be trans-

lated into the databases used for reporting and analytical purposes in the precincts, 

at the borough level, or by city-wide units. Consequently, the 61s grew with the de-

mands of the analysts across the department. As they expanded their analytical ef-

forts, more information was requested for collection. 

They started with the stuff people had been dealing with for years. […] 

[S]tuff that was in our crime analysis systems in the 80s and special forms 

that precincts had generated. When they had a particular type of prob-

lem, they might generate a particular form that would call additional in-

formation. They would hand that form out to the officers and say: ‘In ad-

dition to the complaint report information, please provide this infor-

mation for every burglary, every robbery’. And to a certain extent those 

were custom made. […] [A]fter CompStat was in place in the late 90s, all 

those forms became the starting point for a much more detailed com-

plaint report. The complaint report in the era I was there began as 8.5’’ 

by 11’’. Then it went to 8.5’’ by 12’’. Then it went to 8.5’’ by 14’’. And then 

in the late 90s, it was at 8.5’’ by 14’’ and it had a whole overlay sheet and 

a bunch of boxes on the outside that reported additional information, like 

the pedigree of the victim, the property stolen, and so forth to add stuff 

to the single page. […] And in the late 90s, it became a foldout, like a book-

let. And then with additional sheets for suspects and an arrest booking 

sheet. […] So, all that additional information […] was included in the form. 

That was one of the things that we did at the analysis section of OMAP, 

[…]. We got everybody to meet in a big room: ‘What does the Detective 

Bureau want to have on the form; what does the Chief of Department 

want to have; what do the Borough Commanders want to have?’ Then we 
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tried to make some sense out of all this and come up with something that 

everybody could use. 

pol_13 (former executive member of OMAP) 

The process described by this former OMAP executive shows the various dynamics 

that unfolded with the implementation of CompStat. It illustrates a growing demand 

for detailed information on crime as data analysis progressed over time. Simultane-

ously, the standardization of information was pushed. Information generated locally 

and temporarily in single precincts was now translated into databases accessible for 

city-wide practices of data gathering. Thus, information that was once restricted to 

local use is now tied in with department-wide processes and therefore becomes 

more mobile. In this context, the relevance of information for crime classification and 

crime analysis is not self-evident. Rather, the question of what constitutes necessary 

information to classify and analyze crime varies depending on the units and actors 

involved. Additionally, it is the technicity of databases and data analysis tools that 

defines the information that can be mobilized and utilized, as contextual information 

drawn from interviews and investigations must be translated into database catego-

ries, which must then be legible to the data analysis tools and analysts. It is this ne-

cessity to fill databases that favor standardization over narrative text. 

In the days of the very beginning, we had a bunch of white boxes that you 

could fill out however you wanted. And even a lot of text computer sys-

tems today can’t deal with that. It’s like, ‘this field has to be ‘inside/out-

side’ this field has to be ‘height description’. What if I want to add tattoos? 

Can I add that as a coded field? Can I add that as a text field that you can 

then search with modern techniques?’ But then someone can answer: ‘I 

don’t want tattoos. I want something else.’ Because they used a bicycle 

or they used a particular ammo in that crime. And the incidents and crim-

inal activities continuously change. […] So, the world is a fuzzy place. It’s 

not exactly or directly logical, where you can subdivide everything into all 

those little containers and make them all come out equal. […] But it [data 

analysis; N.C.] is a systematic attempt to understand what’s going on so 

that you can make decisions and have a better success rate. Whatever 

this success rate is based on. 

pol_13 (former executive member of OMAP) 
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The challenges of compartmentalizing a “fuzzy world” according to various depart-

mental needs into database categories also surface in the various operations orders 

introducing enhancements to the department’s omniform system, an online tool that 

represents the digital version of the complaint form. Any complaint form is digitized 

using omniform, which hence mirrors the structure of the 61s, as it is the interface to 

add complaint data (and other types of data) to the CDW and retrieve it. Here, for 

example, an operations order from April 27, 2012 lists various additional items 

deemed helpful or necessary for recording a complaint. 
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Figure 5: Operations order regarding an omniform system enhancement (NYPD Operations Order 21 
2012: 1-2; Municipal Library, City of New York). 

The alterations, additions, and removals listed (especially items h. – o.) show how 

omniform and complaint data change over time as new aspects of criminal incidents, 

locations, and perpetrators are considered valuable for investigations, crime analysis, 

or the evaluation of departmental processes, while other aspects become obsolete. 

The document also indicates how minute the information is that cops must record as 

they make a complainant’s narrative explicit by breaking it down to translate it into 

the data categories offered by the 61s. Consequently, data production on the ground 

is a complex process of systematized de-contextualization as cops translate criminal 

incidents into data categories and values. 

While officers might be conducting interrogations and preliminary investigations in 

the field on their own, they are not alone when doing so, as the form that guides their 

practice is a perpetually transforming result of collaborative processes of defining 

relevant items for crime classification and data analysis conducted among the various 

units and organizational levels of the NYPD, according to the demands of the data-

bases and data analysis tools it employs. Thus, data does not simply mirror a given 

reality. It is manufactured or co-constructed in the interactions of various human and 

non-human actors: the complainants, officers in the field, and complaint form, which 

itself is constructed by negotiations among the various executives, analysts, cops, da-

tabases, and data analysis tools that all inscribe their demands, concepts, and ideas 

into the form that guides the line officers. 

For this process to generate reliable crime data, the NYPD has developed and main-

tains a comprehensive crime reporting guide. 
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We were always involved with definitional items, too, because we ran the 

reporting system. So, we had a whole reporting guide where in the pre-

cincts, now that they were doing the classifications, as they were report-

ing it into the online complaint system, we told them how to report this. 

What information was most important; what information was necessary 

to classify a crime. 

pol_13 (former executive member of OMAP) 

With line officers’ growing responsibility to produce data, the need grew more urgent 

to align their questioning and reasoning with the demands of standardized database 

categories, as information must be translated into these categories so that it can be 

stored, shared, and processed throughout the department. 

As data is constructed in 

such sociotechnical pro-

cesses the procedure of data 

production becomes a criti-

cal moment in data-driven 

policing practices as were fa-

cilitated with CompStat. Yet, 

as mentioned above, it re-

mains difficult for the de-

partment to align its cops 

with the high standards 

needed to generate reliable 

data, as the everyday prac-

tices of data collection and 

construction regularly un-

dermine the requirements 

of its processes. Thus, the 

NYPD continually attempts 

to install structures and pro-

cesses to ensure data qual-

ity, as the figure left shows. 
Figure 6: NYPD crime reporting and classification process (Crime 
Reporting Review Committee 2013: 12). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened due to copyright regulations. 
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Once a complaint report has been filed, it can be transferred into the Crime Data 

Warehouse (CDW) to make the data accessible for reporting, analysis, and evaluation 

purposes. On its way into the CDW, a complaint form undergoes multiple checks. The 

form must first be signed by the desk officer in charge when it enters the precinct 

house. The desk officer reviews the consistency of the crime classification with regard 

to the information given on the complaint sheet. He/she will not and cannot check 

the information for consistency with a complainant’s narrative. After sign-off, the in-

formation is entered into omniform, typically by a civilian clerk. Before being submit-

ted to the CDW, the omniform sheet is reviewed by the desk officer again and signed, 

confirming the data is consistent with the original scratch copy. Following this second 

sign-off, the omniform report is added to the CDW. The uploaded report is reviewed 

by the precinct’s analysis team supervisor to check the crime classification. In cases 

of inconsistencies or uncertain classifications, analysts can conduct follow-up inter-

views with complainants to gather further information to validate crime classifica-

tions or re-classify crimes, if necessary. If a crime classification remains unclear, the 

analysts are mandated to opt for the highest crime classification to prevent the sys-

tematic downgrading of crimes. Any changes made by the analyst are added to the 

report as amendments by filing follow-up forms in paper and the omniform (DD-5 

forms). Any changes made are manually tracked by time, date, and user in a precinct 

log book and automatically online. 

In addition to these quality checks, two units in the department are mandated to 

check complaint reforms for data integrity city-wide. The Data Integrity Unit (DUI) 

annually reviews 25,000 randomly selected complaint reports for data inconsisten-

cies, while the Quality Assurance Unit (QAU) audits each of the department’s pre-

cincts, transit districts, and patrol service areas twice a year, inspecting a random 

sample of 25 complaint reports in each of the 18 crime categories (Crime Reporting 

Review Committee 2013). Of late, the DUI is supported by a software tool that sifts 

through assault reports to flag those that potentially contain misclassifications for 

the unit to review. This software-aided approach is supposed to improve the random-

ization-based review process and will be extended to other types of crimes gradually 

(Horgan 2016: 13-14). 
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These processes contribute valuably to the reliable construction of crime data. Yet 

despite these efforts, the crime reporting process bears several risks of misclassifica-

tion and manipulations that do result in distorted data. The Crime Reporting Review 

Committee (Kelley & McCarthy 2013: 13-19) lists the following: 

1. “Strict interpretation bias”. As crime must be classified in the most serious 

possible category, reviewers might tend to define crime up. 

2. “Unreported crime”. There is still a large dark figure of crime that goes unre-

ported and, thus, does not appear in official crime statistics. 

3. “Complainants’ limitations”. Crime classification is reliant on the information 

given by the complainants. These might not be able or willing to give accurate 

information. 

4. “Subjective nature of classification”. Even though the NYPD aims to standard-

ize crime classification with training and crime reporting guidelines, crime 

classification in situ and the review process remain, to a degree, a subjective 

assessment of a given narrative, respective of the data produced from the 

narrative. 

5. “Arbitrariness”. When filing a report, officers and complainants must give in-

formation that might not be clear but rather arbitrary assessments – for ex-

ample, regarding the value of stolen goods, which might affect crime classifi-

cation. 

6. “Changing standards”. Crime classification criteria, thresholds, or processes 

change over time, leading to contingent assessments and limited comparabil-

ity. 

7. “Human error”. As many individuals obtain, handle, and review data in the 

crime reporting process, errors may occur at various stages of the procedure. 

8. “Manipulation (downgrading and suppression)”. As discussed in Chapter 2, 

the problem of manipulated crime numbers, which may have a significant ef-

fect on crime statistics and police service, is an apparent side-effect of the 

CompStat process. 

The Crime Reporting Review Committee summarizes that the NYPD’s internal audit-

ing processes (There is no external auditing process!) regularly reports small numbers 

of misclassifications. At the same time, the committee underscores that even low 
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percentages of inconsistent or incorrectly classified crimes may have significant ef-

fects on crime numbers and thereby on police services and the allocation of re-

sources. Moreover, practices of negligent or leading interviews with complainants 

might affect the classification of crimes; this fault cannot be captured by the audit 

processes of the department and thus might go unnoticed, even though they repre-

sent a crucial moment in the processes of data production. 

With the exception of the first aspect (strict interpretation bias), the risks listed above 

were also mentioned or discussed in the interviews with police and policing experts 

as the limitations of a data-driven approach to policing. Furthermore, numerous op-

erations orders indicate the difficulties of generating reliable data given the outlined 

restrictions. The interviews and operations orders thus corroborate the error suscep-

tibility of data construction highlighted by the list above. 

Moreover, the ongoing process of the department’s digitization poses challenges to 

the quality and timeliness of the data it requires. Examining the operations orders 

over the years, it becomes clear that the process is highly incremental, with various 

types of data, records, functionalities, and databases added over the years and in 

small steps; as a former OMAP executive described when talking about the office’s 

role in digitizing the departments knowledge processes and information infrastruc-

ture: “[…] [T]he stuff we were doing was piecemeal. As far as I know, if you wanted 

to replicate that today you would still must do it pretty much piecemeal (pol_13: for-

mer executive member of OMAP). Consequently, the practices, processes, and struc-

tures of generating, storing, sharing, and processing data and information typically 

play out in hybrid formations linking paper files with digital files and databases by 

partly manual, partly automated processes in ever-changing constellations. This dy-

namic hybridity may induce asynchronies and faulty translations among the involved 

actors and formats, leading to slowed processes of data distribution or corrupt data. 

Even though more complex data integrity procedures have been implemented over 

the years and technological and sociotechnical processes have been refined and sim-

plified over time, the ongoing focus on such processes of making harder facts (Latour 

1986) shows the inherent fragility of the sociotechnical practices of constructing data 
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as an integral reference point of policing. However, they are crucial for the depart-

ment’s crime fighting strategies, as they guide strategy development in the precincts, 

boroughs, and city. 

5.1.3 Utilizing crime data at the precinct level 

Once complaint data has found its way into the CDW, it is recognized as a fact. As 

such, it is essentially black boxed, because the fragile sociotechnical processes of de-

contextualizing and recontextualizing information and translating it between various 

formats and technologies are obscured. Through the CDW, these facts circulate the 

NYPD as they are accessed, distributed, inquired, combined, and analyzed by various 

units at all organizational levels of the department. 

The data analysis units in the precincts belong to the first users who handle the data 

after is has been approved. It is their job to compile weekly CompStat reports for 

their captains. These paper reports can also be consumed by lieutenants and ser-

geants who serve as supervisors of platoons and squats. Furthermore, analysts an-

swer the requests of commanding officers or lower-level supervisory staff by compil-

ing selected incidents, statistics, or statistical comparisons to identify crime trends or 

map crime. 

Examining the interview material, it becomes obvious that despite their title, data 

analysts in the precincts spend much of their days running reports rather than con-

ducting data analysis. 

Part of the problem in what I’ve seen working as a cop and as a supervisor 

in the analysis unit is that a lot of your day is structured around very broad 

reports. So, what you find that the cops are doing is that they are not re-

ally acting as analysts the way that you would think of or want them to 

act as analysts. They come in and they are just running the same reports 

week after week after week after week. […] I mean, I can sit there, and I 

can come up with ideas to look at things more deeply, but the problem is 

[…] you only have so many hours in a day and you can only get so much 

stuff done. And when the majority of your day is blocked off doing things 

that the police department requires – like our borough requires reports 

that have to be generated  – it prevents you from doing […] a more crea-

tive analysis of things. 

Pol_05 (Supervising Sergeant of a precinct data analysis unit) 
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While CompStat as a more data-driven approach to policing intends to increase the 

analytical capacities of the department at its various organizational levels and in its 

distinct units, it has also expanded and delegated reporting duties down the line. 

These reports to document crime numbers, trends, and clusters as well as police ac-

tivities and measures may serve to track crime trends in the distinct commands, in-

crease accountability, or evaluate policies and strategies; however, they hold little 

analytical value for the precincts. They might even hamper or undermine more ad-

vanced approaches to data analysis at the local level, since there is hardly any time 

to pursue more sophisticated approaches of processing data to derive analytical in-

sights, as compiling reports consumes huge chunks of the working hours of the local 

analysts. 

Furthermore, interviewees report a lack of training that limits the quality of data anal-

ysis in the precincts. Here, data analysis is often reduced to compiling selected data 

sets or diachronic data comparisons or mapping certain crimes as simple pin maps 

on request. Essentially, there is no data analysis pursued at the local level that would, 

for example, lend itself to statistically identifying the factors or dynamics that cause 

crime. 

[…] [W]e don’t train the people at the precinct level to be real analysts. 

That is something that I’d like to see changed. I mean there are scholar-

ship opportunities, but it lacks really the chances to do training in qualita-

tive analysis, for example. So that you have people who can run robust 

statistical tests or whatever. You have that at 1PP for city wide, but you 

need people in the precincts who can really tailor strategies and look into 

developing trends at that precinct level where you can get fine and really 

drill it down to that one location. If we digged in more sophisticatedly, it 

wouldn’t hurt us. 

Pol_05 (supervising sergeant of a precinct data analysis unit) 

Thus, while the NYPD and other proponents of CompStat often praise its analytical 

power, its analytical capacities, as utilized in practice, are hampered by organizational 

structures and resources, as well as the personal capabilities of those analyzing the 

data and operating the data analysis tools. Still, even though the analytical capabili-

ties and capacities at the precinct level are limited, the availability of data alongside 

departmental practices to encourage its use through CompStat have installed data as 
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an integral reference point for thinking about crime, developing strategies, and allo-

cating resources. 

Precinct captains, lieutenants supervising platoons or special units, and sergeants 

overseeing squads are supplied with CompStat reports on a weekly basis. Here, they 

can find a compilation of recent crime numbers, crime trends, and crime numbers as 

they compare to prior periods. Reports do also contain crime maps as well as infor-

mation on crime patterns and case files that entail information on such patterns. The 

reports are geared toward the CompStat process focusing on the major index crimes 

and crime trends as they are typically discussed at CompStat meetings. It is specifi-

cally crime trends that receive heightened attention in the CompStat process and 

thus in the precincts and boroughs. 

CompStat wasn't about looking at large concentrations of crime. 

CompStat was about, even in precinct where there's not a lot of crime, 

let's look at crime all the time, because if we track crime over time, a little 

bump can be addressed before it becomes a hotspot. […] So, we went from 

large concentrations of crimes to being concerned with spikes in crime, no 

matter where. Because […] all the city is different. So, one precinct might 

have a hundred robberies, another might have ten. We want to care 

about both places because if it goes from 10 to 15, it’s just as bad as if it 

goes from 100 to 120. They are both things to be concerned about. 

Pol_01 (former Patrol Officer in the Bronx) 

The department’s perspective on crime thus follows a rationality that can be de-

scribed in Foucault’s terms of normalization, as crime trends represent a dynamic 

benchmark comparing the recent situation to prior periods (Foucault 2007). This way, 

crime trends can be identified and tackled if necessary, since spikes in crime are sup-

posed to indicate a growing crime problem that must be addressed. In this context 

the acceptable amount of crime respectively crime numbers that are considered as 

risky – and command police intervention as they imply an emerging crime cluster – 

change over time and by place. Compstat thus installs statistical deviations as flexible 

key criteria to identify risks in the precincts meant to yield locally adapted responses. 

Crime trends as upticks in crime consequently represent starting points for further 

analysis. 
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In his interview, one lieutenant stated that he would regularly consult the precinct’s 

CompStat report for an overview of the latest numbers and incidents that occurred 

during the tours he supervised. He would then request additional information from 

the precinct’s data analysis unit on a daily basis to become familiar with the recent 

cases. This included information on time, place, and modus operandi of the incidents. 

The aim of having this type of information compiled was threefold. First, it would 

allow him to allocate the cops during his tours according to spatiotemporal patterns 

he could identify. Second, he could use this information to brief his officers on the 

specifics of recent crimes. Finally, he would try to identify crime patterns, attempting 

to link individual incidents via information on the time and place of their occurrence 

or their modus operandi as could be reconstructed through information on the com-

plaint forms. Therefore, he would speak with the crime analysis unit to request simi-

lar cases according to specific modus operandi information. He would then cross read 

complaint reports to examine if cases linked via single pieces of information were 

likely to represent larger patterns. If so, he would direct his officers’ activities toward 

addressing these patterns and communicate it to the precinct captain. Crime patterns 

represent an integral element within the knowledge practices in the precincts and 

beyond. Patterns can be understood as series of crimes committed by the same per-

petrator(s) following the same modus operandi. Thus, being able to capture these 

offenders allows to clear a number of cases and terminate a series that possibly 

would have otherwise continued. 

Commanding officers themselves typically examine crime and case data in coopera-

tion with the local data analysis unit: 

If you tell a captain, “we’ve had 10 burglaries this weekend”, he would 

want to know time, days, things like that. He would want to know what 

these houses looked like. This is something you wouldn’t necessarily get 

off the computer. Are they cornerhouses? Are they midblock? Are they 

apartment buildings? What’s in common with those? Previous histories. 

He would want to know, do we have any burglars on the block? Is there 

anyone with a burglary problem? Is there a drug spot on that block? Is 

there a drug spot around the block? Are they being told at the drug spot 

that they don’t have enough money to buy drugs, so they run around the 

neighborhood in a fury trying to steal something, so they can sell it off? 

He would want to know the pawn shops, bus stops. The captain would 
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literally keep going to the crime analysis guy saying: ‘Think about this. 

Look at that. Look at this. Look at that. What about that?’ […] Also, you’d 

want to know, what were the last 200 arrests on that block? Someone 

with a beer drinking ticket. Did someone get a parking ticket? Tickets for 

running stops. He would want to know everything that’s happened there. 

And then he would kind of think about and then he would say, ‘okay, do 

this.’ Like to platoon commander: ‘Have your cops being on the lookout 

for this, this, and this.’ Then maybe he would tell his anti-crime cops: ‘I 

want you to do a stake out over here.’ […] [M]aybe he’ll have a SNU-Team 

go over there. And maybe it’s such a big problem, that he would go to a 

meeting with his superiors, and he would say: ‘Listen, I need more re-

sources. Can you bring in additional cops to be here, here, and here for 

this reason.’ 

Pol_07 (lieutenant in the Transit Bureau) 

This quote clearly shows how once crime patterns are identified and approved, they 

are established as primary targets of investigative efforts, as well as for patrol and 

special units, in an attempt to tackle them in a concerted fashion. The analytical pro-

cess of defining patterns is a hybrid constellation that entails personal knowledge and 

experience, serial reading and comparing of complaint reports, querying databases 

for specific information to link various cases, persons, incidents, and areas in order 

to investigate the current cases but moreover to decipher the pattern and thereby 

constitute it as a present and future risk that can be tackled with specific measures 

and strategies to prevent it from continuing. 

They [Commanding Officers; N.C.] are also looking for patterns, similar 

incidents that might be developing, crime that occurred this week that 

also occurred last week. That kind of changes it, because it wasn’t just 

some kind of random occurrence that happened to pop up. This could be 

a particular person or group of people that operate in a certain area in 

the precinct […]. That’s something that we can hopefully address a little 

more effectively than, let’s say, the random shooting that occurs. 

Pol_05 (supervising sergeant of a precinct data analysis unit) 

These processes would be significantly more complex, time consuming, and resource 

intensive – sometimes essentially impossible to conduct– if they were not computer-

aided by utilizing data, databases, data inquiry tools, and mapping software. A simple 

function such as a keyword search sifts through large databases for specific weapons, 
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objects, locations, or other characteristics of crimes while setting certain timeframes, 

which is a crucial step that allows cops in the precinct to identify crime trends and 

patterns, making them the priorities of local policing strategies. The practical value 

and transformative character of such seemingly minor functional changes is corrob-

orated by another anecdote, which describes similar practices in a different precinct: 

The Commanding Officer of our precinct, she was reading through the 

complaint reports that were taken over the last couple of weeks and she 

noticed that there were two robberies that occurred right in the same 

area and they seemed to describe more or less the same way that the 

crime was committed. It was a group of people they jumped the person 

and then they removed property from the person. So, in those types of 

incidents it’s important for identifying patterns within the police depart-

ment, which then goes to the precinct’s detective squad and it could in-

form their decisions on how they want to go about conducting an investi-

gation. You also have other units within the precinct, too. For example, 

the precinct’s Anti-Crime Team, which are guys in plain clothes and go in 

unmarked cars. They are looking to make arrests. They are not out there 

answering to car accidents or quality-of-life issues. They are really going 

out there to find the gang members, the bad guys in the precinct, who you 

want arrested before they do something, like a shooting or a robbery. So, 

the information knowing where the crimes are occurring, the street 

crimes, the robberies, the felony assaults, stuff like that, knowing where 

they are occurring that’s important because it’s intelligence that they then 

can use to go out and focus their efforts on one particular area in the pre-

cinct as opposed to being like, ‘oh, we got a whole precinct to cover’; you 

can say, ‘ok, there’s a four or five block range within sector Adam in the 

precinct. Within that range we’ve taken a spike in robberies.’ So, you 

might redeploy or shift your resources to concentrate them right on that 

area. 

Pol_05 (supervising sergeant of a precinct data analysis unit) 

These lengthy quotes illustrate how the sociotechnical construction of crime patterns 

constitute crime as risk. Crimes or patterns are thus not merely past events that need 

reactive investigations; they are also potential future threats necessitating proactive 

measures that consider the specific character of the risk as it is constructed by com-

bining various data points through sociotechnical knowledge practices. Furthermore, 

it becomes clear how the emergence of patterns as the subject and result of data 

analysis re-arranges communication flows and policing practices as the construction 
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and targeting of patterns ties in and coordinates various units and their practices on 

the ground. 

Traditionally, the distinct local units have operated largely independently from each 

other, setting their own priorities and strategies. With CompStat and the data analy-

sis practices it has spawned, crime trends, clusters, and patterns have been installed 

as obligatory reference points (OPP) (Callon 1986) for all the units relevant to a cer-

tain pattern. That could include patrol, detectives, anti-crime, conditions, narcotics, 

and others. Thus, new associations have been forged and activities have been aligned 

among units that cooperated only scarcely prior to CompStat. This rearrangement of 

the links among the various actors at the precinct level became possible due to the 

availability of real-time data in the precincts and the ability to query data semi-auto-

matedly in a timely manner as patterns make visible what would have remained hid-

den in the data with purely manual methods of analysis. 

These technological transformations result in hybrid constellations of distributed 

agency (Latour 1994, Rammert 2003, Rammert 2008, Rammert 2011, Schulz-

Schaeffer 2000) where automated/semi-automated databases and data inquiry tools 

deliver information that is then combined with manual analysis, personal experience, 

and face-to-face communication among executives and supervising members of the 

precinct staff. In this context, interviewees highlight that supervising cops usually 

should know most of the information coming from the complaint data, as they still 

spend time in the field and are thus acquainted with major trends and incidents in 

the command. Still, data helps to systematize knowledge and become familiar with 

trends and patterns that might occur outside one’s tour or command. 

Furthermore, this information is now mobile and can be visualized, re-arranged, and 

further inquired, fostering communication among executives, supervisors, and ana-

lysts. While policing in the precincts was largely based on personal experience, mind 

maps, and anecdotal knowledge, this implicit and personal knowledge is now supple-

mented and guided by standardized and explicit information derived from the 

CompStat process. Hence, the use of data query, data analysis, and data visualization 

tools has facilitated a shift in the distributed agency of the NYPD’s surveillance and 

knowledge practices as they conduct the tasks of managing data and organizing data 

flows, thus enabling novel ways of utilizing data at a strategic and operational level. 
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Recently, a further au-

tomation of these pro-

cesses has transpired as 

the NYPD has devel-

oped and implemented 

the data analysis tool 

Patternizr, which was 

introduced in the de-

partments’ Spring3100 

magazine, as can be 

seen on the left. Pat-

ternizr allows detec-

tives to check on mouse 

click whether single 

crimes might be part of 

a larger pattern. The 

application will then 

compare the incident’s 

modus operandi infor-

mation, suspect infor-

mation, geographic in-

formation, and infor-

mation on time and day 

against crime data in 

the department’s CDW. 

As a result, it delivers a 

list of ten incidents 

likely to be linked to the initial report and scores their probabilities of being part of 

the same pattern. Detectives can then review and examine the listed reports to de-

cide whether certain cases do constitute a pattern. If so, these cases and possible 

suspects are targeted by focused investigative efforts. Furthermore, these patterns 

may inform the work of special units and patrol cops. 

Figure 7: Introduction of the "Patternizr" in the NYPD’S Spring3100 
magazine (Spring3100, Vol 79-Issue 3, 2016: 15; Municipal Library, 
City of New York). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened due to copyright regulations. 
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Thus, Patternizr further automates tasks that had been handled by cops, both man-

ually and computer-aided. This automation is supposed to enable swifter and more 

efficient database searches and analytical processes. Simultaneously, it further di-

minishes the role of experience and personal knowledge within the department’s 

knowledge process and practices. Instead, the importance of standardized infor-

mation, data, and data analysis increases as they produce first hunches and theses 

that are then explored and assessed. This increased automation of crime analysis 

bears the risk of cutting out interpretative capacities that are based on professional 

experience allowing for a more substantiated recontextualization of case information 

as it is being linked and put in relation to identify crime clusters and patterns. Thus 

cases a detective might include into a pattern may go unnoticed. 

Patternizr therefore adds another layer of technological contingency or fragility. 

Where cops used experience and knowledge to connect modus operandi information 

to evaluate if certain crimes constitute a crime pattern, this task is now pursued by 

algorithms that replace experience with mathematical equations. Therefore, profes-

sional experience and criminological assumptions must be translated into mathemat-

ical models trained with historic NYPD crime data in order to make assessments and 

predictions about potential crime patterns. Although, these data-based and algorith-

mic decision-making processes are supplemented by investigators who examine the 

Patternizr reports, Griffard (2019) points out that the results of computer-conducted 

data analysis are regularly ascribed high levels of credibility and validity. Moreover, 

as CompStat data is available and utilized for analysis along the department’s chain 

of command for identifying and pursuing crime patterns, it functions as an OPPs, 

lending data analysis significant authority within decision-making processes. Conse-

quently, Patternizr receives a crucial role in the processes of defining patterns and 

identifying potential suspects, who are then targeted by police measures. 

The installment of Patternizr highlights the NYPD’s surveillance and knowledge prac-

tices as hybrid constellations of distributed agency that emerge from the interlinkage 

of practices conducted by human and non-human actors. Within these constellations 

or assemblages, agency is gradually shifting toward technological actors, which are 

being delegated growingly complex and integral tasks. Consequently, the results they 

deliver are more difficult to question and challenge, as the processes of decision-
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making are increasingly opaque while still perceived as trustworthy. Yet, the more 

complex the processes of de- and recontextualization become; the more error-prone 

they are. Not just because they rely on flawed and biased data but also because the 

translation of professional experience, knowledge, reasoning and decision-making is 

hardly to be translated into mathematical models. This translation will always remain 

incomplete, constituting a sociotechnical process or mode of knowledge production 

that can be hard to track and comprehend for its users, making it difficult to assess 

the quality of its suggestions. This opacity or lack of sociotechnical accountability may 

prove problematic, as Patternizr pursues integral tasks that contribute to flagging 

certain persons or groups as the subjects of policing measures. 

Despite these difficulties, the implementation of the Patternizr application also 

demonstrates the authority that patterns have gained as an organizing principle 

within the NYPD’s practices of knowing and policing. As such, they enable a growing 

cooperation and coordination of the department’s resources, but they may also fos-

ter conflicts, as a declared pattern could contradict other approaches, activities, or 

targets the various units have prioritized for themselves. 

Such conflicts may transcend precincts, because patterns are established and ad-

dressed at all departmental levels. Patrol boroughs and 1PP define patterns for single 

precincts as well as higher geographical scales, with patterns crossing precinct or bor-

ough boundaries. Thus, CompStat functions as an OPP not only at a local level but 

also up and down the department’s chain of command. 

So, the precincts’ crime analysis units all have their own reports and anal-

ysis that they do. Mostly to mimic what they do at CompStat. That way 

the precinct commander knows where they are in relation to CompStat. 

They might also have other requests. Let’s say the precinct commander 

asks: ‘What about laundromats? Are they causing troubles based on our 

assaults?’ That’s a special request at the precinct level. The borough level 

is doing their own stuff, again in line with CompStat, because they want 

to know where they fit in. And they are responsible for their precincts. The 

CompStat unit of the Chief of Department, they look at all of that. Not 

necessary on a city-wide level. They are looking at each precinct but city 

wide. They are not looking at city-wide trends. They are looking at each 

precinct to see how it fits into the puzzle. Each one is its own entity. The 

reason why I say that is that sometimes that can be a problem, if patterns 
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cross a precinct. So that may not be noticed by the Chief of Department’s 

office. So that’s where the borough comes in. They might say: ‘These two 

adjacent precincts both have a problem with robberies near their border.’ 

That’s the idea there. People think it’s inefficient to have that extra layer 

but it’s not. It’s to fill in that gap. And then what our office does is more 

that wholistic view. We look at overall things. We look at city wide. 

Pol_03 (supervising analyst at OMAP) 

While CompStat represents an OPP, it also leaves room for analytical approaches ne-

cessitated by local conditions. Hence, while CompStat fosters a certain coherence 

and streamlines the utilization of data, it may also spark conflicts. As patrol boroughs 

or city-wide units define priority targets and objectives based on pattern analysis, 

they may request or order precincts to allocate cops and resources accordingly and 

conduct specific tactics; they may as well send their own staff to work in certain pre-

cincts and order supporting personnel and resources to join them in pursuing a par-

ticular pattern. These priorities, objectives, and demands may collide with local pri-

orities and strategies. 

When a detective working in a unit tasked withing identify local patterns gave a tour 

of the station house in his Manhattan precinct, he stated that borough captains 

would call in or even walk into the precinct to demand investigations or other 

measures conducted by the anti-crime Team, the conditions team, or patrol to fight 

patterns that were detected by the borough. Another interviewee stated that he had 

occasionally experienced borough-level cops, who were sent into precincts to con-

duct operations, sometimes in cooperation with local staff, sometimes without the 

local cops knowing what their colleagues from the patrol borough were tasked with 

doing. On the other hand, the patterns declared in the precincts and communicated 

to the patrol borough might not receive the attention and additional resources de-

sired and requested by a precinct captain, or the higher levels of the Detective Bureau 

may not share the local assessment of urgency. Thus, while patterns function as ref-

erence points that structure and re-arrange the departments cooperation and com-

munication flows, these re-arrangements may not necessarily produce clear goals for 

policing but instill new levels of conflict among the various units and organizational 

levels. When this is the case, it seems that such conflicts are usually resolved by rely-

ing on top-down hierarchies of command and control. 
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Nevertheless, CompStat facilitates data-driven knowledge processes, so precinct cap-

tains must be familiar with their crime numbers to ensure that cops address certain 

spikes, clusters, and patterns, which may be identified by units at higher hierarchical 

levels mandated to urge or order commanding officers to act. Furthermore, such 

spikes, clusters, and patterns are integral subjects of CompStat meetings, where un-

derperforming precinct captains must discuss their crime numbers and trends, along 

with the strategies undertaken to tackle them. Captains are thus typically acquainted 

with their CompStat numbers to identify trends and patterns and will from their con-

tinue by drilling down on such patterns trying to identify specific characteristics that 

will enable them to develop strategies to address crimes as risks accordingly. 

Crime numbers are used to foster communication in the precinct and along the or-

ganizational hierarchies to confer on and address the trends, patterns, and clusters 

that occur. CompStat has thus strengthened associations among various units and 

levels through a standardized and explicit stock of data and information that facili-

tates a synchronic motion of centralization and decentralization, wherein data is 

stored in centralized repositories that can be accessed decentralized by various units 

across the department. Thus, CompStat has re-arranged the existing links among dis-

tinct units and organizational levels, creating flows of communication where there 

was little communication before and fostering cooperation by intertwining and coor-

dinating the activities of various distinct units, thus enabling and re-organizing flows 

of data, communication, and action. Here, CompStat – with its processes of gather-

ing, storing, distributing, and processing data – serves as a common reference point 

or OPPs, as it defines a set of data and data analysis practices that build the common 

ground for further analytical efforts and strategizing, even though these efforts and 

debates might include conflicts in priorities and objectives. 

The construction of crime trends, clusters, and patterns is a continuation or expan-

sion of the NYPD’s sociotechnical knowledge practices that start with the construc-

tion of data in the field. While this production of data can be understood as a process 

of decontextualizing information and knowledge to translate it into databases, the 

construction of crime trends, clusters, and patterns represents a recontextualization 

and rearrangement of data conducted through the interlinkage of various human, 



 

 201 

non-human, individual, and collective actors: analysts, captains, lieutenants, ser-

geants, databases, data inquiry tools, data analysis tools, and multiple units at all or-

ganizational levels of the department. Through these sociotechnical processes, 

CompStat constitutes crime trends, clusters, and patterns as primary subjects of the 

department’s knowledge and policing practices, as it installs them as reference points 

and organizing principles of knowing, strategizing, and targeting crime in the city. It 

is the specific characteristic of data to be mobile, combinable, and swiftly accessible, 

which makes it an immutable mobile (Latour 1986) that allows for the collaborative 

and hybrid constellations of constructing and negotiating knowledge of how crime 

emerges and develops in the city and needs to be addressed. 

Even though trends, clusters, and patterns carry out such crucial functions within the 

NYPD’s knowledge practices, it is not necessarily clear what constitutes a pattern and 

how reliable the data is within the construction of such statistical figures. As demon-

strated earlier, the construction of data can be exceedingly complex. The following 

quote ties this process back to the construction of patterns. 

[…] [T]he investigators […] also go back and re-interview victims and eve-

rything. So, now you’ve been victimized, so a patrol cops asks you all these 

questions to collect information from you. Maybe, some of it is partial, 

maybe you’re hysterical, maybe you’re traumatized by the incident. The 

cop goes away and then a detective comes within the next hours, or the 

next day, or after two days to talk to you. So, when he does that, he may 

ask you a different set of questions, he may get a different set of answers. 

And now, he starts building his case file, which might be different from 

the initial complaint report. So, when you look at these patterns that were 

decided by the detectives, you might often find that if you look at the orig-

inal complaint reports of these 5 robberies, that they say now are a part 

of a pattern, that you would only think that only two of them are part of 

the pattern. The other three they added to the pattern, they added to it, 

because they interviewed friends and other witnesses and they came to 

conclusion that all of these cases are part of the pattern, because the wit-

nesses provided information that the victim didn’t. So, the initial com-

plaint report couldn’t have the information that now associates the crime 

with the pattern. So, you can’t just look at the original complaint reports 

and say: ‘Well, this is all we have.’ These incidents can evolve depending 

on the circumstances, especially the serious ones. If it’s a shoplifting – 

that’s a misdemeanor -, then on the original complaint report that’s all 
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it’s ever going to be, unless you actually arrest somebody. And then, if you 

arrest somebody, you end up with another problem: they may be less than 

detailed in preparing the complaint report that goes along with it, be-

cause they’ve made an arrest and they focus on processing the arrest. So, 

you have somebody, but the information on the complaint report might 

not be enough detailed to associate them with other crimes that may be 

part of the pattern. So, especially with these lower-level crimes, you may 

not always be catching those patterns, because it’s just too many of them 

and it’s not enough attention paid at this level, because you’ve made an 

arrest. 

pol_13 (former executive member of OMAP) 

It becomes clear that there is no clear definition of what constitutes a pattern. What 

is considered as a pattern may depend on who took the initial information in which 

context, who is examining the data, and what the quality of the data is. Furthermore, 

different crimes receive different levels of attention. Consequently, with the depart-

ment’s decision to focus on index crimes, which makes them the main subject of the 

CompStat process, they will receive the highest level of attention. Also, as seen 

above, the identified trends, clusters, and patterns vary with the scale of observation, 

thus embedding the decision of what constitutes certain patterns as priority targets 

into the department’s geographic and organizational structures of command and 

control. 

Yet, even though crime trends, clusters, and patterns are contingent to a degree, with 

CompStat, they form the paramount reference point and organizing principle for rea-

soning about crime and developing crime fighting strategies. CompStat thus com-

bines both key functions within assemblages: a machinic function and an enunciative 

function. Its machinic function includes the production of data, the organization of 

data flows, the organization of communication flows, and the organization of flows 

of resources and actions. Meanwhile, its enunciative function describes processes of 

de- and recontextualization data and information to generate knowledge. These 

knowledge practices are closely linked to space-based criminologies and space-ori-

ented policing approaches, installing trends, patterns, and clusters as integral ele-

ments of thinking about crime and strategizing, thus establishing statistical deviation 

and distribution as integral techniques to identify or construct risks worthy of police 

interference. Thereby, trends, patterns, and clusters organize flows of action within 
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the precincts and the department as they exert authority over priorities, objectives, 

and targets of policing. 

This reterritorialization of the NYC policing assemblage through CompStat (Haggerty 

& Ericson 2000, Legg 2011, Marcus & Saka 2006, Müller 2015, Schuilenburg 2015) 

represents a significant departure from the time when the NYPD mainly followed an 

incident-based, one-size-fits-all approach of rapid response, random patrol, and re-

active investigations for the entire city. Thus, by interlinking and organizing infor-

mation and action, CompStat re-arranges the links that the department entertains 

with the urban spaces and populations it polices as it defines the targets and priorities 

addressed by police activities following a space-based and future-oriented approach 

of defining risks of crime by utilizing crime trends, clusters, and patterns. 

This shift to a space-based, future-, and risk-oriented approach of policing is possible 

due to the utilization of data as immutable mobiles, translating incidents occurring in 

the city into CompStat data and allowing for a swift distribution, combination, and 

processing of data within collaborative sociotechnical knowledge practices of distrib-

uted agency. Within this rearrangement of data flows and knowledge practices, novel 

centers of calculation emerge that tie in various data flows to process them and then 

distribute data and information. While strategic data analysis used to be reserved for 

1PP, and operational analysis was sporadically and incoherently conducted in some 

precincts, the precincts, patrol boroughs, and multiple units and bureaus at the city-

wide level are now established as centers of calculation with complementary, yet 

sometimes competing analytical tasks and, hence, policing priorities. To coordinate 

policing measures and install accountability structures for aligning policing activities, 

the NYPD has implemented CompStat meetings as the cornerstones of the CompStat 

process. 

5.1.4 CompStat meetings: Tying in the data to tie in the action. 

CompStat meetings are an integral site of the CompStat process. Here, various actors 

within the department from various levels, bureaus, offices, and units come together 

to discuss crime data and policing measures. Most importantly, it is the NYPD’s top-

level executives that host, chair, and attend the meetings, such as the police commis-

sioner, the chief of detectives, the chief of patrol, the chief of the Transit Bureau, or 
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the chief of the housing bureau. They actively participate and guide the discussions, 

which are based on crime statistics, crime trends, crime patterns, crime maps; cases 

and suspects; as well as the measures and strategies pursued by commanding officers 

and the statistical data indicating their activities. CompStat meetings themselves thus 

represent centers of calculations that connect and combine information from various 

sources to better understand crime trends and patterns across the city, share and 

exchange ideas and experiences, and hold precinct captains accountable for address-

ing local issues as well as ensuring that their approaches match the department’s 

priorities, goals, and objectives. 

As illustrated above, CompStat meetings occur every week in a conference room at 

police headquarters in Downtown Manhattan. Here, the police commissioner and the 

executive branch from various bureaus and offices, along with their supporting staff, 

meet with executives from the patrol boroughs and their precincts. The patrol bor-

oughs are selected based on recent crime numbers in their precinct, usually including 

commands that have seen spikes in their major index crimes or shootings. The pre-

cinct captains present their numbers, outline the strategies they have developed to 

address crime spikes, and describe the measures they have employed to tackle these 

concerns. What usually follows is a critical interrogation of these measures, as well 

as discussions about the local conditions or the characteristics of certain crimes or 

crime patterns and clusters. During such interrogations, other participants might be 

included in the conversation to acquire more information or assess if others were 

involved or must be involved to address the crime trends in question – for example, 

if a pattern crosses precinct boundaries or needs additional resources from the patrol 

borough. Over the course of the following days, the responsible captains outline a 

concept to tackle the given problems. This concept is reviewed by their superiors and 

either accepted, modified, or rejected and replaced with another approach deemed 

to be more suitable for addressing the situation. Usually, the precinct captain is called 

into a follow-up discussion at a CompStat meeting after several weeks to evaluate 

whether a successful approach was installed. 
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Figure 8: CompStat meeting in 2016 (Bratton 2016). 

The following lengthy quote from an OMAP analyst who frequently participates in 

CompStat meetings details the setup, subjects, and typical course of a meeting. His 

elaborate account corresponds with the descriptions of other interviewees and com-

bines some valuable insight of the knowledge practices at work at CompStat meet-

ings. 

So, the meetings are weekly, every Thursday at 8.00. Only one specific pa-

trol borough will present at a given week. I’m not exactly sure who calls 

these meetings each week but it’s not random. It is based on crime, shoot-

ings, if a particular patrol borough is experiencing a spike, they might 

want to call them to the meeting, just the specific patrol borough. Let’s 

say it’s Manhattan North. All the Precinct Commanders and usually their 

staff will come, not the whole precinct but his Lieutenants, his Executive 

Officer, his staff will come with him. So, it’s going to be a big conference 

table, a podium up at the front of the table. At the other end of the table 

sits the Chief of Department […], the highest-ranking uniform member, 

Deputy Commissioner of Operations, the Chief of Patrol, the Chief of 

Transit, the Chief of Housing. They’re all going to be there, what they call 

the bureau chiefs. They will be there … And then not every precinct will 

get to present. They will call them up to the podium and around them a 

bunch of televisions, large 60’’ screens. 

Usually, an official CompStat report might be presented on the screen. 

There’s multiple of them around the room. So, a CompStat report will be 

up. There will be maps up, where maybe they have mapped shooting inci-

dents. So, they might pull up a map of a few, let’s say, housing develop-

ments in the 3-4 [34th precinct in the Northern section of Manhattan, 

N.C.]. And they will map out on the screens where the shooting incidents 

are and they might question the CO about a specific shooting incident. 

They might even ask: ‘Can you tell us about this specific shooting last 
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month.‘ And there are enough that the CO should be aware of them. So 

they might say: ‘13th June we had three males shot at this location. Tell 

me about it.’ This CO will then have to talk about that shooting and what 

he’s done. And up on the screen might be a map of shooting incidents. 

Actual calls that came over the radio for shootings and they will start to 

see how they cluster. And he will ask: ‘What’s your response?’ The 28-day 

response, 56-day response. And they will may also map 311 calls and they 

may also map where robberies are occurring, complaints of robberies, one 

of the 7 majors. And the conversation will start broad and then will get 

very specific throughout the meeting. Usually not every Precinct Com-

mander presents because they don’t have enough time. It’s usually 2 or 3 

precincts. So, you could be sitting there, let’s say it’s 10 or 12 precincts, 

but you don’t really know who gets called to the podium. 

And anytime in the meeting, if they want to question a neighboring com-

mand about something, like: ‘Oh, did you confer with so and so about this 

shooting?” Because it was right at the border. “Did you confer with the 3-

0? CO, are you at the table?’ ‘Yes.’ ‘Did you know about this?’ And then 

they might start talking about … They can pull up pictures of specific indi-

viduals, too. So, if they have identification, let’s say on that complaint, 

they do a lot of questioning also of the Detective Bureau personnel. Each 

precinct has a Detective Bureau. Their Commanding Officer, usually in the 

rank of a Lieutenant, will be there. And they might say: ‘How have the 

investigations been.’ And he might answer: ‘We have a person of interest.’ 

Then there will be a case file. Also, that’s all automated now. It’s all online. 

So, the Deputy Commissioner of Operations can now look into these cases. 

And they can look up how the case is progressing. They can pull up the 

pictures of the person of interest, if they want. They can pull up a picture 

and talk about this person. Who his associated are, how many times he’s 

been arrested. 

So, that’s how things start broad and then get more specific. But that’s 

how it looks. Then around the table in the room there will be individuals 

from the different offices. For instance, OMAP has a seat. Not at the table 

but around the table. Other units, the Legal Bureau, can have a repre-

sentative both at the table but also in the audience. So, there are many 

tables in the room. And then also there are seats for the visitors. That’s 

sort of how the room looks. 

Pol_08 (analyst at OMAP) 

During the interview, the analyst produced more examples of data use during the 

discussions at CompStat meetings: 
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So, at these meetings we can be talking about specific targeted areas. […] 

[O]ur Chief of Department, is very big on geography, locating specific ge-

ographies, because knowing your problem geographies is sort of priority 

one for the Commanding Officers. When we target, we get very specific 

with the type of offender that we target. The offenders that are constantly 

a problem. One thing that I noticed, in particular neighborhoods, even 

neighborhoods that even when you work in a precinct you would say are 

very high in crime, the entire precinct, it’s not really the whole precinct 

that’s a problem area. It’s sometime specific blocks that are your problem 

areas. It’s really concentrated. So, that’s how it’s getting more specific. 

We are dealing with actual locations, buildings that are problems. And we 

can actually talk about specific offenders at these buildings. 

If there’s, for instance, someone in a housing development that has com-

mitted a certain felony, we can recommend, if they are certain felonies, 

we can recommend that they are evicted by the housing authority, if they 

are living in a NYCHA building [New York City Housing Authority, N.C.]. So, 

if we find out from complaint data that the individual did that, at 

CompStat meetings it could be discussed directly with the precinct person-

nel that this individual is a problem. Also, a major thing that we have done 

is making connections with gangs. Gangs and crews and the splinter 

gangs that have developed all over the city. Being able to track them and 

sort of getting a hold of who the major players are in these particular 

gangs, making connections between one crew and another crew. Because 

once again, as I’ve seen at CompStat meetings. The crews, they have loy-

alties to a specific block or a specific building. It’s not that they control 

two precincts. A lot of the crews are problems for specific blocks. So, the 

more specific we are, the more specific we locate the problem areas, 

blocks, buildings. So, that’s what CompStat does. 

Pol_08 (analyst at OMAP) 

These characterizations paint the CompStat meetings as corresponding with the an-

alytical processes found at the precinct level. 

The starting point for identifying or defining local crime problems is the data pre-

sented by CompStat reports. Simple crime trends in the major index crimes and sta-

tistical deviations are consulted to choose the COs who will discuss the conditions in 

their precinct during the meetings. From there, the discussions shift to debating spa-

tiotemporal crime clusters, which are then linked to further crime and conditions 

data available for the specific geography or modus operandi information used to 

build patterns, which can potentially be linked to specific individuals or groups. Thus, 
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beginning with a statistical deviation that serves to identify local areas of risk, 

CompStat meetings collaboratively define and explore the local socio-spatial milieu 

that enables specific criminal behavior in order to develop measures that allow inter-

ference to normalize the occurrence of crime – in other words, to lower crime rates 

(Foucault 2007). By defining a milieu that is understood to foster crime, the meetings 

serve to identify criminogenic spaces, dynamics, elements, and behaviors that con-

stitute the targets of policing. This discursive process of identifying and defining crime 

clusters and patterns, risky places, persons, groups, and activities must be described 

as a sociotechnical constellation that intertwines various heterogeneous human and 

non-human actors and practices alongside specific assumptions and discourses on 

crime and policing, such as space-based criminologies, broken windows theory, and 

hotspot policing. 

It is the ability to instantly pull information from various databases that guides the 

discussions during the CompStat meetings, as police data is considered to be a relia-

ble source that enables evidence-based strategizing and decision-making. Thus, data 

holds significant authority as an element of the CompStat discussions. Furthermore, 

data represents the common ground of reasoning. Executives might not be as familiar 

with the local conditions as the local COs are. Thus, the discussion must be centered 

around a shared set of knowledge considered factual (Latour 1986). This set of facts 

is constituted by the data available to all participants of the discourse. That is one 

reason why COs in CompStat meetings hardly ever argue against the data as it builds 

the common foundation of the Compstat process and stems from reporting practices 

and data accuracy and integrity processes that are widely trusted, as some of the 

interviewees have noted. Still, the recontextualization or interpretation of the data 

might be subject to discussions. 

The Chief of Department might say: ‘This is what we should do.’ And he’s 

the boss, so this is what gets done, but the Chief of Detectives might have 

a different take on that or someone else says: ‘No, that’s a drug problem. 

We are getting those addicts from over here and they are passing by to 

get drugs, so they need money, so they victimize people. So, we have to 

focus on the drugs and that will solve our robbery problem.’ So, you are 

having these discussions where people will learn about what’s going on in 
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some detail having to do with this problem that was raised at a CompStat 

meeting. 

Pol_13 (former executive member of OMAP) 

The meaning of data and its recontextualization as patterns, trends, or clusters that 

evoke certain police responses is hence contingent and construed by debate and ne-

gotiations that draw on professional knowledge and personal experience. Within the 

debates that define focal points of policing strategies, data functions as an OPP, 

which is not to be dismissed. As such, it exerts substantial authority (Callon 1986). 

Over the years, this set of facts has changed, as the available data and databases have 

expanded, growing amounts and types of information can be retrieved and visualized 

instantaneously during CompStat meetings, and the quality and tools of data visuali-

zation have progressed. While the scale and scope of the available data was quite 

limited in the early days of CompStat, the NYPD now has more distinct data and da-

tabases at hand to inform CompStat meetings, including criminal complaint, disorder 

complaint, 911, warrant, parole, probation, or environmental data, as well as data on 

police activity, such as stops, summonses, and arrests. By combining and visualizing 

this data, it is recontextualized in the form of maps and charts displaying spatiotem-

poral trends, clusters, and patterns. These are again discussed, mixed, and merged 

with the personal knowledge and experiences of the meeting participants, who relate 

the dynamics that they consider to constitute risks to the measures taken in the pre-

cincts to refine and develop local approaches. 

As seen earlier, the construction of these risks is conducted through a collaboration 

of human and non-human actors. The risks defined then foster further collaboration, 

promoting the cooperation of various units on the ground deemed necessary or help-

ful to address the given risks. Thus again, the rearrangement of data flows facilitates 

the rearrangement of the links of various organizational and individual actors 

throughout the department, and units that have typically worked separately are now 

encouraged to cooperate and coordinate their actions. In this context, CompStat uti-

lizes and translates into practice an increased organizational flexibility that was in-

stalled with the reform of the NYPD as it provides information in a timely manner 

that enables the informed deployment and allocation of resources. Simultaneously, 
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CompStat ties in certain criminological discourses and policing approaches, by high-

lighting trends, hotspots, and patterns,  and aligns its cops to them. 

The expansion of available data, for example, includes 311 data, which is data on 

disorderly conduct, quality-of-life offenses, and similar conditions. 

I think we have been getting a lot of better at being more specific at these 

meetings. It’s not just the 7 majors. We are also tracking 311-data, which 

are data on quality-of-life complaints, complaints of unreasonable noise, 

disorderly groups and so on. We can track 311-complaints, not only vio-

lent crime. We are tracking disorder complaints. We are also tracking 

shooting incidents: the number of shots fired, shot calls, these are tracked. 

And then at the meetings when they call a particular Patrol Borough, they 

can talk directly to the Commanding Officer to ask what he’s doing about 

the specific condition. So, it’s not just the 7 majors, even though those are 

our go-to, our baseline. We want them to go down. We don’t want to see 

increases but we can get very specific to almost go down to a certain block 

or to a certain location where we can now get very specific. We can go to 

certain locations and talk about specific offenders at CompStat meetings. 

So, it’s getting better as the technology improves. We weren’t doing those 

things a long time ago. 

Pol_08 (analyst at OMAP) 

The integration of 311 data is closely linked to the concept of broken windows polic-

ing. The broken windows approach assumes that quality-of-life offenses are the be-

ginning of crime problems (Kelling & Coles 1996, Kelling & Wilson 1982). In this per-

spective, 311 data must be mapped, as it is held as an indicator for behaviors and 

local conditions that may cause increasingly severe criminal behavior. Thus, the de-

partment connects the occurrence of quality-of-life offenses with crimes and defines 

311 offenses as base risks that may trigger escalating crime dynamics in certain neigh-

borhoods and places. Hence, the integration of 311 data can be understood as an 

attempt to translate the assumptions of broken windows into police knowledge prac-

tices and policing practices, as it includes them in databases and crime analysis and 

thus in discussions on the emergence of crime and crime fighting strategies. The as-

sumptions of the broken windows approach to policing are thus inscribed into the 

data that structures the department’s knowledge practices and established as an in-

dicator to consider when thinking and strategizing about crime. The same can be said 
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of the NYPD’s method of integrating indicators of officers’ activities into the 

CompStat discussions. 

The department uses data not only to surveil and monitor the socio-spatial dynamics 

of crime and disorder, thus identifying risky spatiotemporal frames, populations, 

groups, and individuals, but also to surveil and monitor cops and their activities. Every 

time a cop makes a stop and perhaps questions and frisks a person, hands out a sum-

mons, or makes an arrest, he/she files a report that contains information on the rea-

son for their activity, the person subject to their activity, and the time and place of 

its occurrence. The activity can thus be timestamped, geocoded, and displayed on a 

map. As a result, this type of performance measurement data has become an im-

portant source of information within the CompStat process. 

[T]hey’ll ask the commander: ‘You have these problems at these times, so 

what are you doing about it?’ And then he has to show what they are 

doing about it. He has to show that he has X-amount of data points, if you 

will. Like stop-question-frisk or summonses that are addressing these 

crimes and social disorder problems. So, this is big. This is the level of ac-

countability. You have to stand up in front of all your peers and that’s how 

you are going to get judged. […] You have to do this and you have to do 

this and you have to do this. Now the commander is fully on board. That 

did not happen before CompStat. Well, in a way it happened but it was 

not uniformed. It was not a formal process. Some commanders did it. 

Some commanders didn’t. Also, before that it was one model of policing 

for all the city. Everything was about answering 911 calls and having your 

officers stay out of trouble. 

Pol_04 (former crime analyst and precinct captain) 

CompStat enables a discussion about local conditions, trends, patterns, hotspots, and 

risks and tracks officers’ activities to link them to these statistical constructs. Conse-

quently, COs are encouraged to develop strategies to interfere in these risky local 

dynamics in order to control them and prevent an escalation of crime trends, pat-

terns, clusters, and risks. CompStat thus creates a visible intertwining of policing ac-

tivities with socio-spatial dynamics to control. This connection is based on the conti-

nuity between internal and external surveillance or the department’s look inward 

and outward. 
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As local patterns, risks, and activities become visible, they serve to develop locally 

adapted strategies but also to align the COs to the department’s concepts of broken 

windows and hotspot policing. Thereby, hotspot policing as driven by CompStat de-

mands flexible local operations, while simultaneously tying them into a global ap-

proach of policing. 

Anytime you are taking a crime the question you’re going to be asked at 

CompStat is, ‘what kind of activities have you been doing in this area. Are 

your guys on it, your Anti-Crime Team, your Conditions Team, your Patrol 

Units. Are they going to these areas?’ For instance, when stop-question-

frisk was still expected, that was an important datametric that they would 

use. ‘You are taking  a lot of robberies in this area. You’re strong on rob-

beries happening out in the street. So, where are your SQF-reports [stop-

question-and-frisk reports, N.C.] for suspicion of robbery? You have an is-

sue, CO, in this section of your precinct. You have all these cops assigned 

to your precinct. How come you don’t have any stops?’ And they would do 

this, I have seen this being done on the borough level: They would have 

the projector up with a map on it and they can bring up the activity and 

show and point at the Captain and say: ‘Look. You are having this issue in 

this sector of your precinct and you’re not having a lot of stops going on 

here. You don’t really have a lot of criminal court summonses here. That’s 

something you must address. You must redeploy your resources, so that 

they are in this area.” 

Pol_05 (supervising sergeant of a precinct data analysis unit) 

This example shows how space-based criminologies and hotspot policing found their 

way into the NYPD’s data sets and structure and thus into Compstat’s systematic 

crime analysis. This spatial focus draw attention to the simplification and spatial ab-

straction that space-based criminologies are often criticized for (Jefferson 2020, 

Manning 2001, Manning 2008, Belina 2009). Spatial proximity is here equated with 

causality. Consequently, action must show where crime or disorder are located. The 

department’s focus on spatial information and space-based approaches hence runs 

the risk of neglecting the factors, conditions, actors, and activities that cannot be vis-

ualized and shared throughout the department and at CompStat meetings. This risk 

is exacerbated due to CompStat’s function as an OPP that constitutes data being rec-

ognized as a mutual fact that enables discussions and shared knowledge among var-

ious actors at various levels of the department. Consequently, CompStat translates 
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such potentially oversimplified space-oriented approaches into policing strategies 

and practices on the ground as the data is used to align the various organizational 

levels, units, and actors, thus creating a shared understanding of crime and crime 

fighting. 

CompStat thereby strengthens the links between the executive level of the NYPD, its 

boroughs, and most importantly, its precincts as it creates data flows that enable the 

monitoring of street-level cops and which are then linked to the data flows generated 

and utilized to track crime and disorder in order to identify risks in the urban spaces 

of the city. Again, this interlinkage and assemblage of data informs and steers police 

activities, thus facilitating and re-arranging flows of action that eventually serve to 

interfere in and organize social and socio-spatial dynamics in the city, becoming a 

part of and contributing to the urban assemblage of NYC (Amin & Thrift 2002, Cout-

ard & Guy 2007, Farias 2010, Farias 2011; Graham & Marvin 2001, McFarlane 2011a,  

McFarlane 2011b). 

Even though the CompStat process – and with it, the CompStat meetings – forms the 

core of the department’s efforts to align its members to its goals and objectives and 

provide a coherent approach for generating, processing, and utilizing data, it remains 

a challenge to ensure that its approaches and the strategies designed in the precincts, 

patrol boroughs, at, and the CompStat meetings translate down to the line officers in 

charge of executing them. In 2011, the NYPD thus implemented another data-driven 

process to complement CompStat: Quest for Excellence (NYPD Operations Order 50 

2011, NYPD Operations Order 52 2011, NYPD Interim Order 49 2011). 

Quest for Excellence (QfE) combines a reporting process with an information dissem-

ination tool. Its key objective is to standardize the distribution of information to line 

personnel to ensure that their actions are guided by the goals established by the 

commanding officers in accordance with the latest data on local crime and quality-

of-life conditions. Thus, QfE attempts to contain the discretion that line cops exert as 

they patrol their posts and sectors while tying them in the department’s strategies of 

data-driven hotspot and broken windows policing. 

With QfE, COs are mandated to define two conditions to be addressed with targeted 

and coordinated policing efforts. 
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A condition could be … […] That varies from precinct to precinct. It could 

be a rash of GLAs happening in a specific area, Grand Larceny Autos. It 

could be a rash of robberies. It could be a rash of assaults around a school. 

It could be anything. A condition is a matter that requires police attention. 

But, you know, it varies from precinct to precinct. 

Pol_06 (sergeant) 

To define such conditions, COs – with support of their intelligence staff, such as crime 

analysts and field intelligence officers –utilize data on crime, quality-of-life offenses, 

further incidents, offenders, open warrants and more to compile weekly conditions 

reports. These reports list the precinct’s crime and disorder trends, patterns, and 

conditions to be targeted by patrol. It therefore defines tasks per platoon and squad, 

sector and post. 

So, Quest for Excellence, basically a supervisor can log on to this and it will 

give you a summary of what has happened. It will also give you pictures 

of persons of interest, individuals with an arrest warrant, activities at cer-

tain locations, like if this is a drug-prone corner or whatever is going on. 

So, it can list many, many things. There’s no number to how many things 

it can list. 

Pol_12 (former sergeant) 

The conditions reports are accessed through the QfE application by supervising lieu-

tenants and sergeants, who use them to assign certain tasks to patrol officers during 

roll call, using the precincts’ video conference system to display the information from 

the reports visually in the muster rooms to brief officers for their tasks. The condi-

tions are reviewed daily and can be adapted according to recent incidents and trends. 

When I first got in as a supervisor, that’s what I would access and it would 

print out an entire booklet for me [the QfE-application, N.C.]. And then […] 

I know what my assignments are: Adam, Boy, Charly, … [patrol sectors, 

N.C.] you know, like that. And I would try to see whatever I think the two 

most important things that are inflicting that sector are. And that would 

be my assignments to them [to the officers on his/her squad, N.C.]: ‘Be-

sides being on patrol responding to jobs, you also need to keep an eye on 

let’s say this location for drug sales or this location for robberies or poten-

tial robberies.’ And you go through that by sector and assignment. And 

the officers are supposed to report every single day in their memo book 

what their assignment was and if they took any proactive actions while 
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they were not on jobs. […] [P]rior to QfE there was no program. So, if you 

wanted to be a good cop or a good supervisor, you yourself would have 

to come in early on your own time […] and you would have to go through 

our complaint system and see what we generated, what our complaints 

were, whether or not they were felony complaints or whatever, we had a 

database for that. But it took a lot for you individually. You had to be very 

motivated to take those extra steps. 

Pol_12 (former sergeant) 

So, QfE provides a process to assure that data is translated into actionable knowledge 

for street cops and their supervisors, thus guiding their daily practices. Therefore, QfE 

is a policy, but it is equally a technological or sociotechnical process that enables dis-

tributed agency among various human (COs, analysts, lieutenants, sergeants, offic-

ers, etc.) and non-human actors (statistics, databases, data inquiry, analysis, visuali-

zation tools, the QfE application, etc.) to process and disseminate data on a weekly 

or even daily basis. 

The timely availability and immediate accessibility of data considered to be reliable 

and valid represents a crucial prerequisite for this process. Based on this temporality, 

it becomes an integral element in defining the chronic conditions and risks of crime 

and disorder as local targets of policing in sociotechnical practices that mingle expe-

rience, personal knowledge, and data. Through QfE, data is also delegated more au-

thority in the decision-making processes of field cops, who must refer to the defined 

conditions and address them when on tour. Consequently, the cops’ scope of discre-

tion in the street is diminished, and their personal knowledge, experience, and gut 

feeling as drivers of decision-making are growingly supplemented by the results of 

data analysis. 

Simultaneously, QfE obliges street-level cops and their supervising sergeants to doc-

ument activities that explicitly address the conditions established by their COs. These 

activities are reviewed and assessed by their direct supervisors, then compiled in a 

monthly report, which is evaluated by the CO in quarterly performance reviews. 

Therefore, QfE aligns street cops to the department’s strategies and goals and helps 

the COs perform well in a CompStat environment. Moreover, like the CompStat pro-

cess, QfE serves to track crime and disorder in the commands as much as it serves to 

monitor officers’ activities and align both. In this context, it is growingly data, rather 
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than personal experience or anecdotal knowledge, that plays a crucial role in defining 

places, persons, and groups as intervention-worthy. 

Being a result of processes of making harder facts and serving as an integral reference 

point of the Compstat process, members of the NYPD widely consider police data as 

a reliable and shared set of information fit to structure debates about the links among 

crime, disorder, persons, groups, and populations, police actions as well as urban 

spaces and places. Crime, disorder, and performance data thus play a crucial role in 

shaping the links that the department establishes and maintains with the urban, in-

terfering in social and socio-spatial dynamics to manage spaces, places, persons, pop-

ulations, behaviors, and activities. 

5.1.5 Lines of flight: Contingencies, malfunctions, and subversions in CompStat. 

Within these sociotechnical assemblages that manage and organize flows of infor-

mation, actions, and resources, technologies do not simply determine action. Rather, 

they partake in constellations of distributed agency that constitute the capabilities, 

possibilities, and probabilities of action. Consequently, these constellations provide 

contingencies that bear room to maneuver for the officers, sergeants, lieutenants, 

and COs involved in defining and addressing certain risks as targets of policing. 

There’s this thing called Quest for Excellence. It’s part of the whole perfor-

mance evaluation system, where once a week the Sargent is supposed to 

sign it and you’re supposed to talk about at least two conditions that are 

happening for each of the officers’ sectors or posts. So, I mean, it’s meant 

to be discussed. I think, a lot of it just ends up being a formality and they 

just sign the thing. I think, it’s like everywhere in life, everyone is different. 

Some people put a lot of thought and consideration into the job that they 

do, and others are just public servants looking to do as little as they pos-

sibly can for 20 years until they get their pension. It’s very different for all. 

Everyone’s output is different. I’ve met some amazing workers. If you have 

two good cars, you can handle anything that comes. But if you have 4 or 

6 cars with people who have absolutely no desire of doing anything, then 

your day is not going to be fun, because if you’re the supervisor, you’re 

the one doing all these jobs alone. Job after job after job. So, you can’t 

just ignore the radio. If you’re a supervisor, you often have to handle the 

important jobs. 

Pol_06 (sergeant) 
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This statement highlights how organizational processes are often executed incom-

pletely and thus effectively bypassed by the staff. It further underlines personal dis-

positions and motivations as performance drivers, demonstrating that there is more 

than just performance indicators and performance reviews that encourages or dis-

courages certain behaviors and activities. 

When you’re on patrol and you’re with other guys and they are dependent 

on you and you being there, that’s when the culture changes a bit, in that 

when you were bringing in what they call a bag of shit … There are discre-

tionary calls where you wouldn’t probably have to make an arrest but 

since somebody was on the scene and you have all these rookies available 

we’re going to give it to them and so, yeah, we’re going to place him under 

arrest. That’s how easy decisions were made. And it’s all to look good on 

paper. Once you’re on patrol, there are different ways to make things 

work for you when you are a patrol office. And you’re less beholden to the 

precinct, or you could say to the department for that matter, and you’re 

more beholden to the people that you work with and for cohesiveness. If 

a guy, day after day, keeps bringing in the same homeless person into the 

precinct, something’s going happen to that officer from a senior guy. He’s 

going to get his locker tossed. He’s going to get shunned in some way, 

shape, or form. There’s a way of correcting that. 

Pol_15 (former patrol officer) 

This interview passage outlines how cops navigate various distinct yet interlinked as-

pects and factors as they make decisions on the ground: the legal framework and 

internal orders that govern their conduct, resources available, formal and informal 

hierarchies, cop culture and local cultures in the precincts, and personal loyalties. It 

also shows, though, how CompStat and related tools, such as QfE, interfere in and 

guide these decision-making processes: “And it’s all to look good on paper.” 

CompStat and QfE thus hamper and manage the contingencies of officer decision-

making on site. They tighten and strengthen the links down the organizational line in 

order to align officers to the department’s objectives and strategies while providing 

information that allows for their locally adapted reification. Even as these efforts 

must remain incomplete, they have resulted in major shifts regarding the production, 

distribution, and utilization of data, which have spawned more timely and detailed 

information on the links between crime, the population, and the city but also policing 
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measures, resulting in increased internal control as well as new ways of communica-

tion, cooperation, and coordination that have impacted local strategies as well as lo-

cal policing practices by focusing on patterns, trends, and clusters as risks that are 

derived from statistical deviations. This shift represents a transition from an incident-

based policing approach for the whole city, which was prevalent with rapid response, 

random patrol, and reactive investigation, to a more risk-based approach, facilitating 

and encouraging locally differentiated policing practices. Despite addressing local 

conditions, these strategies and practices widely lean on the concepts of broken win-

dows and hotspot policing, which the department pushes through its utilization of 

data. 

This process of translating certain space-based and quality-of-life-oriented policing 

approaches down the line is fundamentally fragile and susceptible to errors, malfunc-

tions, subversions, and contestations. The department’s data-driven approach – not 

only in defining primary targets of police interventions but also in monitoring and 

steering cops’ activities – has yielded various harmful and illicit practices. As data be-

comes an integral aspect of performance measurement and thus of career paths, and 

as data can be growingly derived from daily activities and evaluated timely at various 

levels of the department, “making numbers” becomes an end in its own, guiding po-

licing practices on the ground. Such a numbers-driven approach may thus distort po-

lice services and significantly harm local communities. These negative effects are an-

ything but evenly distributed among New Yorkers. Instead, they are particularly com-

mon among communities of color and Latinx communities, which must bear the costs 

of distorted and misguided police services best described as being simultaneously 

overpoliced and underserved. 

Chapter 2 discussed the debates surrounding the problematic incentives CompStat 

provides for cops and the damage their behavior then inflicts, particularly on the 

Black and Latinx population of New York. In this context, two dynamics can be dis-

cerned. While the reliance on data to measure officers’ performance has promoted 

a widespread manipulation of crime numbers and behaviors aimed at artificially 

keeping crime numbers down, CompStat and QfE have also encouraged practices in-

tended to create activity numbers according to performance indicators, which pro-

vides de facto quotas for arrests, summonses, and stop-question-and-frisk activities. 
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Scholars such as Eterno and Silverman (2010, 2012) and Eterno et al. (2014 ) have 

discussed at length how such practices of “cooking the books” and pushing certain 

enforcement activities have a severe impact on police services, as they compromise 

the data that guides policing. Furthermore, these practices yield harmful conse-

quences for those who interact with police when reporting crime or as a victim of 

crime. Finally, data-driven and enforcement-based performance measurement may 

facilitate unlawful and damaging actions of cops against citizens – for example, illicit 

stops, summonses, or arrests. These insights were corroborated during numerous in-

terviews with former and current members of the NYPD, who highlight the pressure 

that was imposed on COs through CompStat data and subsequently relayed down 

the rank to lieutenants and sergeants, street-level supervisors, and officers in anti-

crime teams, condition teams, and on patrol. 

Another problem with CompStat is the higher-level supervisors in the pre-

cinct. The commanding officer, the executive officer. For the CO, the only 

way they get promoted is when they reduce the crime numbers. So, 

there’s always this pressure on lower-level supervisors, the street-level su-

pervisors, the Sergeants, to not take in too many of the 7 majors. So, in 

the 4-9 (49th precinct in the Northeastern section of the Bronx, N.C.), 

whenever we were getting a major, we would have to send a lengthy text 

to the CO. I never had a problem doing that. I was able to write this 

lengthy text answering pretty much whatever questions he might have 

about the job. I would always spell it out as it was, because based on the 

fact pattern that I would give him in the text it was either a grand larceny 

or a robbery or an assault or whatever. So, he couldn’t really ask too many 

questions about it, but he would NOT like it. He would want it to be down-

graded. Sometimes, it would be an issue that he would give it up to the 

Detective Squad and he would want them to downgrade it by re-inter-

viewing the complainant and establishing either that they were lying or 

whatever to make it go away. So consequently, it ended up happening 

that a lot of people in the community felt like police did not take their 

issues seriously, because there was this pressure from above, from the CO, 

to eliminate the 7 majors or to reduce them greatly. […] A lot of it is grey 

area. A lot of it is open to some interpretation. Where you can have a 

person tell you a fact pattern one day, you can coerce them into changing 

their story completely the next day to fit whatever criteria you want it to 

lower that crime. And that goes on a lot. 

Pol_06 (sergeant) 
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The same sergeant continued with an example from another precinct: 

I know certain communities, like the 4-0 (40th precinct in the South Bronx, 

N.C.) […] … I worked with a CO, I personally had no problem with the guy 

[…], but some of the younger sergeants, he would really give them a hard 

time and they felt like he wouldn’t take majors from them. When you’re 

on patrol and you see those things, then you call it as you see it, you know. 

If you are faced with a situation, you look at the fact patterns and if it’s a 

robbery, it’s a robbery, if it’s a burglary, it’s a burglary. But you would 

maybe persuade others to make a burglary a criminal mischief or a rob-

bery a petit larceny or a dispute between two people. 

Pol_06 (sergeant) 

Practices as sketched in these statements aim at protecting COs in the Compstat pro-

cess where high or climbing crime numbers especially of index crimes will send Pre-

cinct Captains to Compstat meetings and might affect their career options with the 

department. Thus, while Compstat as well as the department’s analytical efforts de-

mand valid and reliable data, Compstat yields the contradicting effect of incentivizing 

local supervisors and commanders to take actions to artificially drive their crime num-

bers down when the reality in the precincts points in a different direction. It is the 

cops in the street who then have to navigate these opposing demands as they take 

complaints, question complainants and witnesses, and classify crime. 

As illustrated above, the NYPD is aware that the production of valid and reliable data 

poses a problem. Hence, the department has installed processes to control and en-

sure data quality and integrity and defines protocols for taking information, filing re-

ports, and classifying crime by its officers, as seen in the operations order below. 
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This document highlights the importance of data integrity due to the department’s 

analytical use of data, while also noting that taking complaint reports is a crucial ser-

vice to citizens. However, the document indicates that officers in the field regularly 

avoid filing complaint reports. 

The operations order does not necessarily explain that the reason officers decline 

complaints is to keep crime numbers down. There are multiple aspects behind offic-

ers denying to file reports, such as time pressure, convenience, or a lack of coopera-

tion by the complainant. Cops thus conduct the important activity of classifying 

Figure 9: Operations order regarding proper preliminary investigations of complaints, complaint re-
porting, and accurate classification of complaints (NYPD Operations Order 05 2012: 1; Municipal Li-
brary, City of New York). 
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crimes in a complex environment linked to various and occasionally conflicting hier-

archical orders and organizational demands, procedures, and protocols, as well as 

sociotechnical processes and situational dynamics. 

Therefore, the above interviewee’s accounts, alongside this exemplary operations 

order, again highlight the fragility and conflicting complexities observed in the pro-

cesses of generating data and making harder facts. While the department has estab-

lished procedures to generate reliable data and increase data integrity and quality, 

these processes of assembling and aligning information, actors, and technologies to 

produce and manage flows of data and action set in motion lines of flight that subvert 

and contest these sociotechnical processes and practices of maintaining and steering 

a heterogeneous policing assemblage. It is thus a paradox dynamic wherein 

CompStat pushes the importance of data for guiding the department’s strategies and 

practices, thereby incentivizing practices that corrupt the data’s validity and subvert-

ing the CompStat process. Such subversions then necessitate strategies for contain-

ing lines of flight, for example, by relying on the chain of command by issuing opera-

tions orders like the one above or implementing processes of data quality assurance, 

as outlined earlier. Still, any attempt to align cops to departmental goals, objectives, 

processes, and strategies results in subversions, malfunctions, and contestations. 

Achieving successful translations that tie in all actors and practices necessary to at-

tain the objectives of the CompStat process is hence a process that needs perpetual 

efforts. 

Looking at the quality of data, such subversions, malfunctions, and contestations may 

lead to flawed data guiding policing strategies and practices in the city and its bor-

oughs, precincts, and neighborhoods. Examining the relationships police entertain 

with New Yorkers, the practice of declining complaints, aggressive and leading inter-

rogations, re-interviewing complainants to change a reported narrative, or the sys-

tematic downgrading and misclassification of incidents may foster distorted police 

services and harm police legitimacy, trust in police, and police–community relations. 

This accounts particularly for poor and minority neighborhoods, who experience high 

numbers of serious crime and are typically where the downgrading of major crimes 

is most encouraged. It is thus the poor Black and Latinx communities who suffer most 
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from fraudulent and illicit practices to keep crime down in the books, as they are 

denied the services they need. 

A former sergeant from a command in the Bronx shared an account that illustrates 

this problem: 

The pressure is that they will tell you to change something. For instance, 

instead of an assault on a child … an assault counts. But a felony endan-

gering the welfare of a child or reckless endangerment of a minor, it does 

not count. Nobody cares about those. Those could skyrocket, nobody 

cares about those. So, they will impose pressure on you to change it and 

that sucks. 

Pol_12 (former sergeant) 

As CompStat highlights the major index crimes as benchmarks and reference points 

for policing, they receive the most attention, yet they are consequently also the ones 

most susceptible to manipulation. As incidents are defined down, they are also re-

moved from the focus of policing, leaving victims alone, neglecting their needs and 

the demands of the actual situation. 

The NYPD’s focus on numbers poses yet another challenge for the vulnerable popu-

lations and neighborhoods of NYC. While CompStat’s emphasis on the major index 

crimes incentivizes cops to fraudulently define crime down, its focus on arrests, sum-

monses, and stop-question-and-frisk activities encourages cops to bring these activi-

ties up. Inflating these activity numbers may happen by simply inventing stops that 

were never conducted; it may also lead to an aggressive overenforcement of disorder 

laws or to illicit arrests, stops, and summonses. 

I do think we were for the most time focused on numbers. What was 

measured was what got done. There’s been a shift away from it but it’s 

going to take time for that to be not the sole focus. A few years ago, the 

sole focus of the department was officers’ activity: numbers of arrests and 

summonses generated. […] It could mean that officers do whatever it 

takes to get the job done. If you measure people based on their arrests, 

that’s what’s going to get done. Cops are going to make arrests. If you 

want officers to act in a sentinel role trying to prevent crime, they are not 

going to do it. They will want something to show at the end of the day. 

So, in the end what gets measured is going to drive the behavior of cops. 

It does trickle down from these meetings (CompStat meetings, N.C.). It 
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makes officers focus on this legalistic aspect of their job, which is follow-

ing the letter of the law, arresting citizens for low-level crimes where 

maybe they could have shown discretion, but it takes discretion away 

from the officers. Especially with stop and frisk, that was something we 

shouldn’t have measured to begin with. That was the thing that the de-

partment said: ‘Well, you can do this, if you have reasonable suspicion.’ 

But then we started measuring it. And then we did 100.000s of them and 

the number started to grow and peaked and now it went down.  

Pol_08 (analyst at OMAP) 

When contemplating the ill-incentivized activities created by the department’s data-

driven approach for monitoring officers’ activities, numerous interviewees high-

lighted the negative effects of the NYPD’s strategy of deploying stop-question-and-

frisk tactics as means of crime control. As described in Chapter 2, the stop-question-

and-frisk practice is based on the concept of so-called Terry stops, named after the 

litigation that represents the legal framework for this activity (Terry v Ohio, 392 U.S. 

1 [1968]). Terry stops are stops legally conducted by police on the assumption of rea-

sonable suspicion that a person they encounter has just committed a crime or is 

about to commit a crime. The person can then be questioned and possibly frisked if 

the interrogation corroborates the suspicion, thus warranting a pat down. During 

Commissioner Kelly’s second tenure (2002–2014), stop-question-and-frisk was in-

stalled as an integral tactic that the NYPD particularly employed in minority neigh-

borhoods under the label of hotspot policing. Consequently, the number of stops 

climbed from 97,296 in 2002 to 685,724 stops in 2011 (NYCLU 2019). 

And that is also when stop and frisk started getting out of hand as well. 

So, I would trace it to the same issues. With stop and frisk officers and 

commanders were trying to cover themselves in CompStat. So, if there 

was a robbery, they would tell people: ‘Listen, get me some stop and frisks 

over there quickly.’ And they then would say: ‘Look, I got 20 stop and frisks 

right by the robbery.’ And then the upper echelon would say: ‘Ah yes, you 

did your job. It’s okay.’ So, that would help them to cover themselves. And 

that’s the name of the game ‘cover yourself’. It’s unfortunately, but it has 

become numbers rather than real people. That’s the disconnect. That’ the 

issue. That hurts the real crime fighting efforts, that we’d like to see take 

place. 

Pol_11 (former precinct commander and OMAP executive) 
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Since 2011, the number of stops has decreased significantly to 11,629 in 2017, as the 

United States District Court for the Southern District of New York ruled the use of 

Terry stops as a routine tactic by the NYPD unconstitutional and racially discrimina-

tory (New York Civil Liberties Union 2019, United States District Court for the South-

ern District of New York 2013). 

The rise of stop-and-frisk was closely linked to stops being integrated as performance 

measurement indicators installed as de facto quotas, pushing cops to make a mini-

mum number of stops as well as arrests and summonses thus establishing stop-and-

frisk as a standard tool of patrol work. 

Everybody will say we don’t have any quotas. Officially, we don’t have any 

quotas on paper. But there are performance guidelines or recommenda-

tions of what you should be getting and that is different in each command, 

in each borough. Which is different throughout the city. 

Pol_12 (former sergeant) 

It is the spatially differentiated application of these aggressive policies and tactics, as 

mentioned by this former sergeant, that resulted in young Black and Latino males 

accounting for a vastly disproportionate share of stops (Fagan et al. 2005, Fagan et 

al. 2015, Fagan & Davies 2000, NYCLU 2014). This unequal deployment was legiti-

mized by the NYPD as a result of data-driven hotspot policing that flagged high-crime 

areas subject to targeted policing efforts, which were predominantly minority neigh-

borhoods (NYPD 2015, NYPD 2016a, Ridgeway 2007). Here, the pressure to meet per-

formance goals led officers to target young black and Latino with stops, many of 

which were carried out illegally without reasonable suspicion of a crime as litigation, 

research as well as the accounts of those living in these areas and of whistleblowers 

in the NYPD have shown (NYCLU 2019, United States District Court for the Southern 

District of New York 2013). 

Many poor minority neighborhoods and their inhabitants were not only subject to 

illegal and aggressive stop-and-frisk tactics but also to an overenforcement of disor-

der laws, which produced summonses and arrests to bolster officers’ activity reports. 

As with stop-and-frisk, many of the summonses given to New Yorkers later proved to 

be unsubstantiated, as Stinson et al. versus the City of New York has shown. Sum-

monses were handed out driven by a quota system aimed at aligning patrol personnel 

https://en.wikipedia.org/wiki/United_States_District_Court_for_the_Southern_District_of_New_York
https://en.wikipedia.org/wiki/United_States_District_Court_for_the_Southern_District_of_New_York
https://en.wikipedia.org/wiki/United_States_District_Court_for_the_Southern_District_of_New_York
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to the department’s broken windows approach of policing, targeting minor offenses 

and disorder, especially in minority neighborhoods (United States District Court for 

the Southern District of New York 2019). 

Even though the NYPD slowly re-directed its policing strategies away from them, its 

aggressive and partly illicit enforcement strategies have inflicted lasting harm on New 

Yorkers and the relations between local communities and the department. 

I’d say a good 9 to 10 years the department wasn’t working with commu-

nities but being an army of occupation where they would go in especially 

in minority communities. What does it do? It harms the police themselves 

in fighting real crime. They can’t fight real crime because they are not get-

ting that information anymore. You’re browbeating people, you’re mak-

ing them very dispirited about their communities, the places where they 

live, and in essence, they’re not even fighting real crime. You’re fighting 

the numbers and making them look good. 

Pol_11 (former precinct commander and OMAP executive) 

As certain communities experience unfair and unequal treatment by the NYPD, the 

department is growingly seen as an aggressor and enemy. Consequently, trust in the 

police dwindles, diminishing the willingness to cooperate with and rely on police in 

the respective neighborhoods and local communities. 

The practices that have yielded these effects were not installed because of CompStat 

or QfE. Neither were they the sole causes for the alienation observed between the 

NYPD and the primary targets of broken windows policing and stop-and-frisk tactics, 

an extension of this approach. Yet, CompStat, QfE, and the growing use of data anal-

ysis to identify trends, patterns, and spatiotemporal clusters of crime have enabled 

the department to enroll its officers into strategies and practices that address them 

with spatially targeted measures of broken windows policing, providing information 

that defines high-crime areas as the subjects of policing and aligns cops to depart-

mental strategies through performance evaluations that reward arrests, summonses, 

and stops. This has created a constellation wherein certain aspects of broken win-

dows and hotspot policing were overemphasized, inflicting harm on vulnerable pop-

ulations that entertain strained relations with the NYPD, further estranging them 

from the department. It has fundamentally altered the experience and perception of 
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the urban realm that the population of targeted areas have of their neighborhoods, 

as they might be dominated by police presence (Police Reform Organizing Project 

2013a, Police Reform Organizing Project 2013b, NYCLU 2018). 

These effects have led to resistance and protest against the NYPD. They include law-

suits and political activism addressing the department’s approaches; officers blowing 

the whistle on racist, aggressive, and illegal policing practices; and public debates 

about racial bias and police violence as it surfaces through illicit stops and the over-

enforcement of minor offenses and disorders. Beyond that, New Yorkers contest ag-

gressive and racially biased policing practices through the mundane practices of re-

sistance, such as cop watch activities and citizens voicing concerns, anger, and frus-

tration in the station houses or refraining from cooperation with the NYPD in neigh-

borhoods where policing is growingly considered to be unfair. It was these contesta-

tions and protests that spawned the department’s slow shift away from the strategies 

and tactics outlined above. Consequently, since 2014, the NYPD has increasingly in-

tegrating community policing approaches into its toolkit to supplement its estab-

lished strategies (Bratton n.d., Lamburini 2018). Yet, broken windows policing is still 

alive and well in NYC, and it is still under criticism for its racially disproportionate 

enforcement tactics (NY Attorney General 2020). 

The department’s focus on broken windows and hotspot policing, as translated into 

practice by utilizing crime and complaint data as well as data on officers’ activities, 

has spawned resistance, contestations, malfunctions, and subversions in various 

fields of New York’s policing assemblage. This shows the difficulties of (re-)territori-

alization understood as maintaining associations among the members of the depart-

ment that allow for their permanent enrollment in the department’s strategies and 

objectives to mobilize their activities in alignment to its mission and goals. Moreover, 

it displays the challenges of (re-)territorialization in establishing and maintaining 

functioning associations with persons, groups, and populations outside of the depart-

ment that are necessary to generate, steer, and manage particular behaviors, re-

sources, and information. Throughout the efforts of (re-)territorialization, contesta-

tions, malfunctions, resistance, and subversions occur, representing de-territorializa-

tions or lines of flight as flows of activity, behaviors, information, data, resources, and 
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persons that escape departmental control and necessitate adjustments and the re-

territorialization or rearrangement of the elements and practices that make up the 

policing assemblage of New York. 

Even though the NYPD’s organization might appear static and stable, when examining 

its daily practices of gathering information, producing knowledge, developing strate-

gies, and conducting operations to control and manage urban spaces and popula-

tions, it becomes apparent how policing NYC requires the perpetual assembling and 

reassembling of a heterogeneous set of human and non-human actors. The explora-

tion of daily practices carried out through the NYPD’s surveillance and knowledge 

practices highlights the efforts it takes to enroll and align the manifold human and 

non-human actors inside and outside of the department as practices of assembling 

that territorialize a space of action between the NYPD and the city and its population 

are constantly confronted with dynamics of de-territorialization. These dynamics 

subvert, contest, and undermine the department’s strategies and practices of man-

aging and directing its members and the urban spaces and populations of New York. 

Policing thus appears as a dynamic and somewhat fragile sociotechnical assemblage. 

5.1.6 Conclusion: (Re-)Assembling flows of data, information, and knowledge to estab-

lish the territoriality of policing strategies and practices 

A major chunk of research on the CompStat process has focused on CompStat as a 

management tool and has investigated it as a model more than an operational reality. 

In this perspective, CompStat is presented as a clear-cut, minutely planned, and 

smoothly executed process that methodically and efficiently transforms the organi-

zational structure of police organizations in accordance with clearly defined manage-

ment principles. It hence almost appears as an Idealtyp. Consequently, this perspec-

tive fails to capture the mundane practices that constitute CompStat in its opera-

tional realities. Furthermore, studies on CompStat have largely neglected analyzing 

the transformative and performative role that digital technologies bear within the 

knowledge practices enacted and conducted through the CompStat process. Instead, 

data and data analysis tools are merely perceived as the material and informational 

context of organizational accountability structures or solely as a subject of discursive 

and cultural practices, despite their integral function in an CompStat environment. 
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The present chapter has thus displayed an attempt to discard such an exploration of 

CompStat as an Idealtyp to overcome the limitations of this perspective. It has intro-

duced a methodological lens that combines the instruments, concepts, and vocabu-

laries from ANT, assemblage thinking, and the sociology of technology to highlight 

the constitutive role of technologies in processes of distributed agency, which are 

undertaken collaboratively among heterogeneous human and non-human actors as 

found in the increasingly digitally mediated field of policing. It has therefore delivered 

a technography that describes policing as an assemblage that intertwines diverse el-

ements like criminological discourses, personal knowledge, experience, and gut feel-

ing, a large scope of information and data, analog and digital technologies, individual 

and collective actors, organizational units, structures, procedures, and local and or-

ganizational cultures. It is these distinct elements and the sociotechnical practices of 

knowing, negotiating, coercing, contesting, undermining, and subverting that inter-

relate, connect, disconnect, organize, steer, and govern them, thus constituting po-

licing as an assemblage of stability and flux that is permanently de- and reassembled 

in mundane practices. 

Against this backdrop, investigating policing as an assemblage widens the analytical 

focus by capturing the fuzziness of the policing assemblage and including interactions 

with external individual and collective agents, social dynamics, and urban spaces as 

it examines the process of de- and reterritorialization. In these processes, police or-

ganizations (re-)define their territory of knowing and acting by constructing individ-

uals, groups, populations, urban spaces, places, activities, behaviors, and social dy-

namics as their subjects of knowledge and policing to interfere in urban spaces and 

processes by monitoring, sorting, fostering, hampering, organizing, and directing 

them, thus participating in and co-constituting the urban assemblage. 

The practices of de- and reterritorialization include successful efforts of defining and 

assigning roles and tasks for the interconnected heterogenous elements that form a 

functioning assemblage as a sociotechnical constellation of distributed agency capa-

ble of collaboratively pursuing particular objectives by managing and steering mate-

rial flows of information, resources, and actions. Yet they also facilitate cracks, shifts, 

contestations, subversions, malfunctions, and lines of flight that necessitate counter-
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activities of reterritorialization by reassembling and re-aligning elements of the as-

semblage and their functions, tasks, and actions, thus creating changes and adjust-

ments in an attempt to maintain or restore a collective agency. As an integral element 

of the NYC policing assemblage, CompStat is consequently not just a tool to plug in 

and run. It is an ongoing process of (re-)assembling or (de-/re-)territorialization. 

One of the crucial achievements accomplished with CompStat was the acceleration 

of data distribution in the simultaneous process of centralizing and decentralizing 

crime data. This acceleration and re-organization of data flows has initiated a shift 

from data as strategic information for informing department-wide, long-term strate-

gies to data as operational information that can systematically guide daily strategies 

and practices of policing in the precincts. In this process, data serves as an immutable 

mobile that enables a common approach of analyzing crime throughout the NYPD. 

Here, CompStat functions as an OPP – a reference point that captains, lieutenants, 

and sergeants in the precincts, as well as executives in the patrol boroughs or city-

wide units, must refer to, as CompStat data is used to track and assess crime numbers 

and the department’s efforts to tackle crime and disorder. While CompStat encour-

ages local solutions for local problems and delegates responsibilities to the precinct 

captains, it also enhances hierarchical control by providing upper organizational lev-

els with timely information on cops’ activities, consequently strengthening and ex-

panding the associations entertained among the various organizational levels in or-

der to align the lower levels to departmental strategies and guide and steer local ac-

tivities. 

In this context, CompStat links policing and crime analysis to criminological discourses 

and policing approaches of space-based criminologies and hotspot policing. It high-

lights crime trends and spatiotemporal clusters of crime and defines them as risks to 

be targeted with policing efforts. Moreover, CompStat defines crime patterns or se-

ries of crime as the primary targets of policing and uses the data on arrests, sum-

monses, and stops as indicators of police activity, thus integrating the ideas of broken 

windows policing and translating them to the field. This shows how CompStat exe-

cutes a machinic function, generating and organizing material flows of data, re-

sources, attention, and activity. This material function is closely linked to its enunci-

ative function, as CompStat ties these flows to space-based criminologies and 
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hotspot and broken windows policing by organizing the processes of defining certain 

areas, patterns, incidents, and activities as risky and, thus, as policing subjects. In 

these processes, tasks, functions, objectives, and goals are defined, assigned, and 

translated into the urban sphere through policing strategies and practices. 

Beyond that, CompStat has contributed to the rearrangement of cooperation struc-

tures within the department; it has facilitated multi-scalar collaboration and ex-

change among various units, precincts, and organizational levels by promoting com-

munication and introducing trends, clusters, and patterns as reference points that 

may cross organizational boundaries. Yet this increased collaboration also results in 

conflicts between units and hierarchies, as goals and aims may vary by organizational 

unit. 

Such conflicts can be understood as an aspect of the fragile character of the soci-

otechnical constellations formed through the CompStat process, as made visible by 

the technographic focus of this chapter. This frailty becomes apparent when looking 

at the issue of data quality. Knowledge, information, and data must be constantly 

translated among human and non-human actors in hybrid constellations of de- and 

recontextualization to collaboratively produce strategic and operational knowledge. 

These processes are inherently error-prone and thus frail. As the NYPD’s knowledge 

practices increasingly depend on explicit knowledge, standardized information, and 

data, data quality has become a critical issue for the department that has remained 

viral over the years and will continue to do so as the use of data is gradually further 

expanded. 

Because data quality is integral for defining the subjects of policing, developing po-

licing strategies, and steering police services, the department has installed processes 

of making harder facts to ensure data quality, ranging from organizational proce-

dures, increased usability and simplified interface designs for digital tools, and auto-

mated documentation of the steps taken in the process of generating data to repeat-

edly issuing orders highlighting the importance of data quality. Nevertheless, the de-

partment’s extensive use of crime statistics and data to develop and guide its crime 

fighting strategies ignores the sociotechnical construction of data as contingent facts 

and instead increasingly relies on data as a shared stock of facts to provide coopera-

tion and communication on crime, the city, and policing throughout the department 
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with data flows establishing and maintaining associations among various depart-

mental actors and levels. 

At the same time, the focus on data has spawned practices of cops actively fudging 

reports, purposefully misreporting complaints, or pressuring complainants to provide 

information for downgrading crime, which all intend to deliver favorable numbers for 

the CompStat process. Additionally, as CompStat is used to evaluate cops based on 

their activities, such as arrests, summonses, and stops, it has encouraged aggressive 

and illicit behaviors from cops toward New Yorkers. This conduct predominantly tar-

geted the populations of so-called high-crime areas, mainly poor Black and Latinx 

neighborhoods. Consequently, these areas were underserved and overpoliced simul-

taneously with harmful ramifications for the local populations. This led to protest and 

criticism in the precincts as well as the broader public and political realm. Recently, 

there has been a slow shift to an integration of neighborhood policing in the depart-

ment’s strategies to reduce the damaging effects of broken windows policing and 

improve police–community relations. Yet hotspot policing and broken windows po-

licing remain key approaches for the NYPD. 

Even though CompStat’s analytical capacities do not live up to the department’s nar-

rative of highly sophisticated and advanced data analysis, the process has facilitated 

and structured a shift from a professional model of policing – which provided a one-

size-fits-all, incident-based approach for the entire City of New York, focusing on 

rapid response, random patrol, and reactive investigations – to a data-driven and pat-

tern-based approach that focuses on normalizing trends, patterns, and clusters as 

statistical deviations, therefore installing them as the priority targets of policing. 

While CompStat may still be limited and focused on major index crimes, the use of 

data has expanded over time increasing the analytical depth of CompStat meetings 

as well as of crime analysis in the precincts. This process is also due to the implemen-

tation of more capable data inquiry and visualization tools. A growing delegation of 

complex analytical tasks to software tools can be observed – for example, with re-

gards to the implementation of Patternizr as a data mining tool. This process of grow-

ing automation will most likely continue into the future, as seen in the following chap-

ters. 
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Still, the (de-)centralization of data is an ongoing task, as data silos remain intact with 

data integration being an incremental process, much like increasing the usability of 

data tools and interoperability of databases. Furthermore, the focus on index crimes 

and arrests, summonses, and stops is a starkly restricted use of data to analyze crime 

and evaluate officers’ activities. It concentrates departmental resources on only a 

few types of crimes and encourages aggressive enforcement strategies while limiting 

officers’ discretion. In the wake of growing protests against such confrontational ap-

proaches of policing, the police could instead actively include local communities in 

defining the focal points and strategies of policing and produce data that enables the 

thorough scrutiny and accountability of policing strategies and practices to share with 

the public in order to increase public control and democratize the NYPD. Such a sub-

stantiated approach to community policing could also be accompanied by increasing 

the resources and enforcement and investigation capacities and responsibilities of 

independent public oversight institutions, such as the Civilian Complaint Review 

Board (CCRB). 

Despite its limitations and rather narrow focus, the implementation of CompStat has 

significantly changed the NYPD’s capacities and qualities of surveillance. It has 

spawned an ongoing expansion of the department’s efforts to gather and generate 

data and integrate data from outside agencies, leading to more data and a wider 

scope of data being available. It has accelerated the distribution of data. It has cre-

ated an infrastructure that allows broader access to data through a process of (de-

)centralization, consequently multiplying centers of calculation while tying them into 

a coherent process of data utilization. It has furthermore installed methods of pro-

cessing data that provide a type of information and knowledge that lends itself to 

translating a space-based, future- and risk-oriented approach of broken windows po-

licing into practice, even though this process is characterized by frailty, subversions, 

and malfunctions. 

The spatiality and temporality of crime is a key theme within the strategies and ap-

proaches of policing the NYPD has deployed since the advent of CompStat. Thus, the 

next chapter examines the use of crime mapping as a method to utilize data, gener-

ating spatiotemporal knowledge regarding the links between crime, disorder, and the 
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city, which guides policing as it defines differentiated risk zones and consequently 

renders the city a fragmented landscape of risks to be tackled. 

5.2 Crime, risk, and contingent visibility: From mapping crime to forecasting risk 

zones 

The prior exploration of the CompStat process demonstrated the shifts and changes 

CompStat has facilitated. Since its implementation, the process has pushed the digit-

ization of the department’s surveillance and knowledge practices and accelerated the 

distribution of digital information in a dual motion of centralization and decentraliza-

tion. CompStat has thus fueled the transition from an incident-based approach of 

professional policing to policing statistical deviations, which can be found in crime 

patterns, clusters, and trends. This transformation is based on knowledge practices 

undertaken in hybrid constellations of distributed agency wherein technological 

agents conduct increasingly complex tasks. These collaborative sociotechnical prac-

tices growingly rely on standardized information and data over professional 

knowledge, personal experience, and gut feelings shared in local contexts of commu-

nication. CompStat also enhances the alignment of cops to the concepts of broken 

windows policing, hotspot policing, and space-based criminologies, translating them 

into policing practices in the field. By examining the mundane practices of (re-)as-

sembling the policing assemblage of NYC through CompStat, the frailty of these soci-

otechnical practices becomes apparent. Yet they form integral elements of policing 

the city with its places and populations. 

The following chapter focuses on investigating crime mapping and touches on pre-

dictive policing as an extension thereof. Crime mapping, and increasingly predictive 

policing, represent key technologies for the NYPD to generate (socio-)spatial 

knowledge, which serves to identify certain spaces as high-crime areas or at areas 

risk of taking increased numbers of crime, consequently flagging them as targets for 

police intervention. Hence, the coming subchapter explores the use of crime mapping 

by the NYPD. From there on, it looks into predictive policing as a current technology, 

strategy, and practice in relation to crime mapping and discusses its impact on police 

surveillance and knowledge practices. 
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5.2.1 Re-visiting hotspot policing and crime mapping 

The New York model of policing builds on broken windows and hotspot policing as 

strategic approaches. Crime mapping has been an integral analysis or visualization 

technology for the NYPD to utilize data to implement these space-based approaches 

as it has enabled the NYPD to identify spatiotemporal crime clusters as policing tar-

gets. Hence, the department had crime mapping software being comprehensively in-

troduced in all commands across the city with the police reform that was centered 

around the Compstat process, as discussed above. 

Hotspot policing and crime mapping, along with their theoretical underpinnings, 

were presented in an earlier chapter of this thesis (see Chapter 2). The chapter 

demonstrated that hotspot policing and crime mapping draw on criminological the-

ories highlighting the criminogenic character of particular urban spaces based on the 

observation that distinct types of offenses are usually clustered in certain areas and 

often crowded around particular times of the day, week, and year. Accordingly, 

space-based criminologies investigate spatial constellations and dynamics to explain 

the emergence and spatiotemporal distribution of crime (Andresen 2010, Brantin-

ham & Brantingham 1995, Chainey & Ratcliffe 2005, Sherman 1995). Crime mapping 

has been established as a popular method of space-based criminologies. Its use has 

increased with the growing capacities of desktop computers and software applica-

tions, namely GIS. 

GIS allow their users to plot criminal incidents onto maps in various forms. Early GIS 

provided data analysis approaches in the form of data visualization, mainly limited to 

pinpoint maps indicating the location of single crimes in a specific area over a partic-

ular timespan and maps showing crime rates aggregated for a designated area. Over 

time, software functionalities grew, and GIS were able to integrate more data layers 

to augment crime maps with additional environmental information, including demo-

graphic data, infrastructures, land use, building types, or commercial, public, and so-

cial institutions. Essentially, anything that can be geocoded or spatialized can be in-

cluded in a map and visualized to develop theses regarding the links between spatial 

characteristics and criminal incidents. 
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Additionally, GIS gained the ability to conduct statistical and spatial analyses and vis-

ualizations. Consequently, they are able to carry out various mathematical models to 

display crime hotspots and the spatial correlations of discrete criminal events, thus 

sorting urban spaces by applying k-nearest neighbor analysis, k-means clustering, 

Getis-Ord Gi* analysis, or Moran’s I analysis, among other methods. Furthermore, 

GIS are used to display the density and distribution of crime with density mapping or 

compare crime density over time with dual density mapping, thus making crime 

trends visible. Beyond that, software tools may be used to derive statistical insights 

regarding the proximity of crimes to elements of the built environment, aiming at 

identifying risk factors (Anselin 1995, Anselin et al.2000, Doran & Burgess 2012, Gold-

smith et al. 1997, Goldsmith et al. 2000, Gorr & Ohligschläger 2002, Hirschfield & 

Bowers 2001, Kennedy et al. 2018, Leitner 2013, Maltz et al. 1991, Ratcliffe 2004, 

Ratcliffe 2010, Renolen 1997). Thus, given their wide scope of use, GIS may provide 

valuable and actionable insights for police organizations investigating crime as a spa-

tial phenomenon. 

Yet scholars have criticized space-based criminologies for their theoretical shortcom-

ings, which result in an abstract, reductionist, and simplistic understanding of crime 

that discards the discursive and political processes of labeling and criminalization, as 

well as the social and economic dynamics of inclusion, exclusion, marginalization, and 

vulnerability and their impact on the emergence and distribution of crime and vic-

timization. Beyond these theoretical limitations of space-based criminologies, the 

crime mapping methods that serve as their tools face very practical problems that 

impact the questions and answers that they pose and yield (Belina 2007, Belina 2009, 

Jefferson 2020, Manning 2001, Manning 2008). 

Crime mapping widely relies on police data and must thus work with the restrictions 

it entails. Police data is inherently flawed; it indicates policing activities more than 

the actual criminal incidents that have occurred. It must ignore any unreported or 

unregistered crime and incorporates reporting and enforcement practices, which re-

sults in an overrepresentation of certain populations, places, or types of crime. Be-

yond that, space-based criminologies and crime mapping overemphasize any infor-

mation that can be translated into geocoded data and thus visualized, while it may 

neglect and effectively obscure factors and dynamics that cannot be mapped. This 
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negligence potentially disregards important aspects, contributors, and causes of 

crime in practice, thus creating ill-informed and distorted police services if maps are 

granted integral functions in defining certain spaces, populations, and activities as 

risks and the subjects of policing (Belina, 2009, Ferguson 2018, Jefferson 2020, Man-

ning 2001, Manning 2008). 

Furthermore, the growingly complex functionalities that GIS provide result in increas-

ingly contingent practices of processing data. The concrete outcomes of the maps 

that cops produce are dependent on numerous variables that must be selected, in-

cluding data sets, scale, timeframe, spatial units (census tracts, standardized squares, 

zip code areas, precincts, etc.), data value thresholds and benchmarks, and types of 

visualizations (ellipses, density boxes, single event markers, etc.). The same type of 

data can consequently yield various analytical results that may suggest multiple con-

flicting or divergent theses, interpretations, and conclusions and thus varying practi-

cal steps to be taken. Hence, crime maps do not mirror an objective reality; rather, 

they represent their own contingent reality aimed at reducing the complexities and 

contingencies of the subjects of policing – the links among crime, the city, and its 

population – in order to make them governable as crime maps participate in the pro-

cesses of defining them (Anselin 1995, Anselin et al. 2000, Eck et al. 2005, Getis & 

Ord 1992, Getis & Ord 1995, Goldsmith et al. 1997, Harries 1999, Mollenkopf et al. 

2000). 

Despite these restrictions, problems, and challenges, space-based criminologies and 

crime mapping as a set of analytical methods have spilled into the practical field of 

policing through concepts such as broken windows and hotspot policing. While re-

search indicates that space-oriented approaches may yield significant, if moderate, 

effects on crime rates, it also underscores that the success of such strategies is de-

pendent on the concrete actions taken in the respective places, areas, and neighbor-

hoods. Simply putting “cops on the dots” and focusing on enforcement strategies 

does not achieve the desired results but instead risks straining police–community re-

lations, especially in areas where tensions between the police and local population 

are common, as the latter perceive policing to be often unfair, aggressive, or even 

violent (Braga et al. 2012, Weisburd and Eck 2004, Weisburd and Telep 2014). 
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Yet hotspot and broken windows policing have become staples in the toolbox of 

American policing and form the cornerstones of policing in NYC. The following sub-

chapters thus explore the NYPD’s mundane practices of mapping crime to under-

stand how they shape the department’s surveillance and knowledge practices and its 

perspective on crime, the city, and its population as it guides its policing practices and 

their ties to the urban assemblage. 

5.2.2 Crime mapping in practice: Know your precinct. 

Crime mapping did not begin with CompStat. Maps have been used in policing for 

decades, including in the NYPD. In many station houses, simple paper maps were 

used to pinpoint crime with color-coded pins indicating the different types of crime, 

thus fostering an understanding of their spatial distribution. These maps were limited 

in their scope, though. Paper maps cannot display varying timeframes, merely the 

recent situation. They cannot be used to compare crime over time, and thus, they 

cannot visualize crime trends. They can neither change nor update the environmental 

information displayed; they cannot run statistical tests and visualize their results; and 

they are not mobile. Hence, their operational value is limited. “The paper map really 

is just something on the wall” (Pol_07: Lieutenant in the Transit Bureau). These limi-

tations have been overcome by mapping techniques provided by digital GIS, which 

have increasingly made their ways onto police desktops since the 1990s and have 

become integral data visualization and analysis tools for many police departments in 

the US, including the NYPD. 

Here, digital crime maps are created at any organizational level of the department by 

various bureaus, offices, and units. Crime maps support the identification of crime 

hotspots and their further exploration. They also serve as mobile communication 

tools for distributing information and facilitating and structuring the exchange of per-

sonal and anecdotal knowledge and experience to deepen the understanding of 

crime and develop strategies accordingly. Furthermore, crime maps are used to es-

tablish the objectives, priorities, and targets of policing and control and align cops to 

departmental strategies that rely on broken windows and hotspot policing, which are 

themselves reliant on the spatial knowledge provided by crime mapping tools. 
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While the technological infrastructure and qualification of those operating GIS rep-

resent crucial prerequisites for the use of GIS, their proliferation as an integral 

knowledge tool within the NYPD is foremost based on its connection with the 

CompStat process. As described in the prior chapter, crime trends, patterns, and clus-

ters form critical reference points of policing in NYC, as installed with CompStat. This 

function is dependent on the availability of mobile spatial knowledge in the form of 

statistics, graphs, and maps. Hence, as these concepts of examining crime were to be 

established as an OPP, CompStat simultaneously implemented crime mapping as a 

necessary sociotechnical knowledge practice at all levels of the department. 

And then in the 90s the CompStat era came into play. Mapping was a huge 

factor in that, because that actually helped to inform the police executives 

what precincts were having problems, what precincts were highest in 

crime. That informed their decisions on who to call down every week for 

CompStat meetings. The sort of helped to get traction. It became a self-

fulfilling prophecy. If the precincts knew, the commanders were at these 

maps, they should look at the maps, too. That forced them to start map-

ping more. And then that evolved. 

Pol_03 (supervising analyst at OMAP) 

This statement describes an affirmative cycle unfolding among CompStat as an ac-

countability structure, GIS as knowledge and communication tools, and the soci-

otechnical knowledge practices of crime mapping that have resulted in the establish-

ment and evolution of crime mapping as an integral analytical method of the NYPD. 

As the department implements a hotspot model of policing, it relies on mobile spatial 

data that can be used to structure and guide the CompStat process, providing infor-

mation on the spatial distribution of crime in the city. As this spatial knowledge holds 

a critical position in departmental discourses, strategies, and practices on crime, pre-

cinct captains and other executives are incentivized to conduct spatial analysis in or-

der to complete their role as ascribed through the CompStat process. With the grow-

ing pursuit of spatial analysis, analytical approaches are being gradually refined, re-

sulting in the increasingly sophisticated use of GIS, which includes growing amounts 

and diversifying sets of data. Yet as the CompStat process still exerts a crucial ma-

chinic and enunciative function – aligning the use of data throughout the department 



 

 240 

– data analysis in the precincts is still widely geared toward CompStat numbers and 

thus limited in its scope. 

Commonly, the starting point for crime analysis in the precincts are crime trends. Any 

spike in one of the seven index crimes or shootings is an alarm signal that triggers 

more detailed exploration. With CompStat, such upticks are perceived to represent 

the risk of an incipient problem that must be tackled to prevent further escalation. 

Hence, it is these crime categories that probably receive the most attention in local 

efforts of data analysis and, consequently, fighting crime. Data analysis regularly be-

gins by mapping out the crimes that have occurred over a particular period of time. 

The timeframes commonly selected to inform policing strategies on the ground are 

the last seven days, 28 days, two months, three months, and the respective 

timeframes in the year prior. These periods are also the building blocks of the 

CompStat process, because they represent recent trends that can serve as targets for 

the proactive policing approach pursued by the NYPD. Identifying the location of 

crimes once a trend has been detected follows the hotspot approach of policing, 

which assumes that where crime occurs over a certain period of time, more crime 

can be expected (Sherman 1995). To avoid such a perpetuation of crime trends, 

hotspots are sought out as targets of policing activities by the NYPD. This reasoning 

and practice pursues an inherently risk- and future-oriented rationality, as anticipat-

ing the continuation of particular trends guides policing. 

To map the incidents of a given period, analysts at the precinct level draw crime data 

requested by their captain from the CDW using Cognos. They receive a Microsoft Ex-

cel file that contains timestamped and georeferenced incident data. They then typi-

cally import the dataset into Esri ArcGIS, which is one of the software applications 

used by the NYPD to map crime. Besides ArcGIS, the department also uses CrimeStat, 

provided by the National Institute of Justice, and MapInfo Professional for crime 

mapping purposes. Recently, analysts have also utilized the DAS to compile maps, 

which serves the department as a data integration, data analysis, and communication 

tool. At this stage, the analyst compiles a pinpoint map, a digital map that indicates 

each incident that has occurred in the respective crime category and timeframe in 

the precinct by adding a point at the street level address found on the complaint 

forms. 
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The picture below shows a crime map similar to the ones used by the NYPD. As it is a 

publicly available map, the crime is not depicted by street level address due to data 

protection guidelines but as weighted incidents at block level. 

This visualization of recent criminal activities in a precinct enables the commanding 

officer to identify hotspots of crime. At the precinct level, the definition of hotspots 

is usually conducted by eye test rather than automated statistical clustering and spa-

tial relation methods. Captains or other supervisors look at the pin maps relevant to 

their commands and assess whether they are dealing with a crime cluster by relying 

on their professional knowledge and experience, conferring with their peers, or 

drawing on additional data and intelligence about the incidents in question as avail-

able. Once a hotspot is identified or defined, it is addressed with targeted policing 

measures. These measures typically include a focused allocation of cops on the look-

out for suspicious activities to deter potential criminals. Beyond a targeted allocation 

of resources, specific operations may be conducted locally to fight specific types of 

crime as they occur in the field. 

The capability to timely visualize street address crime data delivers a significant ad-

vance over older mapping techniques, which often displayed outdated crime data 

aggregated at larger geographies, thus providing broad strategic information instead 

Figure 10: Example of a weighted crime location map compiled from CompStat data 
(https://maps.nyc.gov). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened due to copyright regulations. 
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of more detailed and actionable information that could guide daily operations. More-

over, the visual display of the collected incidents over a given timespan provides in-

formation that is more reliable, detailed, and up to date than personal knowledge 

and experience, especially for commanding officers and lieutenants who coordinate 

the activities of multiple units in various sectors and geographies over longer periods 

of time. Hence, precinct captains and other supervisors refer to crime maps compiled 

at request by their analysts or as they can be found in CompStat reports to make 

decisions regarding the allocation of resources to certain areas of the precinct or the 

deployment of particular operations. 

It could be teased out in an infinite number of ways. For example, you 

could have a map of just burglaries. And it’s going to look like the actual 

map of a neighborhood with streets, the names of the streets and then 

it’s going to have the markings of where the burglaries are. And then 

maybe underneath it has a little anecdotal blur with information on each 

one: time, date, person arrested that kind of thing. And then you have 

another map. You have a map for everything: shootings, burglaries, grand 

larcenies, breaking-in of cars, … You can have walls and walls and walls of 

maps, each one teased out a certain way. If an area has a lot of burglaries 

and if I have extra cops working that day, I’m going to put those cops in 

that area. I might ask a car to physically stay in that area. Let’s say the 

burglaries have happened in a ten blocks area. If I have enough people, I 

would put the cops in that 10 blocks area just focusing on looking for sus-

pect from that burglary. 

Pol_07 (lieutenant in the Transit Bureau) 

Incident mapping is only one aspect of understanding the distribution and dynamics 

of crime in a command, though. Apart from the spatial aspects of crime, the temporal 

dimension is paramount to crime analysis in the precincts. 

The map below shows crime data for the 41st precinct in the South Bronx as displayed 

in CompStat 2.0. CompStat 2.0 is a software application that replaces the classic 

CompStat reports. It offers digital reports that enable dynamic crime tables and vis-

ualizations that allow to display crime trends and hotspots. Furthermore it provides 

direct access to complaint and crime reports, making it easier for executives and an-

alysts to examine reports that are linked to certain crime incidents, patterns, trends, 

and clusters. 
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Figure 11: Crime data as displayed by the CompStat 2.0 interface (Levine et al. 2017: 9). 

In addition to the periods of time seen above, GIS break down crimes by the hour 

over the course of a day. Thus, analysts, precinct captains, and lieutenants can dis-

aggregate crime numbers and allocate them to the distinct platoons in the precinct. 

Rendering spatiotemporal clusters this way generates valuable operational intelli-

gence for supervisors when identifying targets of policing activities, making decisions 

on the allocation of resources, and developing strategies to tackle local conditions. 

So, what we do in crime analysis, we’ll go into DAS and if the CO, the Com-

manding Officer, wants to see, ‘where are my robberies in the last four 

weeks’, they can go into DAS. They will put that date range in there, they’ll 

select the editable layer of robberies and it will generate a map pinpoint-

ing where all the different robberies occurred. And within the robberies 

you can get kind of granular with them. You can look at the platoon the 

robbery occurred on, you know the day tour or the 4 to 12 or the midnight. 

It kind of gives you a sense of, you know it’s great to know that robberies 

are happening and it’s great to know where the robberies are happening 

but the other dimension is time, the time component. Because if my rob-

bery spike or my burglary spike is happening on the first platoon, then 

that’s the platoon that needs to really be concerned with it. So, the CO will 

go to the Lieutenant and say – if the Lieutenant doesn’t already know and 

she should be keeping on top of that stuff on her own – she can go to the 

Lieutenant and say: ‘We have a map based upon the geospatial analysis 

and it looks like you on the midnight are taking a lot of burglaries in this 

area.’ So, maybe we’re going to turn out a burglary auto, two cops who’ll 

be in a sector car and they’ll be assigned to only control that area looking 

for suspicious people, different things like that. […] Well, more often than 
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not it comes from the Lieutenant. If he or she looks at the briefing sheet 

that we are producing and identifies that there is an issue on his or her 

platoon whether it’s robberies or assaults or burglaries, whatever the 

crime is. It’s really about the seven major crimes. If the Lieutenant looks 

at that and sees that they are having a spike in a certain crime, at that 

point they would say to the Sergeants, like I said: ‘Let’s put out the bur-

glary auto, or the robbery auto, or that shooting auto.’ They’ll tell them: 

‘You are assigned to that specific sector where we got a lot of shootings. 

Stay in the zone from this street to this street and this avenue to this ave-

nue. Stay in that zone.’ And this is defined by the maps we produce and 

by the other print outs, too, that we generate from Cognos, the narratives. 

Pol_05 (supervising sergeant of a precinct data analysis unit) 

Spatiotemporal crime analysis enables supervisors to brief patrol cops as well as the 

cops in special units, such as the narcotics unit, the anti-crime team, or the conditions 

team, with detailed information and information specific to their particular tour and 

job. It furthermore allows to pinpoint resources more precisely according to the var-

ious spatiotemporal clusters that may be observed depending on the distinct crime 

categories and characteristics. Furthermore, insights gained from spatiotemporal 

crime analysis may facilitate organizational changes. Such may include installing an 

additional shift overlapping two other tours to have cops in the street even during 

shift changes or redeploying officers from one tour to another to create a more visi-

ble presence at certain times in certain spots. 

The information provided by crime maps also informs the development of strategies 

and operations specific to particular conditions in the precinct. Such strategizing ne-

cessitates more information, though, than a simple crime map typically delivers. Be-

ing able to identify spatiotemporal clusters of crime is hence often merely the first 

analytical step that forms the foundation of a more thorough exploration. 

The whens and wheres are the beginning but then on top of that …[…]. 

They know an area has a problem; they really drill down on it. They really 

do it with the data. Again, I wouldn’t have known 20 years ago if there 

was a problem at a spot. Nobody would tell me: ‘The problem’s over here 

but these other 6 houses, we think, are connected for these reasons. So, 

focus on these 6 houses.’ They would just tell you: ‘There’s a problem, hit 

that problem right there.’ But now we’re trying to figure out how the little 
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problems are connected to a bigger problem and they have the techno-

logical ability to do that. Let’s say, there’s an area where people are 

breaking in to houses. And in the old days, they just would have said: 

‘There’s burglaries out there, just around the streets and try to figure out 

who’s doing it.’ But now they are trying to tell you: ‘There’s a burglar who 

lives at this house, there’s a burglar living over here, there’s a guy with a 

major drug problem living over in this house, there’s a car thief living over 

here.’ They’d give you all this information, so that you would now that this 

house is involved in a criminal activity, specifically. And in the old days, 

they wouldn’t necessarily tell you that. So, there’s a risk profile almost 

that emerges. Not that you can necessarily run out and arrest these peo-

ple, but they want you to be aware that these people are out there. Spe-

cific people that might be involved in a specific crime. In the old days, that 

wasn’t done in any kind of real time.” 

Pol_07 (lieutenant in the Transit Bureau) 

Mere spatiotemporal data visualizations of crime provide only limited operational 

value. They make crime clusters visible and consequently allow for the deployment 

of resources in a “cops on the dots” manner. Yet at this point, this only means putting 

more boots in the street. It is when spatiotemporal analysis is combined with more 

qualitative information that the operational value of analysis increases, including be-

ing able to tap into a growing number of databases that provide more information 

on a given geography, such as information on past offenders, parolees, or probation-

ers living in a particular area or neighborhood, as described in the statement above. 

Beyond that, analysts may layer other crimes or disorder incidents in order to visual-

ize their spatial proximity or overlay crime clusters thus encouraging theses regarding 

potential links among various persons, incidents, and activities. Spatial information 

could furthermore include data layers that enable analysts to plot environmental in-

formation, such as infrastructure, social and commercial institutions, or land use. 

For commanding officers, lieutenants, sergeants, or officers, it might be of interest if 

certain assaults happen around bars, liquor stores, or a particular subway station, if 

robberies occur near ATMs or check cashing places, or if a housing development takes 

a disproportionate amount of Grand Theft Autos (GTA). As GIS are capable of includ-

ing such data and layering it with crimes as they occur in a specific area during a par-

ticular timespan, they can be utilized to generate geographic risk profiles to inform 
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strategies and operations or to focus resources and attention to specific areas or 

events. 

Well, you can almost think of it as you need to map crime first, before you 

respond to it. So, it’s this idea we’re preventing crime. But we do have a 

job to do and sometimes we are more kind of policy analysts. Are we al-

ways getting to root causes? Not always. I mean, it’s hard to say, ‘let’s get 

to the root cause’, because sometimes we just have a problem. But having 

more data can only help and the layers of data that we have can only help 

us improve even more, because it will help us respond to this much quicker 

and find out which problems are actually there. One thing CompStat has 

helped us do is to identify hotspots, these small little micro locations in 

the city that are problematic. But then what do you do when you get 

there? That’s the whole thing. You can flood the area with cops but how 

do you respond? Do you put plainclothes officers there? So, having more 

data makes the response more focused in a way of do we need a uni-

formed presence there, an unmarked presence? Do we need a narcotics 

module to do undercover buy-and-bust operations or is it just 311-com-

plaints? There will be issues where just the same call will come over an 

elderly woman doesn’t want to leave the building every day, because 

there’s 20 males standing outside. And that is something that can be 

talked about at the meetings, or it can be tracked at the precinct level. 

Everything I’ve talked about can be tracked to the precinct level. 

Pol_08 (analyst at OMAP) 

But despite the functionalities and potentials illustrated here, in the precincts, the 

use of GIS often remains rather simple. Local analysts typically do not run statistical 

tests or systematically operate numerous data layers to develop elaborate theses on 

the emergence of crime. 

Essentially, data analysis is driven by operational value, and lots of valuable infor-

mation cannot be mapped. Thus, in addition to drawing on crime maps, supervisors 

typically serial-read complaint reports and narratives describing the incidents that 

are identified as hotspots to gather context and modus operandi information, thus 

exploring and evaluating a given crime cluster and deriving information to make de-

cisions, develop operations and strategies, allocate resources, and brief their peers 

and subordinates. Therefore, while crime maps are an essential tool to analyze crime 

in the precincts, they cannot be understood as singular stand-alone technologies. Ra-

ther, they are an element or actor within a sociotechnical network or constellation 
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that includes numerous human and non-human actors, sociotechnical knowledge 

practices, and types of data, information, and knowledge. 

Still, within these sociotechnical knowledge practices, analysis tools such as crime 

maps undertake integral functions. They make crime clusters visible and guide the 

definition of crime clusters, thus constituting them as the subjects of knowledge and 

rendering them actionable as subjects of crime control. In this context, they enable 

the construction of risk profiles as a means to investigate the socio-spatial milieu of 

specific patterns. Here, they function as platforms that connect various types of data 

and information on spaces, social dynamics, persons, and groups that serve to link 

them to specific crime clusters, hence integrating them into the analytical efforts and 

potentially the policing efforts conducted in the precincts. 

Furthermore, crime maps serve as communication tools, as they explicate and mobi-

lize standardized information and knowledge and recontextualize it as spatiotem-

poral clusters. Yet this recontextualization is dependent on the data available to be 

mapped and visualized; thus, it is limited. Crime maps are tied into communication 

flows discussing given patterns, incidents, suspects, victims, and spatial constella-

tions, linking them to personal knowledge and experience that can be shared anec-

dotally by commanding officers and other supervisors. Hence, maps participate in 

collaborative efforts of data analysis, strategizing, and decision-making as social or 

sociotechnical objects that represent intersubjective facts (Manning 2008). As such, 

crime maps serve as a means to monitor, sort, categorize, and consequently control 

open urban spaces by dividing them into risk zones that command differentiated lev-

els of police attention and distinct policing measures for certain spaces, places, indi-

viduals, populations, activities, and behaviors (Deleuze 1992). The concrete practices 

of these efforts are constituted in a field of distributed agency that unfolds from the 

interlinkage of the capacities and capabilities to gather, store, access, distribute, and 

process data. 

The big problems, everybody always knew about them. Certain areas 

were always hotspots. It’s not rocket science. That’s the corner people are 

shooting each other all the time. But police do a better job now of putting 

resources and really sticking it to those spots. And when I say recently I 
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mean like the last 10-15 years. And really analyzing the whole bigger pic-

ture of that area, which helps a lot, too. For instance, we always knew 

there were shootings at a given spot. But now they can run the entire ar-

rest history of the whole block. They can see that there’s a guy living at 

the house and he’s been arrested 6 times for criminal possession of a 

weapon, carrying illegal guns and that happens very quick now, getting 

that information. Whereas 15 years ago, that took a long time getting 

information like that. 

Pol_07 (lieutenant in the Transit Bureau) 

The construction of such geographic risk profiles and the integral function of crime 

maps and crime analysis in decision-making processes in the precincts pose numer-

ous questions. Clearly, augmented crime maps do not just mirror a given reality, they 

are sociotechnically constructed selective data doubles of the urban spaces in the 

precincts, in general, and hotspots requiring further scrutiny in particular (Haggerty 

& Ericson 2000). 

The practices of seeing, knowing, and sorting – established by the use of crime map-

ping, data inquiry, and data analysis through the NYPD – hence create “oligopticons,” 

with station houses in the precincts functioning as “centers of calculation” (Latour 

2005). While Foucault (1995) describes the panopticon as an enclosed architecture 

that creates full transparency, visibility, and control over a place and its inhabitants, 

Latour (2005) presents oligoptica as sites where relations of seeing, knowing, and 

control are based on a selective view that focuses on specific places and spaces as 

well as particular elements and dynamics to be watched. “Oligoptica […] do exactly 

the opposite of the panoptica: they see much too little to feed the megalomania of 

the inspector or the paranoia of the inspected, but what they see, they see it well” 

(Latour 2005: 181). 

Furthermore, oligoptica are defined by remoteness. The inspectors are somewhat 

removed from the inspected. Surveillance and control are thus exercised at a dis-

tance. Seeing and monitoring are conducted by assembling immutable mobiles: doc-

uments, reports, statistics, graphs, maps, and visualizations. They are drawn together 

at centers of calculation where this information is processed to sort and categorize 

spaces, populations, activities, and social dynamics in order to decide and guide strat-

egies and practices in the field to exert control. The quality and modes of control are 
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dependent on the quality of the ties that can be established between the centers of 

calculation and the spaces controlled by mobilizing immutable mobiles, generating 

knowledge, and translating it back into the field by guiding and directing officers in 

the streets. 

Spatial data doubles as they are produced and utilized in the station houses enable a 

selective scrutiny of spaces defined as high crime areas, hot spots, or risk zones. They 

are derived from various data sets selected by supervisors and analysts and depend-

ent on the data accessible to the analysts and processible by the GIS. These risk zones 

can be understood as geographies of increased and spatialized suspiciousness. Being 

labelled as such may lower the threshold for which activities, behaviors, or events 

are considered suspicious and intervention-worthy by cops in the field. This height-

ened level of suspiciousness may thus lead to higher numbers of police encounters 

for those inhabiting risk zones. 

Furthermore, as personal information on past offenders, parolees, and probationers 

may factor into these geographic risk profiles, the danger arises that these popula-

tions become the targets of intensified surveillance and policing measures. Being 

listed in databases utilized to explore certain hotspots thus constitutes a strong and 

flexible link with police organizations that the latter can activate situationally de-

pending on the evaluation of crime clusters and patterns. For the police the possibil-

ity to flexibly interlink individuals, incidents, and urban spaces thus provides a dura-

ble ability of targeting individuals with surveillance and policing measures. This may 

result in substantial ramifications for those who become the subjects of these 

measures as their criminal history can be linked to risk zones constituted through 

spatial-temporal crime analysis. In this context, crime maps promote a misguided as-

sumption of spatial proximity as a causal relation, since they suggest the spatial prox-

imity of persons, incidents, and urban spaces to be relevant to identify targets of po-

licing measures to address particular crime trends, clusters, or patterns. 

As crime maps enable, reify, and translate into practice a hotspot approach of polic-

ing and the assumptions of spatial proximity as a causal relation, they may also alter 

practices of suspicion on the ground. With crime hotspots considered areas at high 

risk of criminal activities, hotspots may yield an increased level of suspiciousness for 

those present in these areas apart from their actual behavior (Fagan & Geller 2015, 
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Ferguson 2015, Ferguson 2017, Jefferson 2020).5 This spatialized and generalized sus-

picion may foster unfair policing practices that target the inhabitants of high-crime 

areas. In the case of NYC, this population predominantly includes poor Black and 

Latinx communities as a vast majority of the so-called high-crime areas in the city are 

populated by these demographics. Furthermore, investigations into the NYPD’s stop-

and-frisk practices have shown that stops are concentrated in these areas and dis-

proportionately pertain to the Black and Latinx population. Moreover, even in pre-

dominantly white neighborhoods, New Yorkers of Color and Latinx are overrepre-

sented in the numbers of stops conducted, frisks conducted, and arrests thus made 

(Fagan et al. 2005, Fagan et al. 2015, Fagan & Davies 2000; New York City Liberties 

Union 2014, New York City Liberties Union 2019). This disproportionality highlights 

that Black and Latinx populations are disproportionately subjected to police enforce-

ment tactics and concentrated in neighborhoods defined as high-crime areas. 

Against this backdrop, it is important to note that police data as used by the NYPD is 

not neutral but reflects historic police activities. It thus incorporates racial biases in 

policing, reporting biases, a spatial focus on minority neighborhoods, and the dispro-

portionate enforcement of certain crimes that may lead to Black and Latinx neigh-

borhoods and populations being overrepresented in police data. Racially skewed da-

tasets then contribute to these neighborhoods being flagged as risky and primary 

policing targets, consequently establishing an affirmative cycle that is essentially 

black boxed by data and data analysis tools that process and visualize flawed and 

distorted data (Bennett Moses & Chan 2018, Jefferson 2020, Ferguson 2017, Kauf-

mann et al 2019, Lum & Isaac 2016, Richardson et al. 2019, Sanders and Hannem 

2012, Selbst 2017). These dynamics relate to the problem of data quality as discussed 

in the prior subchapter. Data quality remains a problem for the NYPD and continues 

to be so with the mounting reliance on data, even though efforts of making harder 

facts are undertaken by the department. 

 
5 Looking at the case of Hamburg and Berlin in Germany, we can see that such an increased level of 
suspicion warranted by the spatial distribution of crime is already legally institutionalized. In both 
cities police use crime mapping to determine high crime areas which are targeted with heightened 
police presence. Additionally, police in these areas are permitted to conduct stops and identify con-
trols without reasonable suspicion. It is the presence at a high crime location alone paired with as-
sessments based on professional experience that constitute the ground for police contacts (Belina & 
Wehrheim 2011). 
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When examining the spatiotemporal analysis of crime, further challenges regarding 

data quality surface. The quality of spatial analysis is dependent on accurately geo-

coded data as well as the accuracy and up-to-dateness of the data layers used to 

visualize spatial information and include it into analysis, reasoning, and strategizing. 

Such accuracy is of particular importance, as many data layers used by the NYPD stem 

from external agencies and providers. Consequently, their quality is only difficult to 

assess. 

The temporal aspect of crime analysis prone to error as well. Oftentimes, a crime’s 

exact time of occurrence is not certain – for example, the time when a burglary is 

committed versus the time it is discovered. Consequently, the data drawn together 

by GIS may be corrupt, resulting in faulty analytical insights and thus misguided po-

licing strategies. 

Furthermore, it is not always clear which type of data may be most suitable for spe-

cific analytical questions: 

I’m in the process of developing predictive models for rapes. When a vic-

tim has reported to us that they have consumed alcohol and they have 

attended a bar, a club, or a lounge that’s very helpful information for the 

investigator. Less so for patrol but for the investigators to say: ‘We have 

a sex offender that has raped a victim, but it didn’t occur in the bar. It 

occurred somewhere else.’ So, typically in policing the map would include 

the place of occurrence of the rape. Which is very different from the initial 

meeting between the subject and the victim. So, I’m asking what can we 

grab from the original point of contact because that’s more valuable to 

me. If I can see multiple victims report the first contact to be at a certain 

bar that tells me that the subject is in that bar dropping roofies. So, maybe 

we can do something about that. That gives me more information be-

cause I know there are club owners who permit their attendees to distrib-

ute drugs like roofies or allow customers to drop roofies into other cus-

tomers’ drinks and take the subway to some secluded area or take the 

victims in their vehicles to a secluded area to conduct whatever things 

they want to do. But that’s just work in progress. The idea is to have a 

software that can mine databases to find patterns in modi operandi. 

Pol_09 (detective, former analyst, and patrol officer) 

This example shows that the geospatial data collected in complaint reports and used 

for analytical purposes is not always the most valuable for answering the questions 
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of investigators, supervisors, or cops on patrol in order to fight crime. Turning to in-

adequate datasets to develop strategies regarding a specific crime pattern or cluster 

may thus produce hunches and theses, which are not helpful for pursuing the objec-

tives relevant to addressing a particular problem. 

Still, the use of data and data analysis tools are of crucial value regarding the distrib-

uted agency of surveillance and knowledge practices at the precinct level. It is the 

interplay and interactions of technological and human actors that provide the ability 

to assemble various flows and sets of data in processes of translation and to combine 

them to assemble maps as a recontextualization of data that enables police to mon-

itor and sort urban spaces and social dynamics in the realm of crime and disorder and 

link them to places, persons, and groups, such as gangs and local crews. 

As opposed to look at things from a yearly level, we need to start looking 

at small problems and how small problems become big problems. A lot of 

that is done on a daily level or a couple of days. So CompStat's the big 

picture. Crime analysis tries to keep on disaggregating these numbers. 

Can we put numbers into people, can we put people into groups or cate-

gories, can we put groups or categories into neighborhoods. 

Pol_02 (former supervising analyst at OMAP) 

Here, GIS make socio-spatial dynamics visible, thus allowing for a collaborative con-

struction of clusters and patterns that are marked as priorities of policing. Maps func-

tion as platforms that provide data as shared facts to guide reasoning and the devel-

opment of theses, strategies, and operations as well as decision-making and the allo-

cation of resources. These processes include COs, analysts as well as supervisors of 

various units and platoons and thus represent hybrid and messy assemblages. 

These assemblages contribute to sorting and ordering the spaces of the precincts by 

identifying or defining risk zones and patterns, thus guiding police activities in urban 

space and, consequently, police interference with the urban fabric in the local spati-

otemporal contexts that it co-constitutes as it governs crime, disorder, and deviance. 

Maps hence organize and combine data flows, which can be visualized to mesh them 

with various sets of knowledge and information to facilitate and coordinate policing 

practices on the ground, thus co-constructing the urban assemblage at a local level. 
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Simultaneously, these policing strategies and practices substantially shape the expe-

rience of the urban populations in these local spaces, as they may impact crime rates 

and disorder, yet also as police interact with the local populations in various contexts 

and ways. In the case of NYC, these interactions have long been guided by strategies 

and practices fostering confrontational practices, particularly in high-crime areas in-

habited by poor minority populations. Against this backdrop, it is significant that the 

use of databases enables a flexible access to personal information on prior offenders, 

parolees, probationers, and others, potentially making them the priority targets of 

police work (Creemers 2016 Creemers & Guagnin 2014, Creemers & Guagnin 2015). 

Thus, immediate access to this information represents an extension of the policing 

assemblage into the urban realm. Even though this kind of data was stored in police 

databases before crime mapping, crime mapping, data analysis, and data inquiry 

tools make this information available instantly and situationally. Thereby, the digiti-

zation of knowledge practices alters the character of formerly strategic information 

into operational intelligence, thus transforming its quality and value for police inter-

ventions and the quality of the links that police entertain with urban spaces, persons, 

and populations, as data is now directly accessible and can be combined with further 

information and shared to create actionable knowledge. The temporality of data 

flows and knowledge practices thus represent a crucial and constitutive aspect of the 

policing assemblage (Müller 2015). 

The implementation of crime mapping tools has had a substantial impact on 

knowledge and policing practices in the precincts, despite an underutilization of the 

analytical functionalities current GIS offer. As described above, mapping remains sim-

ple at the precinct level relying primarily on simple data visualization in form of pin-

point mapping in combination with layering various types of crimes or disorder com-

plaints and sporadically data displaying elements of the urban environment of crime 

clusters. Further information is drawn from the CDW as requested by commanding 

officers or other supervisors in order to gain a more sophisticated understanding of 

the local milieu that constitutes a hotspot based on data considered relevant. The 

data that is assembled and visualized then guides reasoning and conversations aimed 

at developing strategies and operations. 
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The reasons for this seeming underutilization of the capabilities of GIS are manifold. 

As discussed in the prior subchapter, analysts in the precincts must conduct extensive 

reporting duties, which occupy large amounts of their time and leave little space for 

more sophisticated and more time-consuming analytical endeavors. Furthermore, 

analysts at the local level are oftentimes not trained to handle data and operate data 

analysis tools in a way that would allow for more in-depth and statistically advanced 

data evaluations. 

I have worked with very talented people who are great with the software 

and at crime analysis. They really know what they are doing. The problem 

is they are at 1PP. They are looking at things from 40,000 ft up. The cops 

who are working at the precinct, I think it would be more beneficial, if they 

were trained and if they understood how to do this stuff. As good as DAS 

is, it can only generate reports based upon the data that we are putting 

into the interface. It can plot you your burglaries. What it’s not going to 

do is, there is no editable layer for you to plot your check cashing places. 

To do that you need a program like ArcGIS. You’d have to build an address 

list, and you’d have to build an address-locator and geocode these loca-

tions. You can do that and it’s not hard and once it’s there, you have it 

forever and you can use that to do spatial analysis but your average cop 

on the precinct level, who is doing analysis, he or she is not trained to do 

that. I didn’t know how to do that. I had to go to Hunter to learn that. I 

didn’t even know that this kind of software existed. Again, there is a train-

ing issue, too, where we call ourselves crime analysts but on a precinct 

level we are not doing enough of the actual analysis. We are spending our 

time doing other things, that are very broad and where we kind of check 

a box. 

Pol_05 (Supervising Sergeant of a precinct data analysis unit) 

This statements highlights the training deficit that can be observed, particularly in the 

precincts. Yet it also touches on how this training deficit is interlinked with questions 

of data availability. The NYPD has numerous data layers at its disposal and continu-

ously integrates additional data layers, either by adding them from external agencies 

or data providers or by creating datasets itself. However, these layers may not be at 

the disposal of all levels of the department, or their availability is not known at all 

levels, since there is no catalogue that lists and contains available data layers. As the 

resources, responsibilities, and abilities to create or procure data sets as needed are 
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not necessarily located at the precinct level, the use of geocoded data is here regu-

larly restricted to crime, complaint, and activity data, which is routinely available. Ad-

ditional information must be drawn from reports and narratives semi-manually using 

DAS, Cognos, or omniform to gather information on the modus operandi or context 

of certain crimes, allowing the identification and exploration of clusters and patterns. 

More complex approaches of data visualization and analysis at the local level, on the 

other hand, are sketchy and limited. 

But, and this is one of the issues I’m having with the police department, is 

that the geospatial ‘analysis’ that we are doing on the precinct level, if 

you are talking to the geospatial people, is more data visualization than 

data analysis. If you’d do analysis, you’d be really looking at where crimes 

are occurring in relation to different locations within the precinct. Which 

is like sort of what we do a little bit but more of it is just based upon ‘where 

did my crimes happen? Put it on a map, so I can see where it happens.’ 

Which again is more data visualization then really getting into hard ana-

lytical ways of looking at things. 

Pol_05 (supervising sergeant of a precinct data analysis unit) 

The limited scope of the local use of GIS is not only caused by the lack of resources, 

training, technical knowledge, and analytical abilities of the local staff. The opera-

tional value ascribed to advanced data analysis at the local level is also somewhat 

unclear. Data visualization is considered to be widely beneficial for informing local 

strategies, decision-making by executives, and the allocation of resources. Its value 

beyond that is at times questioned. 

One of the things I’ve wondered is, if you are a cop who has worked in 

that precinct for 10 ten years, they are probably going to know where 

these problem areas are already. So, I have wondered that myself. How 

valuable are these to the guys who are working every single day driving 

around in a sector car because if they are driving around then they know 

where the problem areas are. They don’t need to look at a map to know 

assholes live in this building and create problems a lot. So, in terms of how 

the cops are using it on a day-to-day basis, I assume not that much. 

Pol_05 (supervising sergeant of a precinct data analysis unit) 

Beat cops typically have an intimate knowledge of the areas they patrol. They know 

the geography and the areas where specific crimes or disorderly activities usually 
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cluster. They also know when these incidents mostly occur, and even which persons 

or groups are often involved. They may also be able to establish relationships with 

local communities, dwellers, businesses, schools, churches, and other social institu-

tions, which can help them navigate their precinct and sector. Thus, while crime map-

ping and crime analysis provides a surplus at the strategic and supervisory level, its 

value for street-level cops is not as clear. Essentially, analytical insights must be bro-

ken down substantially for the roll calls that inform officers before going on tour, 

leaving little information. 

The cop has to do his job. Ultimately, the analysis of all this data is some-

thing the management does, the analyst, the CO, and the platoon com-

mander. And then we tell the cops. We boil it down to: ‘Hey, I want you to 

look at this problem while you’re out there. I want you to look at that 

problem.’ The cop does answer 911 calls. Patrol is primarily focused on 

responding to radio run emergencies, radio run problems. And then on top 

of that we say: ‘Keep your eyes on that problem, too.’ 

Pol_07 (lieutenant in the Transit Bureau) 

This statement alludes to another restriction regarding the operational value of data 

analysis. Depending on their type of job, cops are not in the position to address the 

issues raised by data analysis. They cannot attend hotspots and focus on specific con-

ditions or operations. This restriction especially counts for patrol cops, who primarily 

handle radio runs. 

The uniform guys are always in this tug of war for what they are supposed 

to do. The management always tries to make sure that the uniform guys 

are always problem solving. They are looking for that. In reality the uni-

forms are chained to 911. That’s really their job. They are trying to solve 

the problem but if they have a 911 call for a burglary, they have to go over 

there. Whereas the Anti-Crime they are not chained to the 911s. They are 

out there hunting and looking and trying to root out criminality. If any 

police officer’s really studying the numbers of what’s going on and where, 

it’s at the police officer level the Anti-Crime Cop. 

Pol_07 (lieutenant in the Transit Bureau) 

The value of data analysis thus not only differs by organizational hierarchy, with com-

manding officers and lieutenants using data to make decisions, but it also varies by 

unit, with patrol cops answering 911 calls and using downtime to address specific 
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conditions in specific areas while special units, such as narcotics, anti-crime, or con-

ditions, are able to pursue special operations, thus addressing crime patterns and 

clusters. 

Obviously, the crime analysis person his only job is to really study the 

facts. He doesn’t leave the office. He does it all with his computer and he’s 

doing it really as an extension of the CO. The crime analysis guy doesn’t 

necessarily talk the officers directly. The CO is saying: ‘Study the problem 

and figure out this, this, this, and this for me.’ And then the crime analysis 

guy is giving it to the CO. And then the CO is telling the platoon command-

ers: ‘Hey, I want you to look at this, this, this, and this.’ And he’s telling 

the Anti-Crime cops: ‘Show up here for this, this, this, and this.’ And he’s 

telling his Special Ops, his Intel guys: ‘Do this kind of operation.’ And he’s 

doing that because he’s trying to solve all these problems. Whereas the 

cop on the street is, yes we give him the information to be on the lookout 

for, but he’s really answering 911 jobs mostly. Unless he’s on the Anti-

Crime Team. 

Pol_07 (lieutenant in the Transit Bureau) 

Hence, the surplus of data analysis and crime mapping – or rather, the information 

drawn from it as it trickles down to the patrol cops – is often not fully clear to the line 

personnel, as they do not participate in strategizing and instead rely on their 

knowledge of their beats as they do radio runs and patrol. 

Consequently, the use of spatiotemporal data analysis is not always welcomed and 

may incite resistance. 

Cops on patrol, even if they are not assigned to that sector steadily but if 

they work that tour long enough, they can tell you, if you ask: ‘Where is 

the drug problem in your precinct?’ They can tell you: ’Lyman [Place] and 

Freeman [Street]. If you can control that corner, you will change the 4-2 

[42nd precinct in the Bronx, N.C.].’ Cops on patrol know that. They are 

sometimes resistant to having to use that technology, because they’re on 

the street doing it every day. They feel like they know what needs to be 

addressed. So, sometimes there’s a resistance to use that technology at 

the cop level. […] They do listen. It’s not like cops don’t go where they are 

told to. It’s just that they feel as though they don’t need the software to 

tell them where the problem is. 

Pol_12 (former sergeant) 



 

 258 

With management growingly drawing on data analysis to make decisions, allocate 

resources, and direct cops at the street-level, conflicts may arise between the exec-

utive level and line personnel, as patrol officers experience a devaluation of their ex-

perience and personal knowledge, particularly where it diverges from decisions 

based on crime analysis. Even though the statement above articulates that cops gen-

erally follow orders from their supervisors, it can be assumed that these conflicts re-

sult in officers undermining decisions made by the executive staff, as their discretion 

to make decisions on the ground is hampered due to more data-driven definitions of 

the objectives and targets of policing. Such a lack of responsiveness along with mun-

dane practices of subversion – as illustrated in the prior subchapter – necessitates 

measures that align field personnel to executive decisions, such as monitoring and 

mapping officers’ activities in the CompStat process or as with the QfE initiative. 

Hence, while crime mapping serves as a means to translate concepts of hotspot po-

licing into practice, data-driven decision-making also potentially promotes conflicts 

and alienation between line personnel and the executive level. These dynamics may 

further the rift between the organizational hierarchies of the department that Reuss-

Ianni (1983) observed following the implementation of the professional policing 

model. 

With the increasingly data-driven processes of decision-making accompanied by 

more minute and timely practices of monitoring not only urban spaces and popula-

tions but also officers’ activities, discretion is further hampered for those who patrol 

the streets. While restricting discretion may help the executive level to translate de-

sired approaches and objectives of policing down the line and hold officers account-

able to departmental strategies, goals, and procedures, it may also impair officers’ 

ability to make decision on the ground. Yet, as street-level bureaucrats (Lipsky 1980), 

cops must be able to exert discretion as they react to immediate incidents in a highly 

contingent work environment. Hence, they must react to diverse and complex situa-

tional conditions and contexts in order to make appropriate decisions. Data-driven 

decision-making must consider these dynamics and demands. Thus, police organiza-

tions must strike a balance between the use of data to drive decisions and manage 

cops on the ground and the empowerment of street-level officers to act context-sen-

sitive and rely on their professional knowledge and personal experience, especially 
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when taking into account the contingent character of data and data analysis – for 

example, based on data quality or notoriously faulty data. 

While cops must be able to make discretionary calls against the backdrop of varying 

situational contexts they encounter on tour, there is a legitimate public interest in 

holding police officers and organizations accountable for the actions, strategies, and 

policies they employ to fight crime. Democratic policing cannot only follow internal 

accountability structures and procedures; instead, police should be monitored, scru-

tinized, evaluated, and essentially controlled by the public (Eterno & Silverman 2012, 

Manning 2008). The use of data and data analysis could strengthen such democratic 

control and help to install qualified approaches of community policing. A more direct, 

proactive, and substantial oversight could exceed compliance checks regarding the 

laws and orders police operate with, instead enabling an inclusion of the public into 

decision-making processes regarding policies and strategies at various levels, ranging 

from the precincts to city-wide. 

Demands for more substantial and active control over the police seem particularly 

relevant against the backdrop of racially biased policing practices and police violence, 

which have repeatedly spawned protests against the police. Here, digital technolo-

gies that monitor cops’ activities, police strategies and policies, and police interac-

tions with communities may help to make policing practices and organizational deci-

sion-making processes more transparent and enable police accountability to the pub-

lic to foster trust. Beyond that, community policing can mobilize diverse local 

knowledge and experience that can help to improve policing and tailor it to local de-

mands. 

In this context, crime mapping and analysis may also foster a broader understanding 

of crime that considers social as well as socio-spatial factors and identifies and in-

forms actors in the realm of social work and welfare, public health, community work, 

and education, fostering cooperation between them and the police where desired 

and developing more comprehensive strategies that include educational, welfare, 

and social measures to address local issues, which are typically securitized and thus 

rendered subjects of policing (Ferguson 2017). 
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Such a de-securitization of social issues would necessitate a different, more transpar-

ent use of data geared toward public debate and deliberative decision-making at var-

ious geographical levels that integrate a larger set of actors. Here, maps and data 

analysis may serve as communication, participation, and debate tools providing a 

shared set of knowledge. Furthermore, it seems sensible to integrate further data 

and data sets that enable a critical review and evaluation of police data. While such 

an open use of police data seems far away, a glimpse of how critical discussions of 

police data function can be found in the data that the NYPD released on its stop-and-

frisk practices, which was used by various police critical groups to investigate racially 

biased stops that disproportionately targeted – and still target – New Yorkers of Color 

and the Latinx community. Data visualization played a critical role in their efforts to 

make these racially biased practices visible and foster a critical debate and protest 

against the NYPD’s use of stop-and-frisk (Allie et al. 2016, WNYC n.d., BKLYNER n.d., 

Data Collaborative for Justice n.d., Ildefonso n.d., New York Civil Liberties Union, 

2019, Shapiro & Pearman II 2017). 

Recently, the local use of crime analysis and crime mapping has been widely re-

stricted to police use and limited to or focused on crime and disorder to allocate re-

sources, brief cops, and develop crime fighting strategies and operations. Further-

more, crime analysis and crime mapping used to keep supervisors updated regarding 

current crime dynamics as well as crime numbers in relation to the CompStat process, 

which aligns local approaches and connects them to the larger picture of crime 

trends, clusters, and patterns, as well as the department’s approach of fighting crime. 

This greater picture is the subject of data analysis units and bureaus operating at the 

patrol borough and city levels. Here, units examine the dynamics in single precincts, 

while also studying clusters, trends, and patterns at higher scales and link them with 

local dynamics, strategies, and operations. Data analysis and crime mapping at the 

city-wide level are comparatively more advanced than they are at the local level, as 

this preview of OMAP shows. 

5.2.3 Crime mapping in practice: New York City from above. 

CompStat has accelerated and mobilized the processes of gathering, storing, distrib-

uting, and processing data, thus enabling the NYPD to combine data as immutable 

mobiles to make local dynamics with regards to crime, disorder, and police activities 
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visible at various levels of the department. These immutable mobiles provide a stand-

ardized knowledge that facilitates department-wide debates about crime trends, pat-

terns, and clusters, which serve as common reference points for policing and guide 

strategizing, the allocation of resources, and the development and execution of po-

licing operations. The prior chapter illustrated how data is therefore used in the 

CompStat process to translate the concepts of hotspot and broken windows policing 

into practice. Hence, data analysis in reference to the CompStat process is an im-

portant aspect of departmental crime analysis efforts. Yet even though CompStat and 

CompStat data dominate the scope of crime analysis conducted in the NYPD, data 

analysis at different levels – particularly at the patrol borough and city-wide level – 

transgresses the scope and objectives of the CompStat process. While CompStat typ-

ically refers to crime numbers at the precinct level, other departmental approaches 

identify patrol borough or city-wide trends, patterns, and clusters. Here, analytical 

efforts tend to be more refined than at the precinct level given the resources and 

level of training for the analysts involved. 

As in the precincts, crime analysis at higher departmental levels typically starts with 

analysts querying recent crime data to detect current trends. Once spikes in crime 

are identified, the respective crime data is mapped in order to visualize potential 

crime clusters. Additionally, qualitative information is drawn from the CDW to further 

explore the given trends and/or clusters by examining modus operandi information 

or the narratives provided by the crime reports from the incidents allocated to a 

trend, pattern, or cluster. This qualitative analysis is foremostly done manually or 

semi-manually by checking complaint reports and querying databases, referring to 

information drawn from the reports in order to identify additional incidents that 

might be part of a pattern or cluster using Cognos. A heightened level of automation 

has been reached in these procedures with the implementation of Patternizr, as dis-

cussed in the prior chapter. This tool supports analysis by identifying cases that po-

tentially constitute a pattern. 

Geographic analysis is an integral part of examining crime trends, patterns, and clus-

ters. For one it enables analysts to probe whether crimes cluster in certain neighbor-

hoods or areas so that they can be addressed by targeting resources; furthermore it 

allows to determine which organizational units might be responsible to address a 
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given spatio-temporal crime cluster as the following statement notes. The density 

crime map below illustrates the statement by showing an example of a density map 

or heat map similar to the ones mentioned in the statement. 

[…] [W]e utilized a software called Cognos. Cognos unified the databases 

of the entire city. It’s basically a business intelligence tool. It pulls out all 

the data into a spreadsheet model. Within that spread sheet, I want to 

extract it as a csv-file. From there I insert it as a file in the software, load 

up the sheet file and tell the computer to use a kernel density map to gen-

erate what I want to see. Like what kind of patterns do emerge. […] Let’s 

look at robberies. We want to look at which areas in the city have the 

same robbery patterns as last year. If an area has a lot of robbery com-

plaints, what does this really mean for us? What does us it mean for crime 

control? What does it mean for the local Precinct Commander? Maybe, 

we should put more resources there? So, it was a map to say: ‘These are 

your clusters, where robberies are occurring. Reassign some of your re-

sources over here to take care of this issues or what are the conditions 

permitting robberies to occur in these areas.’ 

Pol_09 (detective, former analyst, and patrol officer) 

Mapping thus supports the department’s executives in gaining a visual understanding 

of the spatial distribution of crime in the city to take actions by deploying patrol bor-

ough or city-wide teams and units or by delegating tasks down the line, depending 

on the character of the spatiotemporal clusters that have been detected. Clusters 

Figure 12: Example of a crime density map or heat map compiled from CompStat data 
(http://maps.nyc.gov). 
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may pertain to a single precinct, multiple precincts, or a patrol borough; they may as 

well be linked to patterns that consist of incidents scattered in clusters across the 

city. Their constitution and distribution may hence command collaborative ap-

proaches that tie in units and personnel from various organizational levels, for in-

stance detectives and narcotics teams operating city-wide with narcotic teams and 

patrol officers in multiple local commands where particular incidents have recently 

transpired cumulatively (NYPD Operations Order 3 1998). The dynamic and timely 

detection of patterns and their spatiotemporal distribution thus facilitates flexible 

collaborative constellations. Such constellations may be of brief nature, yet they may 

also amount to long-ranged policies. 

In 2004, for instance, the NYPD launched a pilot program that targeted specific hous-

ing developments identified as crime hotspots as outlined by the operations order 

below. 

This initiative focused additional patrol resources along with narcotic units, anti-

crime and conditions teams on specific NYCHA housing developments in the Bronx, 

which were defined as high-crime areas. Additionally, supervisory responsibilities 

were shifted to the respective precincts under the coordination of the Police Service 

Areas (PSA)6 where the housing projects were located. Furthermore, all activities and 

crime numbers in the affected precincts and PSAs were reported to the housing bu-

reau analysis unit, which conducted data integrity and compliance checks and re-

ported further to the NYPD’s CompStat unit, monitoring the initiative by tracking 

crime numbers as well as stop-and-frisk activities, summonses, and arrests. 

 
6 The term “police service area” (PSA) denotes the geographic commands in the Housing Bureau and 
hence corresponds to the term “precinct.” 

Figure 13: Operations order regarding "Pilot Program – Deployment of Personnel in Housing Develop-
ments within Patrol Borough Bronx" (NYPD Operations Order 8 2004: 1; Municipal Library, City of New 
York). 
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This pilot program shows how spatial intelligence on crime, police activities, and ur-

ban spaces is used by the NYPD to allocate resources and, if necessary, adapt organ-

izational structures in order to target specific places and spaces with policing efforts. 

This enhanced organizational flexibility, driven by data analysis, could also be ob-

served when the NYPD conducted Operation Trident. This initiative split the 75th pre-

cinct in East New York, Brooklyn, into three areas that were allocated additional re-

sources and personnel, each under the supervision of a captain designated to focus 

on the specific conditions given in the respective areas. This subdivision of the 75th 

was based on the insights of perpetual geospatial crime analysis, which suggested 

these areas as high-crime areas. Operation Trident grew out of yet another initiative 

that received much public attention and criticism: Operation Impact. 

Operation Impact was a city-wide strategy implemented in 2003. It relied heavily on 

spatial crime analysis to define high-crime areas, which were to be addresses with a 

massive police presence. With Operation Impact, local commanding officers could 

propose areas as high-crime areas, so-called “impact zones.” These proposals were 

reviewed by the department’s Office of Management and Planning (OMAP), drawing 

on geospatial crime analysis. After approval, precincts with impact zones received 

additional personnel to exclusively patrol the designated areas. Therefore, patrol of-

ficers from the last graduation class of the police academy were assigned to the re-

spective precincts and impact zones with their clearly defined borders. They were 

allocated to specific posts to provide a visible deterring police presence. Further-

more, they were required to make stops, summonses, and arrests. Hence, impact 

cops focused on enforcement activities targeting small areas in the city. 

[…] [T]he Department used to have this project Operation Impact. It was 

about resource deployment. Every time the department had a graduating 

class of the police academy the idea was: “Where do we put them? How 

do we best utilize these resources?” The biggest input in that was density 

hotspot maps. So, here is a huge concentration on crimes, let’s put some 

people out there. So that was a big part of Operation Impact. 

Pol_03 (supervising analyst at OMAP) 
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With unexperienced cops flooding sometimes very small areas of just a few blocks 

with the goal to make enforcement activities, substantial ramifications for the af-

fected communities transpired. Interviewees who were part of Operation Impact in 

the Bronx recalled that the streets were dominated by uniforms; at times, there were 

cops on every corner of a block looking to meet their activity numbers. Hence, Oper-

ation Impact encouraged illicit and aggressive policing practices that put significant 

stress on local communities in the impact zones and on community police relations, 

which were now maintained by unexperienced rookie cops working under high pres-

sure to meet activity quotas. Operation Impact received massive criticism and protest 

in the wake of the stop-and-frisk controversy as the initiative relied heavily on stops 

and other enforcement practices. Thus, during the first year of Operation Impact, of-

ficers made 32,000 arrests and handed out 376,000 summonses in 20 impact zones 

located in 19 precincts, often disproportionately comprised of Black and Latinx neigh-

borhoods (The City of New York 2004). 

Even though Operation Impact had been discontinued when I conducted my field 

work in NYC, I could observe a chilling presence of uniformed cops at multiple sites 

when I conducted on-site visits of crime hotspots as flagged by CompStat data for the 

data collection in this dissertation and when moving around the city. For multiple 

days and even weeks, the housing developments Breevort Houses and Roosevelt 

Houses in Bedford-Stuyvesant, Brooklyn, were occupied by police officers. In one 

case, the reason for this presence was a homicide that had taken place near the Roo-

sevelt Houses, and the NYPD suspecting inhabitants of the housing project to be the 

perpetrators. However, in the case of the Breevort Houses, there was no reason ob-

vious to me for the massive police presence. In both cases, each of the housing pro-

jects was surrounded by patrol cars supported by a mobile command center, one of 

which is shown in the picture below. 
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The patrol cars 

were located at 

every corner of 

the housing devel-

opments, as well 

as mid-block. Ad-

ditionally, foot pa-

trol was con-

ducted on the 

premises of the lo-

cation. Another 

spot that received massive police presence was the area surrounding the Myrtle Av-

enue subway station at the corner of Myrtle Avenue and Broadway in Bushwick, 

Brooklyn, with a heavy presence of foot patrol officers and numerous patrol cars cir-

cling the area over weeks. Here again, a mobile command center coordinated the 

activities locally. While I was not subject to any stops or enforcement action, it is clear 

that such a massive police presence, even though it is aimed at increasing local secu-

rity, may have a chilling effect on those living in or frequenting such targeted areas. 

The NYPD’s recent history of aggressive quality-of-life enforcement and illicit stop-

and-frisk activities that disproportionately target Black and Latinx populations have 

strained the relations between the NYPD the affected communities. Hence, these 

communities and particularly persons who have witnessed or experienced unfair po-

licing practices may perceive such a massive police presence as unsettling and threat-

ening, negatively impacting their experience of their neighborhoods substantially. 

That pertains in particular to those who regularly make the experience of “fitting the 

description” and thus are subject to policing activities such as stop, question, and frisk 

(Fagan & Geller 2015, Fagan et al. 2007, New York civil Liberties Union 2019, Police 

Reform Organizing Project 2013, Police Reform Organizing Project 2014, Police Re-

form Organizing Project 2015, Police Reform Organizing Project 2016, Police Reform 

Organizing Project 2018). Police presence as described above may thus impede the 

Figure 14: Mobile command center (https://bos-fahrzeuge.info 2020 / 
photo: Ondrej Tezky). 

 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened due to copyright regulations. 
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level of perceived security, instead of improving it, as police are experienced as an 

aggressive outside force. 

The example of the heavy police presence following a homicide additionally raises 

the question in how far local communities experience a form of collective suspicion, 

as they are targeted with extensive and invasive surveillance measures that are not 

based on any individualized reasonable suspicion. With Operation Impact a picture 

as outlined with the examples above was a daily experience for those living in impact 

zones. This implies the experience of a perceived collective suspicion facilitated by 

policing practices based on the spatial distribution of crime as drawn from density 

maps composed by the NYPD (Fagan & Geller 2015, Fagan et al. 2007, Ferguson 2017, 

Jefferson 2020). Hence, while crime mapping assists the department in organizing, 

compiling, and analyzing data flows, it also directs the flow of resources, enforcement 

activities, and practices of suspicion on the ground, interfering with and constituting 

the urban realm as a space of surveillance and control, which contribute to the mun-

dane perception of particular neighborhoods by their inhabitants as they experience 

police presence and measures and interact with the police. 

While Operation Impact focused on the spatial aspect of crime hotspots, it also inte-

grated temporal crime analysis. To do so. the NYPD applied dual density mapping. 

Dual density mapping compares the density of crimes in a given area over time and 

produces maps that show gradually colored-coded areas, indicating increasing and 

decreasing crime rates. For Operation Impact, crime rates were monitored and com-

pared over time to visualize crime trends. The maps were then layered with the bor-

ders of the impact zones to assess whether crime had decreased in the patrol areas 

and if crime had been displaced to adjacent streets and places. If so, patrol areas 

were adapted according to the changes detected by data comparison. 

The use of dual density maps is not restricted to Operation Impact, though. Multiple 

interviewees discussed their use at the city-wide and patrol borough levels. Dual den-

sity maps add another temporal dimension to data analysis. As mentioned above, the 

temporal aspect of crime clusters is an integral part of understanding crime. Hence, 

analysts at all levels of the department not only map crime incidents but sort them 

by month, week, day, and tour to allocate resources adequately. 
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At what time and at what day should we send cops? To specific days of 

the week, specific times of the day? And then we need to figure out if the 

offenders are changing their patterns. Are they going to stop dealing 

drugs between 10 pm and 2 am? Are they going to start dealing drugs 

between 2 am and 6 am? Because if that's the case, we need to under-

stand this again. And we need to reshift our resources. It's this constant 

back and forth between cops and bad guys and that's it. And that's when 

we get into the infamous game of whack-a-mole. That's all that crime 

analysis has become. 

Pol_02 (former supervising analyst at OMAP) 

Temporal crime analysis as illustrated by this former NYPD analyst aims at under-

standing the rhythms of crime by making them visible in order to contest them, in-

terfering with the spatiotemporal clusters that can be detected. This “game of 

whack-a-mole” sets in motion a dynamic that plays out between the measures taken 

by the NYPD and criminal activities conducted in the city.  

The NYPD utilizes crime analysis to define its concrete spaces, places, targets, and 

objectives of action by monitoring and sorting urban spaces and population. The de-

partment hence (re-)territorializes the urban by organizing, combining, and evaluat-

ing flows of data, information, and knowledge thereby carrying out the machinic as 

well as the enunciative function of the policing assemblage. These functions are in-

terlinked with the urban assemblage as they inform, facilitate, and guide policing 

strategies, operations, and practices aiming at controlling and managing urban places 

by fostering certain behaviors and activities while hampering others. 

Yet, these attempts of territorialization produce lines of flight as they are met with 

practices of deterritorialization as disorderly, suspicious, or criminal activities move 

to other places, shift in time, or change in their characteristics hence undermining, 

subverting, and contesting police strategies and practices thus necessitating adap-

tions by the NYPD, which aim to reterritorialize urban spaces and the activities carried 

out in the city. 

Data analysis supports the NYPD’s efforts to track these dynamics in order to main-

tain control over urban spaces and places, especially those which are considered as 

high risk or high crime as analysis tools visualize processes of de- and reterritorializa-

tion. Thereby, they render them subjects of knowledge and practice and create links 
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between the department and urban spaces and rhythms, individuals, groups, and 

populations. These links consist of the ability to perpetually track, monitor, and sort 

these elements and dynamics, providing the NYPD the possibility to adapt its strate-

gies and practices of exerting control. It is these links and interactions that tie the 

policing assemblage to the urban assemblage of New York City in processes of de- 

and reterritorialization – “a game of whack-a-mole” –, which contribute to the spati-

otemporal dynamics of the urban.  

These processes play out at a smaller scale in the precincts, where simple data visu-

alization and a breakdown of crime data into time charts supports tracking, sorting, 

and addressing the spatiotemporal dynamics of crime and crime fighting. However, 

the “game of whack-a-mole” is also played at the patrol borough and city-wide level. 

Here, dual density mapping monitors the rhythms of various hotspots and their 

morphing and moving over the city as they are targeted by the NYPD. 

Referring to a map similar to the one shown exemplarily below the same former an-

alyst as above stated: 

So, red areas are crime in-

creasing areas. The bluer 

an area, the more de-

creasing crime is. So, this 

kind of shows you, where 

crime is going up, where 

crime is going down. If 

you do this on a weekly 

basis, you get enough 

crime, you get enough 

trend where you can see: 

‘Okay this is red, so we’re 

going to send more cops 

out there.’ And then it's 

going to turn blue and 

then the red is going to go 

somewhere else. Because 

again, you are not going 

to get rid of crime com-

Figure 15: Exemplary map displaying geocoded data 
compared over time to visualize increasing and de-
creasing values (http://arcgis.com). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened due to copyright    
regulations. 
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pletely. None of these numbers is going to zero. So, all you can do is low-

ering crime. At the same time, you're displacing a little bit of crime as well. 

All you're doing is playing whack-a-mole. 

Pol_02 (former supervising analyst at OMAP) 

So again, analysts and executives try to understand the rhythms of crime as they 

emerge and evolve to have patrol officers, Anti-Crime Teams, or specialized units 

work against them. Thus, as these rhythms and trends are made visible, they are ren-

dered subjects of knowledge, strategizing and policing on the ground facilitating a 

dynamic that ties in the policing assemblage with the urban assemblage as it is inter-

linked with urban spaces and places, individuals, and populations, activities and be-

haviors in complex and heterogeneous constellations of seeing, knowing, ordering, 

controlling, subverting, and contesting that constitute the spatiotemporal dynamics 

of crime and disorder in the urban realm. 

These dynamics are fundamentally driven by the NYPD’s use of crime data and sta-

tistical deviations of crime numbers and distributions from a dynamically defined sta-

tistical norm, as the following statement illustrates: 

You try to either displace it or lower it. Traditionally, in policing it was 

negative to say displacement because, from a political standpoint, if you 

put cops in a neighborhood to lower crime and it goes into the next neigh-

borhood, you wouldn’t like that. But as we figured through these exercises 

of deploying officers, displacement is always a win because urban crime 

always lessens in intensity when it moves. That’s a theory called distance 

to K. So, theoretically police always like displacement. It’s politically not 

very smart to say: ‘Yes, we have displaced crime.’ But when police are 

successful in displacing crime in urban areas, it’s usually a win because 

the crime lessens in intensity when it moves. That was one of the theoret-

ical issues about Trident [The interviewee here refers to Operation Impact, 

N.C.]. We tried to move it around, scramble it around. It’s called Distance 

to K. It’s a GIS theory. […] When crime moves it almost always lessens. 

That’s nothing we knew. We found that out. Crime displacement was al-

ways viewed as a bad thing because it meant that you didn’t do anything 

about it. You just moved it. But then we found out when you move it, it 

lessens in intensity. So, if you have 10 robberies you are averaging a 

month in one place, you’d rather get rid of that problem and rather have 

5 of those robberies pop up somewhere else because it still lessens the 

amount of crime you have. Because you’re looking to always reduce 
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crime. The ideal was to get rid of crime totally, but the idea doesn’t always 

work. 

Pol_04 (former crime analyst and precinct captain) 

The reference to the distance to K method – a mathematical model utilized by GIS to 

auto-detect spatial incident clusters – shows how specific statistical and geo-analyti-

cal instruments structure the NYPD’s policing practices as they visualize distributions 

of crime hence flagging certain areas as policing targets. Such visualizations must be 

understood as contingent results of sociotechnical practices. They are dependent on 

the data that was utilized as well as on the data’s quality, on the mathematical mod-

els that are deployed to process the data – as distance to K is just one method among 

many others that might provide divergent results –, as well as on the analysts oper-

ating the GIS making decisions on data sets, scales, and thresholds that contribute to 

the concrete shape of the visualizations a GIS will generate. 

When it comes to the parameters and settings that we use, we have cer-

tain rules of thumbs or conventions that we try to stick to when it comes 

to our mapping and our output. The classic example in cartography is the 

classification scheme. There are different ways of breaking down num-

bers, how to group them and classify them. The problem with establishing 

a convention is that it is not always appropriate for all data. If you are 

mapping crimes, you may want to use a certain classification scheme. But 

if you are using another type of data that has a different distribution, you 

may want to use another classification scheme. Or if you make maps to 

compare over time, you again want to use another classification scheme. 

So, it really depends. We do have rules of thumps but we not try to force 

people to go by them. So, I don’t think it has changed. The only way to 

mitigate that, to help that you need to have talented people, well in-

formed, well educated people. That’s why training is important. Just be-

cause people know how to use MapInfo or ArcGIS doesn’t mean they know 

how to analyze data. Creating a map and creating a truthful reliable map 

are two different things. Anybody can create a map. Creating a useful one 

that tells a good story, a truthful story is another thing. 

Pol_03 (supervising analyst at OMAP) 

This statement highlights the contingencies of mapping practices that unfold in an 

interplay among, users, data, mapping methods, and software. 
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Still, these contingent crime maps play a critical role in defining objectives and targets 

of policing as they are utilized to pursue a strategy of a spatiotemporal normalization 

of crime numbers. This rationality follows the objective to fight and prevent statistical 

deviations, such as clusters and trends by addressing, moving, and dispersing 

hotspots. Consequently, statistical models and representations structure the interac-

tions between policing, crime, and urban space that are based on spatiotemporal dy-

namics and constitute them, at the same time. These interactions constitute a fun-

damentally different dynamic than was the case before the growing digitization of 

the NYPD’s surveillance and knowledge practices. While the department used to fol-

low a general approach of policing based on random patrol, rapid response, and re-

active investigations for the entire city, crime analysis now allows to monitor and sort 

urban space according to recent crime trends and their spatiotemporal distribution.  

Officers in the precincts always knew about crime heavy areas and places as well as 

local conditions in their commands. Yet, with a growing digitization there is timely, 

standardized, and mobile information that explicates spatial knowledge, allowing to 

define and track these hotspots thus installing them as primary targets of policing. 

Consequently, as the city is made visible through an oligoptical lens as a sphere of 

differentiated and dynamic risk zones, the open space of the city can be sorted and 

thus be addressed by varying policing efforts leading to a fragmented security land-

scape with so-called high crime areas receiving focused attention and being targeted 

with focused resources. The availability of timely information, data visualization and 

analysis tools, along with an emphasis on hotspot policing also increased the interest 

in exploring local conditions that may foster crime and disorder. Hence, analytical 

efforts may include the use of diverse data sets on urban conditions and environmen-

tal information in addition to crime, disorder, and activity data to identify local dy-

namics and factors that contribute to crime patterns, and clusters, and trends. 

I think it’s more nuanced now. The information is better. Nobody is going 

to deny that the cops on the beat know their areas better than the people 

in the office. But maybe now we know things like, there is crime flaring up 

at certain times of the day and the school on the other side of the street 

is letting out at certain times of the day. Or there is a subway entry over 

there that is next to a check cashing place, … We have additional infor-

mation. It’s more nuanced. We can draw different conclusions based on 
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that information. Just saying, ‘there is crime out there’, is not helpful. That 

is not actionable. By having more details about it, hopefully an action plan 

can be created about it. Hopefully. 

Pol_03 (supervising analyst at OMAP) 

This statements indicates a transition regarding the characteristics of knowledge 

practices when going from the local to the city-wide level. 

Cops in the precincts can draw on personal experience, anecdotal knowledge, water-

cooler talk, and the direct exchange with their colleagues in the precincts to form an 

understanding of local dynamics. As data analysis becomes growingly important at 

the local level this personal knowledge and experience supports cops in contextual-

izing crime data and data analysis in order to generate substantiated and operational 

insights to be utilized in the field. 

Analysts and executives at the city-wide level on the other hand cannot necessarily 

tap into the same wealth of local knowledge when looking into crime clusters or pat-

terns spanning several hotspots. Hence, they will have to contextualize data analysis 

results and crime maps by adding more information regarding the respective inci-

dents from complaint or arrest reports or by adding data layers to maps to recontex-

tualize and substantiate crime trends, patterns, and clusters that are displayed. This 

information can then be fed back into the patrol boroughs and precincts through the 

CompStat process but also through direct communication when it is considered to be 

helpful, for instance to define priorities, objectives, or targets in context of collabo-

rative operations. 

Consequently, these practices of recontextualization are dependent on the availabil-

ity of data layers fit to enrich data analysis and crime maps. As discussed earlier, the 

NYPD itself has numerous data layers at disposal. This includes crime data, 311 data, 

data on police activities as well as data on warrants, parolees, or probationers. Be-

yond this data the department also generates additional datasets itself as needed 

and procures data from outside agencies. 

[T]he layers that we have largely come from … some are internal but the 

vast majority of them come from other agencies. The Department of City 

Planning maintains a lot of information about city owned properties and 

facilities: libraries, hospitals, court houses, fire stations, and so on. Then 
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there is other data, like liquor licenses. We get that from the state liquor 

authority. They tell us where the liquor stores are. So a lot of data comes 

from external sources. Everything that needs to be licensed, we can usu-

ally get that from other entities. Sometimes we have to compile our own. 

Sometimes the data is a little sketchy. We get a couple from national ge-

ospatial agencies, from Homeland Security, houses of worship, like 

churches, and others. We have no way of knowing how up to date that 

data is. We get that every year. So we assume it gets updated but we 

don’t know. Occasionally, we try to create our own data. But that’s as 

needed. If somebody has a special request, we’ll see if we’ll find a source 

or it. So movie theaters or Broadway theaters. […] So if it comes up in a 

CompStat meeting. Like the precinct commander of Midtown South might 

say: ‘We are having a problem with robberies in front of Broadway thea-

ters.’ Then the Chief of Department will say: ‘Well, where are they?’ And 

the Captain says: ‘We don’t know. We don’t have a good map.’ And then 

we’ll compile the data. I don’t know if that’s how it happened but it’s prob-

ably the way it would happen. Then we just start doing research. Either 

online or we are sending someone out there to identify them. We would 

do research to get a list with the movie theaters, geocode them, and then 

go to the field and verify. Something like that. 

Pol_03 (supervising analyst at OMAP) 

The NYPD hence operates a large scope of data sets that provide information on the 

built environment of the urban realm as well as on socio-spatial characteristics and 

dynamics. 

This information is utilized to either develop or tests theses on crime trends, patterns, 

and clusters. In this context, they deliver standardized information that lends itself to 

discourses on crime that transcend the local level as it represents explicit knowledge 

or immutable mobiles that can be combined, visualized, and shared. To access this 

type of data, the NYPD taps into data flows provided by outside agencies thereby 

expanding the policing assemblage by linking it to the knowledge practices of exter-

nal actors. 

To achieve this interlinkage of data flows the department has attempted to techni-

cally include other agencies into its data infrastructure. In a pilot program the NYPD 

granted the Port Authority of New York and New Jersey, the Amtrak Police Depart-

ment, the NYC Department of Corrections, and the Metropolitan Transportation Au-

thority Police Department access to its omniform system in order to enhance and 
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accelerate processes of data sharing. These agencies were consequently able to add 

and access data to omniform (NYPD Operations Order 33 2012). 

Such an integration of external information does pose challenges regarding the qual-

ity of the added data. The account above mentions that data is at times “sketchy” 

and that the department has no way of checking the data accuracy stating that they 

“assume” that they receive up to date data. Moreover, when enabling data coming 

in from outside police authorities, ways must be found to ensure that there are 

shared definitions and understandings of the data categories to be filled which ne-

cessitates potentially complex and fragile processes of making harder facts that must 

cross departmental boundaries. The complexity of providing high quality data also 

becomes apparent when looking at the exemplary description of the procedures to 

generate address lists. Hence, while adding data layers provides a necessary method 

to recontextualize crime maps and data analysis it also adds contingency and frailty 

as data quality again is an important aspect to produce accurate results and conse-

quently draw the right conclusions regarding practical steps to follow up with. 

As additional data does serve to provide more complex contexts, crime mapping 

drives the department’s need for growing amounts of information, as the look into 

the CompStat process has already displayed. 

That’s probably not recent. That has started with the CompStat era. Once 

they realize that they can visualize it on a map, they go: ‘What else is go-

ing on there? What else can we visualize? What other information can we 

show?’ I think that’s constantly evolving. It happens a lot whenever they 

see something. For example, that’s not true but let’s say. I’d show the ex-

ecutives here some buildings in 3 dimensions. They’d go: ‘Oh wow. That’s 

cool. Can we map crime that way?’ I would say: ‘Sure. If we had that in-

formation. If we knew the third elevation for crime.’ That would start a 

discussion about whether we should capture that information in our re-

ports, e.g. the number of the floor a crime took place. So, once they see it, 

then they start thinking. It starts spurring the discussions and things like 

that. The more they see, the more they want, the more they use. 

Pol_03 (supervising analyst at OMAP) 

Data visualization is hence an important aspect regarding the discourses on crime 

that are conducted in context of collaboratively developing operations, strategies, 
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and policies especially at levels distant from local contexts or where multiple levels 

and units are included in processes of crime analysis and strategizing. Here, crime 

data serves as immutable mobiles that can foster and guide collaborative efforts. 

Hence, elements and information that can be mapped receive a heightened degree 

of attention in these discourses. That can spawn data collection and improve the 

availability of data in the long run, as more data is gathered and generated over time 

in order to visualize and discuss crime and to provide context to understand local 

dynamics. 

At the same time, this indicates that what cannot be mapped, visualized, or linked to 

spatial intelligence might go unnoticed or receive less attention potentially leading 

to lopsided theses and conclusions. As a result, strategies might come up unfit to 

address given conditions as the dependency on data grows. 

The first thing that comes to mind is: Midtown South is one of the high 

crime areas in the city. Whenever people look at the map they go: ‘Wow. 

That’s crazy. Why is all the crime there? That must be a terrible neighbor-

hood.’ But it’s not. It’s just one of the busiest and most populated areas in 

the city. We can’t map things like daytime population or number of tour-

ists or number of commuters. We can guess it, but we don’t know for sure. 

But that’s why Midtown has so much crime. It’s where Penn Station is. It’s 

where Port Authority is. It’s where Grand Central Station is. It’s where 

Times Square is. There are all those things that make it different, but we 

can’t map it. That’s sort of intangible. So, it’s certainly an issue. 

That’s why a reason why a lot of this works is the partnership between the 

civilian site of it and the operational uniform site of it. The academic site 

of it, they know what the theoretical issues are. The operational site 

knows the practical site. That merger makes things more useful and more 

valuable. Things going on in academia: maybe interesting, maybe not. 

Things just operationally: not so interesting. Just boots on the street doing 

their thing. It’s when you put them together when it becomes really ben-

eficial. Because they can say: ‘Oh yeah, there’s a lot of stuff going on here 

because of this,’ or: ‘Oh yeah, did you know that there was a street fair 

going on this Sunday and that’s why you have your numbers up.’ You 

know, it’s all that stuff that happens. So, yeah. I think that happens a lot 

that there’s stuff that doesn’t get mapped that plays a role and you don’t 

really know unless you talk about it. And then the map serves as a com-

munication platform. 

That’s the springboard. That’s the diving off point. Let’s see what we got 

and then how do we make sense of it. […] [T]hat’s the good thing about 
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our unit here. You know, we have some civilians here and we have some 

uniforms in this unit. So, the civilians for the most part are trained data 

analysts, data scientists with backgrounds in statistics and stuff like that. 

While the uniforms may or may not have the same pedigree they know 

policing. They know the streets. If I do a map and to me it looks right, 

because I don’t know any better. I can show it to them and a captain might 

say: ‘That doesn’t make any sense, because I know for a fact that there is 

a high school here and there is a lot of crime.’ So there is this inherent 

ground truth when you mix the academics with the uniforms. That’s good. 

That’s a good way to work. 

And some of the uniforms are extremely talented and extremely bright. If 

you show them a map with, let’s say, 911 calls, then they would say: ‘That 

seems weird. What 911s did you use?’ And you tell them and they will go: 

‘That doesn’t work, because we don’t dispatch to those.’ So there might 

be operational things that I don’t know about. And they will say: ‘If you 

eliminate those, you will see a different picture.’ And sure enough, you go 

back and do that, you will see a different picture. That’s why it’s good to 

have that grounding in operations. And that happens all the time. Because 

usually a uniform in some capacity will be reviewing it. Always. 

Pol_03 (supervising analyst at OMAP) 

This statement illustrates the contingent character of crime maps as sociotechnical 

artifacts that represent a selective de- and recontextualization of crime data, effec-

tively obscuring diverse and concrete local dynamics as they are restricted to the spa-

tial or socio-spatial aspects of crime patterns and clusters. This spatial reductionism 

necessitates the inclusion of professional experience and local knowledge in order to 

make crime maps that provide operational information. In this context, crime map-

ping becomes visible as a hybrid practice that connects various data flows and types 

of data, computing power, data inquiry tools, and GIS as well as distinct types of 

knowledge. 

In other words, the technical knowledge necessary to operate mapping software and 

prepare and utilize data, professional policing knowledge, and personal experiences 

gathered in the field are essential for contextualizing data visualizations and hamper-

ing their potentially misleading effects. Yet these hybrid practices have their limits, 

especially at higher organizational levels, which operate remotely from the precincts. 

At these levels, the knowledge of local contexts and conditions is not necessarily as 

detailed or up to date as it is in the precincts. Thus, decision-making is, to a higher 
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degree, reliant on data. This reliance increases as more data becomes available and 

data analysis is granted an integral role in departmental knowledge and communica-

tion practices and processes, as observed since the arrival of CompStat. 

Well yeah, you become dependent on this, like the map shows me where 

to go. You almost handcuff the police to a degree, because the boss says: 

'Don't go there, you going to hang out here for six hours.’ And then: 'But 

boss, I know there is stuff happening over here.' But: 'No, the map says 

here.’ The minute you become data-driven, you become dependent on 

your data and if you have crappy data or it's not analyzed properly or you 

don't have the right data, then you're putting all your eggs in the wrong 

basket. 

Pol_02 (former supervising analyst at OMAP) 

While data analysis may foster evident-based strategies and operations, it also bears 

the risk of providing information that is widely considered as reliable and valid for it 

has undergone processes of making harder facts, thus ignoring the contingent char-

acter illustrated in this statement or even effectively hiding it. In this case, data, data 

visualization, and data analysis may function as black boxes. They provide infor-

mation that is utilized to guide and structure departmental knowledge practices, yet 

the assessment of the validity of this information is at times difficult, for the contin-

gent practices of generating and processing data are not necessarily clear. While the 

account above demonstrates a critical assessment regarding data quality, reliability 

of data, and the potential problems posed by ill-informed analytical practices, the 

same interviewee also states: 

I think police departments are getting more and more dependent on tech-

nology, which has its pros and cons. It's good because data typically is not 

biased. In NYC where we have the whole racial profiling and stop and frisk 

issue. For maps, that's the data talking. So, if you're neighborhood comes 

up all red, don't call me a racist. If it's done properly, you don't take gen-

der, race, and age and all of that stuff. You're just looking at dots on a 

map. It could be crime, it could be asthma cases, the number of water 

fountains, whatever. It's just dots on a map. The map is not racist. The 

process is not racist. 

Pol_02 (former supervising analyst at OMAP) 
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This account indicates that trust in data is relatively high, even among individuals 

trained in data analysis and who know about the fragile character of data quality. Yet 

police data is widely considered trustworthy. Moreover, as data and data analytics 

have been installed as organizing principles and reference points with Compstat serv-

ing as an obligatory passage point regarding departmental knowledge practices data 

cannot be circumvented in decision-making processes. Nevertheless we have seen 

how complex the practices that make up data collection, data generation, data anal-

ysis , and data utilization are and how they are hampered in many ways in mundane 

knowledge practices. 

Beyond that, the account above shows the difficulties of assessing the value of data 

and scope of theses and statements it creates. For example, the interviewee under-

scores that data is not biased but rather objective – “just dots on a map”. However, 

it must be highlighted that crime data foremost reflects policing activities and report-

ing habits. It thus incorporates implicit biases that can be found in policing policies, 

strategies, and practices as the police target specific neighborhoods, populations, 

and behaviors (Bennett Moses & Chan 2018, Ferguson 2017, Jefferson 2020, Kauf-

mann et al. 2019, Lum & Isaac 2016, Richardson et al. 2019, Selbst 2017). 

Examining police data in NYC, Black and Latinx neighborhoods and populations are 

regularly and significantly overrepresented when it comes to enforcement and stop-

and-frisk activities (Fagan & Geller 2015, Fagan et al. 2007, New York civil Liberties 

Union 2019, Police Reform Organizing Project 2016, Police Reform Organizing Project 

2018). As these areas and communities are subject to more rigid policing activity, 

they also become overrepresented in police data. Consequently, these areas are 

more likely to be flagged as risky by crime maps, initiating heightened police atten-

tion that – in the case of New York – accompanies intensified enforcement strategies. 

Still, data is often perceived as neutral, since data analysis practices effectively ob-

scure and thus tech-wash the biased policing practices they are based on, resulting 

in Black and Latinx communities and neighborhoods being further targeted with ag-

gressive enforcement strategies. Such distorted policing practices then yield the ef-

fect of minority neighborhoods being underserved and overpoliced based on and le-

gitimated by crime data analysis. 
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The problem of data and analysis tools functioning as black boxes grows as GIS be-

come more advanced, being now able to conduct more complex analytical functions, 

statistical tests, and data visualizations. 

I can see that going either way. To a lot of people, the advantage of soft-

ware is that a lot of it is obfuscated from the user. They don’t need to 

know what’s going on. And they don’t want to know. It goes both ways. If 

you have an informed user, that’s fine. You trust them to make the right 

decisions to put parameters and things like that. If they are not informed, 

you don’t want to give them too much control, because then they could 

add parameters that are not reliable or that don’t make sense. So that 

could be potentially dangerous. I can see that going either way. I know 

that from a developer’s perspective, they always say that you should ob-

scure as much as possible unless it’s an advanced user. […] That’s a big 

problem. You see these tools coming out, new releases of software with 

additional tools and additional functionalities and they might not be ap-

propriate for this type of data. Just like when you do regression analysis, 

there are certain assumptions that need to be met. Your variables need to 

be independent. There needs to be normal distribution. Things like that. If 

you don’t understand your data to check these assumptions, your whole 

analysis is flawed. And if these tools come out and the users can’t see 

these assumptions or they don’t know about them, then your analysis is 

probably not going to be that good. 

Pol_03 (supervising analyst at OMAP) 

The more advanced such (semi-)automated functions of data analysis become, the 

harder it is to comprehend the mathematical models and assumptions, theories, and 

theses they incorporate as they process data. Hence, with the growing capabilities of 

GIS, the requirements for data analysts become more advanced as well, as their tech-

nical know-how needs to keep pace with technological progress. This demand per-

tains to the ability to operate GIS in order to receive reliable and valid outcomes and 

their understanding of the data sets and statistical models they utilize in order to 

ensure the accurate interpretation of the results that data analysis produces. Hence, 

the growing functional complexities that GIS integrate do provide more refined re-

sults, which may lend themselves to a deeper understanding of the emergence and 

distribution of crime and regarding the socio-spatial dynamics that contribute to 
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crime. However, they also foster a growing fragility of sociotechnical knowledge prac-

tices as they become increasingly susceptible to error. 

Furthermore, with GIS running more complex data analysis it will be more difficult to 

have the results reviewed by uniformed members who have no exhaustive training 

in data analytics but rather provide operational knowledge and experience. As the 

statistical models that produce crime maps become more complex it is harder to in-

terpret and comprehend the theses they suggest, hence they might provide more 

prolific insight, yet they might therewith forfeit their operational value as they can 

hardly serve as a shared set of information in collaborative knowledge practices that 

involve operational staff and executives in processes of strategizing and decision-

making. 

So, what usually happens, the normal workflow is, that somebody would 

make a request. Maybe the Commissioner’s Office, maybe the Deputy 

Commissioner of Operations, whoever. They say: ‘We want to look at x, y, 

z.’ Somebody from this office (interviewee’s office) will pull that data 

down from the Crime Data Warehouse and depending on the question, 

either bring it into GIS and do some mapping and analysis or bring it into 

SPSS or R and do some analysis, maybe both. It depends on the question. 

With that said, though, a lot of what we are doing here is of reporting 

nature. It’s ‘how many crimes per precinct’, ‘what’s the difference in this 

precinct to last year’, … Historical trends or things like that. There’s not a 

lot of analysis going on like ‘is this statistically significant’ or things like 

that. And the reason why that is, I think, operational it’s just not im-

portant. They don’t really care. They want to know where it is now, what’s 

my problem, how do I solve it? The significance, the robustness of the 

analysis is less important, from an operational standpoint. You have to 

remember, this is operations driven. It’s not academia. So, they are less 

important with that. Could we do a better job? Probably. But I don’t think, 

there’s the bandwidth to do it. We don’t have people sitting around with 

extra time to write research papers. 

Pol_03 (supervising analyst at OMAP) 

Here again, the interviewee highlights that the data analysis efforts typically con-

ducted are rather simple, even though the functionalities of GIS and additional appli-

cations would allow for more sophisticated analytical endeavors. This underutiliza-

tion is explained by a lack of resources, but more importantly the question is asked 
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which sort of analysis is ascribed the qualities to provide information that is useful in 

departmental knowledge practices that demand information, which is operational 

and actionable and can be translated into policies, strategies, operations, and orders, 

guiding cops in the field. In this context, simplicity and comprehensibility are pre-

ferred over the statistical validity or “robustness”. Hence, instead of being tested by 

statistical models, the assumptions, insights, and theses gained through data analysis 

and visualization, such as crime maps, are rather tested by the eye test in conversa-

tions that include maps, analysts, and uniforms to produce operational information 

and knowledge that ties together data analytics, professional knowledge, and expe-

rience. 

Crime maps must thus be understood as communication platforms compiled by hy-

brid knowledge practices that combine various data sets, technologies, and types of 

knowledge. As immutable mobiles, they guide departmental discourses on crime, the 

city, and its population. Thereby, they provide durable yet flexible links to the spaces, 

dynamics, persons, and groups they monitor, presenting the possibility to sort urban 

spaces, populations, and dynamics to define subjects of policing. As subjects of polic-

ing, they are addressed with differentiated policing measures to control spaces, 

places, persons, groups, behaviors, and activities. Hence, crime maps tie in and or-

ganize material and enunciative functions of the policing assemblage, linking them to 

the urban assemblage as they provide timely information for conducting processes 

of monitoring and sorting the urban. They thus present operational information as 

compared to strategic information, unlike the crime statistics delivered prior to a 

comprehensive digitization of the NYPD’s surveillance and knowledge practices. As 

crime maps contribute to processes of monitoring, sorting, and differentiated polic-

ing, they guide rationalities and practices of exerting social control that shape the 

urban assemblage as an oligoptical, fragmented security landscape. 

As of late, the shift from strategic information to operational information has been 

extended by a technology and policing approach that promises distinctly future-ori-

ented knowledge for controlling and preventing crime: predictive policing. 
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5.2.4 Taking the next step: Predictive policing in New York City 

Modern governmental rationalities and programs have long utilized statistics to re-

duce the complexities and contingencies of open futures by identifying perpetuating 

patterns and regularities, thus rendering them governable. Hence, modern govern-

mentality has always been, to a degree, risk-based and future-oriented. That is also 

the case for the field of policing. Yet the recent digitization of knowledge practices, 

as can be observed with CompStat and crime mapping, has translated this strategic 

future orientation into an operational knowledge that fosters the exertion of risk-

based and future-oriented rationalities through mundane policing practices. Predic-

tive policing extends this avenue by growingly automating the evaluation of data to 

forecast risks of crime. 

Predictive policing approaches can be discerned into person-based and place-based 

concepts. The person-based predictive policing applications generate risk scores for 

individuals to either commit a crime or be the victim of a crime, while place-based 

data analysis tools of predictive mapping calculate risk scores for specific geogra-

phies, sorting them by their probability to take particular offenses. The latter ap-

proach is the focus of the following subchapter. 

Place-based predictive policing can be differentiated into methods that draw on crim-

inological theories of near-repeat and routine activity or, alternatively, methods 

based on the idea of criminogenic places. The prior method examined crime data to 

identify series of crime and calculates risk scores for the surrounding areas once a 

series is detected. This approach is based on the idea that areas where crimes that 

are linked with each other have occurred are likely to be the sites of further crimes 

of this sort, as the series continues in nearby areas. The concept of risk terrain mod-

eling, however, examines spatiotemporal clusters of crime and statistically checks 

whether certain elements of the urban environment are characteristic for a hotspot 

or multiple hotspots. If typical features are identified as allegedly attracting or gen-

erating particular offenses, urban areas that include these features will be flagged as 

risky. Urban spaces are hence assumed to exhibit a criminogenic character regarding 

specific offenses that can be statistically identified (Caplan & Kennedy 2016, Kauf-

mann et al. 2019, Kennedy et al. 2011, Perry et al. 2013). Crime prediction software 
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growingly merges these distinct approaches of near-repeat and routine activity the-

ory with assumptions derived from the risk terrain modeling concept. 

Examining the NYPD’s practices of generating spatial, spatiotemporal, and socio-spa-

tial knowledge to govern crime and disorder, it becomes clear that predictive policing 

is a continuation of established police knowledge practices. This continuation is char-

acterized by a growing delegation of analytical tasks to software agents. Analysts in 

the department typically look into crime trends and clusters to then draw additional 

data from various databases to further explore these trends and clusters. The goal is 

to identify trends, patterns, and clusters to address them with focused policing ef-

forts, including patrol, investigations, and special operations, thus disrupting the 

emerging crime dynamics and preventing them from stabilizing and potentially ex-

panding, as patterns and clusters are considered to persist in absence of a police re-

sponse. Predictive policing tools integrate growing amounts of data and increasingly 

diverse data sets by automating and accelerating the processes of data inquiry and 

evaluation, promising to achieve a higher predictive accuracy and analytical efficiency 

compared to time-consuming practices of manually or semi-manually assembling and 

evaluating data, maps, graphs, statistics, and reports. 

Furthermore, while the use of crime maps to identify clusters and allegedly crimino-

genic characteristics of urban spaces is reliant on the eye-test, predictive mapping 

applications run automated statistical tests regarding not just proximity but also the 

causality of the links between urban spaces and crime patterns. This statistical testing 

may foster more reliable and valid results, yet it remains a spatial reductionism that 

measures distances and counts and compares urban environmental features close to 

criminal incidents. The integration of these features is based on their availability as 

geocoded data layer and on decisions of operators who usually select layers to be 

analytically included that they assume to be relevant. 

Beyond that, predictive mapping may circumvent or hamper the utilization of profes-

sional experience and local knowledge as the processes that generate risk scores are 

often opaque and comprise a complex interplay of algorithms and statistical models 

that are not necessarily comprehensible and interpretable by users. They essentially 

must trust the analytical outcomes of a software that operates as a black box. It is 

hence harder to critically assess the data analysis results and link them to professional 
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experience and local knowledge. Furthermore, results that extrapolate historical data 

into the future by running algorithmic models may be harder to challenge, as their 

accuracy can only be evaluated in the future, while crime maps such as dual density 

maps can be reviewed by uniforms to approve or discard their validity with respect 

to recent events, practices, or policies (Bennett Moses & Chan 2018, Ferguson 2017, 

Jefferson 2020, Kaufmann et al. 2019, Lum & Isaac 2016, Richardson et al. 2019, 

Selbst 2017). 

Predictive policing tools and their increasing complexity – as compared to GIS – fur-

ther exacerbate the problems of the data quality, contingency, and opacity of crime 

maps. When applying predictive analytical tools, analysts must make numerous de-

cisions regarding the selected data sets, spatial benchmarks, choices of scale, and 

statistical thresholds in order to have the software produce crime projections. These 

decisions are effectively obscured by the results of the software, which presents out-

comes that are typically considered an evident fact, while it is the result of contingent 

sociotechnical practices. 

Furthermore, complaint data delivers the core categories for predictive analyses. This 

data, though, is notoriously flawed due to its inherently fragmentary character, erro-

neous data gathering practices, illicit and biased policing activities, and manipulation. 

Furthermore, complaint data is by its nature preliminary, as it is merely the starting 

point for criminal investigations. Still, it is regularly used to run predictions. This in-

herently flawed character of police data is particularly problematic where racially bi-

ased practices of policing are translated into crime data, then tech-washed as they 

are algorithmically combined with additional data yielding racially skewed results 

conceived as neutral hence legitimating and perpetuating policing practices that dis-

proportionately target minority neighborhoods, as they are likely to be flagged as 

particularly risky (Bennett Moses & Chan 2018, Ferguson 2017, Jefferson 2020, Kauf-

mann et al. 2019, Lum & Isaac 2016, Richardson et al. 2019, Selbst 2017). 

Despite these difficulties regarding the opacity of predictive mapping, despite the 

demanding requirements that predictive mapping tools pose regarding the quality of 

data, and operators’ abilities to operate the software and interpret its results, and 

despite inconclusive evaluations of the effectiveness of policing strategies that are 

based on predictive mapping (Babuta & Oswald 2019, Bennett Moses & Chan 2018, 
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Gerstner 2018, Meijer & Wessels 2019), predictive tools and policing approaches rep-

resent a swiftly proliferating technology and policing concept that is picked up all 

around the world, including NYC. 

In 2016, during the fieldwork for this dissertation, the NYPD started a pilot program 

that would allow three predictive mapping vendors to generate predictions for vari-

ous types of crime in selected precincts for 45 days to demonstrate their predictive 

and operational value. These vendors were PredPol, KeyStats Inc., and Azavea, with 

its HunchLab software.7 The NYPD refrained from working with any of the software 

providers following the trial runs. Instead, the department decided to further develop 

its own prediction software tailored to its specific needs. This proprietary software 

had already been programmed before the pilot started and was tested against the 

department’s hotspot data, then later against the performances of the vendor’s ap-

plications. 

Due to the recency of the pilot program at the time and of the NYPD’s initiative of 

programming its own software, the department’s predictive practices were hardly a 

subject of the interviews conducted for this dissertation. Yet the documents that the 

NYPD had to release following a FOIL request and sustained litigation by the Brennan 

Center For Justice (Brennan Center 2020) provide some insights into the depart-

ment’s objectives and the sociotechnical practices of predictive mapping, at least 

with respect to the software provided by the vendors listed above. These documents 

contain memoranda, email communication between the NYPD and the pilot partici-

pants, internal presentations by the NYPD, vendor presentations and promotional 

material, questionnaires completed by the vendors, and more. 

The NYPD tested the predictive software primarily to evaluate the possibilities of in-

creasing its efficiency of resource deployment. The goal was to produce more accu-

rate projections of where and when crime will most likely occur as compared to 

hotspot mapping. The NYPD envisaged installing crime forecasting applications at all 

levels of the department, enabling analysts in the precincts, patrol boroughs, and 

city-wide to produce crime forecasts. As seen above, crime mapping has already fol-

lowed an inherently future-oriented rationality before predictive policing tools were 

 
7 Azavea sold its HunchLab product to ShotSpotter Inc. in 2018 (ShotSpotter 2018). 
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developed and marketed. Crime maps as utilized by the NYPD were deployed to 

equip commanders with information to enable them to make informed assumptions 

regarding not only the current but also future occurrences of crime. Thus, there was 

a predictive moment to crime mapping before the term was coined and used for mar-

keting purposes by vendors of predictive policing applications. Consequently, the 

predictive and future-oriented approach advertised with predictive policing is not 

new but a refined version of crime mapping. Yet it represents a significant shift, as it 

runs on growingly complex algorithmic models and delegates growingly complex 

tasks to software agents, therefore altering the distributed agency of police surveil-

lance and knowledge practices. 

The NYPD developed multiple predictive algorithms, starting with a comparatively 

simple approach that merely processed complaint data based on the near-repeat the-

ory. The department used crime maps dividing the city into a grid of cells measuring 

500ft by 500ft each (app. 150m x 150m). Crime data was then analyzed by spatial and 

temporal proximity to identify incident series and their risk of continuing in the re-

spective grids at certain times. To receive risk scores for the grid cells, the NYPD used 

historical crime data from 18 months to train the algorithms, then pulled complaint 

data from various 28-days periods to run predictions for the coming weeks. The pre-

dictions marked ten boxes per precinct and platoon projected to most likely experi-

ence crimes, broken down by index crime categories excluding rapes and adding 

shootings. 

These boxes were then compared against the hotspot visualizations of the historic 

data of the predicted periods. The comparisons showed that the predictive algorithm 

was more accurate than historic 28-day hotspot data; at times, it demonstrated large 

differences of increased accuracy depending on the distinct crime categories. Fore-

casts were less precise, though, than 365-day hotspot visualizations. While the initial 

predictive algorithm solely utilized data of crime type, crime location, and time of 

occurrence, the next model predicted shootings by integrating a broader data set 

that entailed seasonality, modus operandi information, 911 call data, and a machine 

learning algorithm that automated the weighting process relating the distinct data 

points. This more complex model outperformed the initial predictive algorithm based 

on the department’s evaluation score of the percentage of total crimes to appear in 
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predicted boxes. It furthermore received significantly more accurate predictions than 

a 28-day hotspot map. The presentations did not display, though, how the advanced 

algorithm compared to the 365- or 730-day hotspot maps, which typically achieve 

high accuracy rates (Levine 2015). 

The next steps the NYPD intended to take regarding the development of a crime fore-

casting algorithm, as outlined in an internal presentation, indicate that the depart-

ment planned to integrate more data into its predictive mapping tools by grabbing 

key words from complaint reports, generally using 911 data, and including further 

databases into the predictive model. While adding data may increase predictive ac-

curacy, this improvement can only materialize with clean data sets and well-trained 

algorithms. Hence, the NYPD scratched any complaint records with bad geocodes, as 

well as any complaints reported at precinct desks, which supposedly skew forecasts. 

More complex data sets and algorithms, as envisaged by the NYPD, oftentimes ham-

per algorithmic transparency and interpretability, essentially having complex algo-

rithms function as black boxes (Levine 2015). Hence, it is surprising that the depart-

ment decided to add complexity as an NYPD presentation states that “black-box al-

gorithms are not compelling for CO’s” (Levine 2015). Consequently, the presentation 

suggests to possibly opt against external solutions and develop one’s own algorithms, 

instead. However, just because a software was developed in-house does not neces-

sarily make its processes and decisions more comprehensible for users on the 

ground. 

Furthermore, documents show that the operational value of predictive maps varies 

by crime category. Hence, the NYPD excluded rapes from its predictive tests for it is 

“rarely visible by patrol” (Levine 2015). Even though most rapes are committed within 

the private realm, this decision poses the general question of how the inclusion or 

exclusion of certain offenses in predictive maps affect the attention that the distinct 

crimes or disorder categories receive as predictive maps may bear the risk of not just 

overfocusing resources on certain areas but also on certain crimes while neglecting 

others depending on their mapability and ascribed predictability. 
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It is clear, however, that the NYPD considers using surveillance tools on their patrol 

personnel to restrict officers discretion to ensure that resources are effectively de-

ployed to target areas marked as at risk. Hence the department, looks at the idea to 

include data on the time of patrol cars spent in risk cells using real time tracking de-

vices to guide patrol activities in alignment to executive decisions based on predictive 

mapping (Levine 2015). 

This ongoing refinement of its proprietary algorithms finally put the NYPD in the po-

sition to launch its predictive mapping tool by integrating it into the DAS. Here, pre-

cinct commanders and additional authorized precinct staff can run predictions for 

various types of crime for the coming week. The crime categories include shootings, 

burglaries, felony assaults, grand larcenies, grand larcenies of motor vehicles, and 

robberies (Levine et al. 2017). Therefore, they can select grid maps ranging from 

500ft by 500ft to 5,000ft by 5,000ft (ca. 150m x 150m to ca. 1,500m x 1,500m) that 

mark grid cells at highest risk of taking a specific type of crime. These maps are meant 

to support local commanders in making decisions on how to allocate resources. 

The department highlights that predictive maps are just a tool for captains to esti-

mate future crime trends. The software is not aimed at supplanting their knowledge 

and experience (Horgan 2016). Yet, as the predictive algorithms appear to entail mul-

tiple data flows that they link, weigh, and relate in order to produce risk forecasts, 

their results might be difficult to interpret, assess, and possibly challenge as the soft-

ware runs as a black box that provides an outcome that is likely to be trusted just like 

crime maps. However, the accuracy of such predictions, let alone the efficiency of 

prediction-based policing, is hard to evaluate, as factual crime occurrences might be 

affected by police interventions. 

Also, the question arises in how far predictive maps will be integrated into the 

Compstat process. If they will be treated as an obligatory tool to use and if their re-

sults will be discussed as necessary targets of policing in the precincts, then predictive 

maps will gain significant authority in decision-making processes as we have seen 

with crime trends, patterns, and clusters that Compstat establishes as an obligatory 

passage point within the department’s surveillance and knowledge practices. With 

data analytics gaining traction against the backdrop of policing approaches – such as 
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evidence-based policing, intelligence-led policing, predictive policing, or precision po-

licing – this development seems to be likely; thus, it becomes crucial to ask how pre-

dictive analytics are connected to police decision-making processes. 

Although the department intensified its efforts to develop its own predictive mapping 

algorithms as it was cautious regarding the transparency of external software solu-

tions as well as regarding their adaptability to the NYPD’s specific demands and data 

protection issues when storing crime data on external servers, it still decided to invite 

three vendors to a no-cost pilot program in order to compare various approaches and 

technologies with respect to their predictive accuracy. Even though the NYPD ulti-

mately decided against implementing an external software solution, the documents 

available from the pilot program permit an interesting glimpse into the sociotechnical 

practices and processes of gathering and processing data as conducted through pre-

dictive mapping tools. 

The NYPD’s ground rules for the vendors competing in the pilot program differed 

from the benchmarks and guidelines the department applied to evaluate its own al-

gorithms. Consequently, while these obligatory guidelines were supposed to ensure 

a fair competition among the participants, their divergence from the NYPD’s proce-

dures limits their comparability with the department’s results. The vendors received 

multiple years of historical crime data from the NYPD to train their algorithms and 

were allowed and encouraged to request additional data layers from the NYPD for 

their analysis. For the trial predictions, the companies were provided with recent 28-

day crime data to run crime forecasts. With this analysis, all participants had to mark 

ten boxes of 300ft by 300ft (app. 90m x 90m), or as many boxes as necessary to cover 

1% of the land mass, which were most likely to experience crime per the selected 

precinct and patrol borough for the following week. The grid was a static grid identi-

cal for all vendors and designed by the NYPD. Predictions had to be delivered for in-

dex crimes excluding rape but including shootings. Additionally, predictions for all the 

crime categories combined had to be made. 

Comparisons among the participants’ results were made only regarding the predic-

tive accuracy, using the predictive accuracy index (PAI) (NYPD 2016b). This index 

measures the percentage of crime that occurres in the grid cells flagged as high risk 

in relation to the total number of respective crimes in the territory to be analyzed 
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(Mohler et al. 2018). Examining the documents provided by the NYPD, HunchLab and 

PredPol slightly outperformed a 28-day hotspot analysis while achieving less accuracy 

than a 365-day hotspot visualization. KeyStats’ algorithms, however, merely per-

formed better than a random guess (NYPD 2016b). These varying results are based 

on the distinct algorithmic models and their interactions with the given data and 

mapping material, as well as the guidelines given by the NYPD. 

Of the competitors, PredPol utilizes the apparently simplest algorithms. Like the 

NYPD’s early predictive models, PredPol fully relies on the near-repeat theory. There-

fore, the company applies algorithms stemming from a model used for earthquake 

aftershock predictions, the ETAS, to map the historic dynamics of crime distribution 

in a given area, which they then use as the backdrop to identify high-risk zones. To 

do so, they solely process data on crime type, crime location, and the day and time 

of crime occurrence. The algorithmic model searches for crime patterns in this data 

by relating spatial and temporal distributions of crime to identify certain incidents as 

main events, which are understood to have triggered further crime occurrences and 

are anticipated to continue. Looking at the spatiotemporal patterns of the related 

incidents, it will calculate grid cells at risk of experiencing crimes (PredPol 2015a, 

PredPol 2015b). The picture below presents three test predictions PredPol provided 

for the NYPD. 

 

Figure 16: Test predictions PredPol has presented to the NYPD, showing predictions for multiple pre-
cincts in Manhattan over three platoons (PredPol 2016). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened due to copyright regulations. 
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PredPol withdrew from the pilot program early, as the email communication be-

tween the NYPD and the company shows. PredPol argued that the rigid grid the NYPD 

had designed impaired the accuracy of their predictions, as their software is designed 

to produce adjustable grids – 500ft by 500ft by device – that shift according to the 

spatial distribution of calculated risk. A static grid hence lowers the forecasts’ PAI, 

resulting in a competitive disadvantage. As the NYPD was not willing to change the 

competitive rules, PredPol decided to terminate its participation in the pilot program 

(Castro 2016, NYPD & PredPol 2016). 

This conflict once more displays the fragility of sociotechnical knowledge practices in 

the realm of data analysis. Data analysis is dependent on data generation, gathering 

practices, and quality, but also on the availability of high volumes of reliable and valid 

training data. Furthermore, the interactions of algorithmic models and spatial visual-

izations have a significant impact on data analysis results, be it grid size, the dynamic 

or static character of visualizations, or conflicts between organizational borders of 

geographic commands and grid cells, which may lead to skewed representations of 

risks or a diminished operational value of maps. Establishing and maintaining func-

tioning data flows and interactions between databases, data analysis tools, and data 

visualizations is thus not a trivial task but rather constitutes the contingent and po-

tentially fragile sociotechnical practices of aligning actors, activities, and data flows 

prone to errors and malfunctions, therefore undermining the building of durable as-

semblages capable of attaining the goals and objectives they are were established 

for. Data analysis is hence a contingent and fragile process.  

Had PredPol been chosen as software provider, the company would have installed 

grids and parameters in a way that promised the best possible results, yet analysts 

must operate the software, making decisions and tweaking parameters as they do so, 

thus producing concrete analytical outcomes which are then potentially hard to in-

terpret and difficult to assess for accuracy. Consequently, analysts must have an elab-

orate technical and methodological knowledge to understand the limitations, risks, 

and results that certain decisions regarding setting single parameters when operating 

the software yield. Thus, PredPol highlights the role of analysts; they underscore in 

their documents that predictions must be cross-checked and substantiated by ana-

lysts and experienced cops (PredPol 2015a, PredPol 2015b, PredPol n.d.). However, 
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this integration of experience and local knowledge grows more difficult as data anal-

ysis becomes more complex and anticipates future risks rather than displaying his-

toric events, hence making it tough to challenge the predictive outcomes and their 

operational value before crime forecasts materialize. 

This growing complexity becomes more apparent when looking into the predictive 

software offered by KeyStats and Azavea. Both providers combine concepts of near-

repeat theory, routine activity theory, and risk terrain modeling. Additionally, they 

draw on demographic and environmental data to calculate risk scores, which are then 

attributed to adjustable grid cells covering a given terrain – in the case of the NYPD 

pilot, the grid provided by the NYPD. Neither of the vendors reveal the exact algorith-

mic decision trees they compiled and developed to forecast crime. Yet, both firms 

requested or proposed various data sets to use in addition to the crime data provided 

by the NYPD, which imply the assumptions and information their analytical processes 

integrate. 

According to their data request, KeyStats assumes that the crime risk of certain 

spaces is defined by “time and location, individuals predisposed to crime, and an en-

vironment that enables crime” (KeyStats 2015a: 1) Consequently, the company 

wanted to capture these dimensions with the data they had assembled, resulting in 

a very diverse set of data that KeyStats envisaged to obtain and process (KeyStats 

2015b: 2-7): 

• Crime data 

o Type of crime 

o Location of crime 

o Time and date of crime occurrence 

• Data of “risk individuals” at block group level 

o Number of parolees and number individuals on probation 

o Number of Parolees and number of individuals on probation by type of past 

offenses 

o Average number of past offenses 

o Average time since last offense by type 

o Duration since last offense 

o Average frequency of past offense by type 

• Risk geographies at block group level over the last year 

o Demographic information (age, sex, etc.) 

o Ratio of income to poverty level 
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▪ Median income 

▪ Places of birth 

▪ Residence last year 

▪ Journey to work (means of transportation to work) 

▪ Population under 18 years of age 

o Household type by relationship 

▪ Receipt of Supplemental Security Income (SSI), Cash Public Assistance In-

come, or food stamps 

▪ Family type and age of own children under 18 years of age 

▪ Household type by tenure 

▪ Household type by household size 

▪ Multi-generational households 

o Marital status 

▪ Median age at first marriage 

▪ Marriages ending in widowhood 

▪ Divorces last year 

▪ Median duration of current marriage in years 

o School Enrollment 

▪ School enrollment by level of school for the population of three years of 

age and older 

▪ Poverty status in the past 12 months by school enrollment and level of 

school 

o Educational attainment for the population 25 years of age and older 

o Household language by household limited English speaking status 

o Poverty status 

▪ Median household income 

▪ Public assistance programs 

▪ Per capita income. 

This set of data clearly bears the risk of disproportionately flagging poor minority 

neighborhoods as at risk of crime. Large portions of this data explicitly capture char-

acteristics indicating migration histories and ethnicity as well as social and educa-

tional status. Furthermore, numerous data categories serve as proxies for race and 

social status, such as information on household characteristics and educational sta-

tus. In this context, the following exemplary model of KeyStats’ algorithmic decision 

tree to predict speeding offenses indicates that ethnicity and diversity indices may 

serve as risk factors indicating higher levels of crime. 
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Figure 17: Exemplary algorithmic decision tree for maps predicting speeding occurrences (KeyStats 
2015b). 

As KeyStats widely relies on the demographic, social, and racial make-up of urban 

spaces to calculate crime risk, its models are fit to reproduce and tech-wash racist 

and classist assumptions regarding the emergence of crime as well as racially skewed 

crime statistics as they translate them into practice. Consequently, KeyStats’ algo-

rithms seem to bear a high risk of fostering, perpetuating, and legitimating racially 

biased policing practices that disproportionately address poor minority neighbor-

hoods and communities. 

In addition to generating risk scores by processing the data listed above, the company 

offers predictive policy assessments by projecting the costs of certain policing strat-

egies and their effects on crime rates. For these assessments, KeyStats requests, 

among other information, the respective commands’ patrol budgets, the number of 

patrol officers and patrol cars, the average years of experience of patrol officers, av-

erage number of arrests made annually, and average number of complaints filed an-

nually to produce assessments as displayed in the graphs and tables below. 
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Figure 18: Exemplary graphs and tables to display the efficiency of prediction-based policing strategies 
and deployment of patrol officers (KeyStats 2015b). 

These large and diverse – yet sketchy and selective – data sets again draw attention 

to the question of data quality as the up-to-dateness and accuracy of such data are 

potentially hard to ensure and assess. At the same time, KeyStats’ model seeks to 

combine data relating to various distinct geographic scales, posing the question of 

how the aggregation of data may affect its validity and explanatory value. This ques-

tion is also reflected in the company’s request for data at the block level, which is 

different from the grid provided by the NYPD. 

KeyStats’ algorithmic decision tree includes, relates, and weighs manifold data sets 

and to capture a fuzzy and complicated social world, as the algorithms are aimed at 

re-modeling complex social dynamics ranging from crime incidents over marital sta-

tus, ethnicities, class structures, household sizes and types, age groups, infrastruc-

tures, organizational resources, and qualification levels. As such complex equations 

culminate in single risk scores, they effectively obscure the complexities and contin-

gencies, assumptions and theories they are derived from. This lack of algorithmic 
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transparency limits the interpretability of crime predictions and therefore the trans-

parency of decision-making processes, as predictions are integrated into strategizing 

and crime fighting. 

Also, the low accuracy levels KeyStats achieved show that algorithmic modeling can 

hardly reflect such complex social dynamics and highlights the limits of predictive 

mapping. Yet, the challenges of linking and aligning various flows of data in order to 

create sustainable interactions among data sets, databases, data analysis, and data 

visualization tools to make them act collaboratively become obvious in the task of 

not only creating risk scores but also translating them into useful visualizations. Email 

communication between KeyStats and the NYPD shows that the company failed mul-

tiple times to deliver the agreed-on amount of predicted risk cells, as they were not 

able to fit their data to the grid the department had provided (NYPD & KeyStats 2016 

email). This problem resembles the challenges that led PredPol to withdraw from the 

predictive policing pilot project and again highlights the fragilities of digital assem-

blages of surveillance and knowledge. 

Like KeyStat, Azavea’s HunchLab draws on ideas from near-repeat theory, routine 

activity theory, and risk terrain modeling. This broad theoretical combination is re-

flected in Azavea’s data request. In addition to the crime type, location of crime, and 

time and date of crime occurrence, Azavea intended to integrate data on 311 com-

plaints, prison and probation releases, and active gang feuds. Furthermore, the firm 

focused on environmental data instead of demographic data. Hence, further data 

sets that Azavea inquired for included the locations of public schools and school 

schedules, pawn shops, liquor licenses, subway station entries, hospitals, methadone 

clinics, mental health facilities, pawn shops, restaurants, laundromats, police sta-

tions, and parks (Azavea 2015). While the company apparently did not process de-

mographic data, such as KeyStat, it needs to be noted that some of the information 

does reflect the social status of urban areas, hence lending itself to disproportionally 

marking poor and minority neighborhoods as at risk, depending on the crimes in 

question and the data sets applied. 

Examining the email communication between the NYPD and Azavea, it is interesting 

to see, though, that the company is anything but rigid regarding the data layers they 

use. Rather, the concrete selection of data layers integrated into the predictions are 
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the result of negotiations among Azavea, the NYPD, the HunchLab software, and the 

available data sets. These negotiations concern the questions of which data is avail-

able, which data can be processed by the software, which data is considered helpful 

by the NYPD, and which data is considered helpful by the developers. An Azavea ex-

ecutive summarizes the back and forth as: “As long as we have a nice, small basket 

of data points to represent different concepts things should work well” (NYPD & 

Azavea 2015). 

During the email exchange, once again, the topic of data quality arose as an NYPD 

executive lamented that the department does not have a catalog of the data layers 

available for crime mapping and predictive mapping and that the accuracy and re-

cency of many of these layers is unclear. While this problem can possibly be compen-

sated in the course of algorithmic tests that measure the PAI of algorithms and data 

sets, it underscores the sketchy analytical practices of the department, as it must re-

fer to potentially faulty data layers and as there is no systematic integration of data 

layers into crime mapping. Instead, the application of layers to develop and test the-

ses regarding the emergence and distribution of crime to monitor, sort, and conse-

quently target certain spaces and populations with policing measures seems to de-

pend on whether or not the existence, availability, and quality of these layers is 

known to the analysts involved in particular analytical projects or requests. 

To process the available data, HunchLab deploys an algorithmic decision tree that – 

among other factors – identifies spatiotemporal patterns and links among crimes as 

well as the proximity and volume of various features of the urban environment to 

crime clusters. The decision tree then produces risk scores that are translated onto 

the given grid (Azavea 2015a). Analysts can additionally create customized crime 

models that weigh crimes or risk scores according to the severity of the crime defined 

by analysts or executives, ascribing a higher priority score to severe crime. Further-

more, cops can assign the expected effect that patrol may have on the occurrence of 

crime and the planned patrol intensity, as can be seen below. 

 



 

 299 

Additionally, HunchLab allows to both include or exclude data sets for single requests 

regarding particular predictions. The idea is to enable cops to test theses that emerge 

from certain predictions by adding or removing particular layers or parameters to 

check whether they impact predictions (Azavea 2015a). 

Most importantly though, HunchLab’s analysis produces predictive maps, such as the 

ones below, which the company coined predictive missions. Hunchlab color-codes 

the high-risk grid boxes by the crime most likely to occur, additionally listing other 

types of crime ranked by their probability of occurrence. Furthermore, HunchLab of-

fers specific tactics that it deems to be promising to fight the expected crime type, 

such as patrol activities, street stops, or more. 

Figure 19: Exemplary crime model to weigh various crimes (Azavea 2015b: 19). 
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Figure 20:Exemplary predictive mission maps (Azavea 2015a: 19-22). 

In addition to the maps themselves, these missions may provide extra information – 

for example, regarding the likeliness of certain crimes occurring near to specific types 

of facilities and locations or within particular time frames, as shown below. 
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Figure 21: Risk of assaults over the course of a week and risk of assaults in relation to proximity to 
schools (Azavea 2015a: 20-21). 

The large scope of data HunchLab is capable of processing and the comprehensive 

adjustability of its features, such as data sets, predicted timeframes, grid cell sizes, 

and crime models, highlight the contingencies of predictive maps, as their outcomes 
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depend on manifold decisions that analysts, executives, and then finally the algorith-

mic decision tree must make to produce predictive maps and graphs. Essentially, 

these decision-making processes represent continuous trial and error practices con-

ducted among the participating human and non-human actors leading up to risk 

scores sorting the urban space that is monitored and policed. 

If you’re going to put something into a theoretical model, it should have 

some theoretical reason for being in there. It should be based on some 

kind of criminological theory about why this might impact on crime. Be-

cause if it doesn’t, then you run the risk of one: Spurious correlation. 

Things coming up as significant just because there’s so much of it out 

there in the world. And two: If you don’t do a theory check, you’re going 

to identify factors that police probably shouldn’t care about. It may not 

be relevant to the problem or it may be outside of the scope of the prob-

lem. So, everything should be based on a theoretical foundation. For ex-

ample, liquor licenses: Liquor licenses have been shown in certain contexts 

to influence crime, so it makes sense to add a layer of bars into a predic-

tive model to see exactly how big of a problem they are. It makes less 

sense most probably to do something like fire hydrants. So, let’s map all 

the fire hydrants in Brooklyn and see if they are related to crime hotspots. 

If that does up as a significant factor, probably nonsense, but if it popped 

up by chance… and also, great because now we can tell the chief that 

some fire hydrants are causing his crime hotspots. This is an issue that 

gets lost sometimes. We live in the era of big data, so people try to get 

their hands on as much information as possible, for no other reason than 

they that it’s available. I think that kind of muddies the understanding a 

bit. 

Pol_10 (former analyst) 

While machine learning algorithms may provide results that produce high scores in 

PAI, they cannot ensure that the best possible data sets are utilized regarding the 

selection of data, its quality, and the settings used to process and visualize the data. 

Thus, while data analysis may help to statistically test the significance of spatiotem-

poral relations and theses on the links between crime and urban space, they may also 

obscure or distort such relations depending on data sets, algorithmic models, and 

operational practices. Furthermore, even the best performing algorithmic models 
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cannot guarantee that the software is utilized and operated in a way that offers op-

erational surplus at the various levels of the department or that the staff is capable 

of critically assessing and interpreting the predictive results. 

Accordingly, multiple interview partners have raised doubts regarding the opera-

tional value of predictive analytics, specifically in the precincts and in the field. As 

seen above, analysts in the precincts mostly produce reports and utilize simple 

graphs, tables, and pin maps to visualize and analyze crime trends, patterns, and clus-

ters. They regularly lack the capacities and abilities to conduct more advanced ana-

lytical tasks. Furthermore, a vast share of the analytical routines in the precincts are 

still geared toward the CompStat process and hence restricted by its scope. This 

raises the question to which extend predictive policing will be utilized and opera-

tional at the precinct level. For now, the organizational procedures and duties that 

guide analysts in the precincts do not seem to provide them the capacities to benefit 

from the potentials that predictive policing vendors suggest. 

Hence, when asked whether his unit uses the NYPD’s predictive mapping tool, a su-

pervising analyst at the precinct level replied: 

No. Honestly, we don’t. If I had time, one of the things I’d like to do is run 

it and see what it does show for our precinct, because my suspicion is that 

the areas it would show us as being likely to take crimes would probably 

be the areas that people are more or less familiar with. We might be able 

to gain some good information from there. There might be something 

that has been totally underutilized and if we actually sat down with it, it 

would show us valuable stuff, but I haven’t done any kind of analysis on 

it, because, like I said, I don’t have the time. 

Pol_05 (supervising sergeant of a precinct data analysis unit) 

Beyond that, there is a lack of training that hampers more complex analytical ap-

proaches. This raises the question to what extent predictive mapping can be utilized 

in the precincts and how far potential insights can be translated in the street. 

[T]his type of stuff is stuck on the leadership level. On the one hand, that 

makes sense. The commanders have to buy in to this for a police depart-

ment to want to do it. But the next question is, how do we actually incor-

porate this stuff in to the day-to-day applications of policing in a way that 

it gets to the ground. And we know a lot less about that. That’s the next 
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big question. […] Research has been focusing pretty much on answering 

the question if these technologies are actually predictive. Do they accu-

rately predict the behavior that we designed them to predict? The answer 

to that is pretty much yes. Regardless of what you look at, research sug-

gests that the algorithms are good. They are doing a good job at predict-

ing behavior. We know a lot less about how to use that information to 

make actionable information for officers to make decisions with. Quite 

frankly, we don’t know much about that as a field. 

Pol_10 (former analyst) 

These doubts were also articulated by a developer employed by a leading vendor of 

crime forecasting tools. During our interview, he highlighted that predictive policing 

applications are not for every department. 

Predictive mapping software demands a specific scope of data, high data quality pro-

vided in near real time, comparatively high volumes of crime data, and a minimum 

spatiotemporal density of crime to enable the algorithms to deliver valid predictions 

that exceed local knowledge and experience, as well as historic crime maps, to be 

thus ascribed an additional operational value. Furthermore, running, evaluating, and 

utilizing predictions for patrol or special units requires appropriate organizational 

structures and resources, such as trained analysis units and units in the field dedi-

cated to pursue operations based on crime predictions that not all police depart-

ments can provide. 

Given these comprehensive requirements mentioned above the interviewee strug-

gled to clarify the surplus value that predictive policing delivers over conventional 

GIS. The statement below raises doubts regarding the additional value of predictive 

policing tools as well. 

And then, the fact that crime does concentrate and hotspots are generally 

hotspots for a long period of time to me suggest the types of predictive 

analytics that are necessary. If the main benefit of a predictive model is 

identifying where officers should go, I’m skeptical that that’s any good. 

Police do do a good job internally of identifying hotspots. Police do do a 

good job of identifying where their resources should be deployed. To me, 

any predictive algorithm should give some type of intelligence that let the 

police know what the officers should be focusing on when they get to the 

hotspot. So, if the analysis doesn’t do at least a little bit of that, then there 
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may not be much benefit to it. Any type of analysis should add some type 

of intelligence that wasn’t there prior. 

Pol_10 (former analyst) 

A growing number of police organizations seems to share the scepticism articulated 

in the accounts above. Thus, numerous police organizations have recently refrained 

from implementing predictive policing, terminated contracts, or opted against ex-

tending and rolling out pilot projects, as they could not see the operation surplus 

these crime forecasting applications provided. This development reflects the vague 

operational value of predictive policing tools as seen by numerous executives and 

practitioners (Puente 2019). 

One of the technical solutions that vendors offer to get information into the field are 

mobile applications that run or receive predictions on mobile devices, delivering sit-

uational information and near real-time predictions. The NYPD has followed this tra-

jectory with its own predictive tool, which is integrated into the DAS that runs on all 

computer terminals in the department as well as officers’ tablets and cell phones. 

While this approach can make crime forecasts accessible for officers in the field, it 

would also circumvent the analytical processes that include the critical assessment, 

discussion, and contextualization of predictive maps by trained analysts and execu-

tives who might have the knowledge and experience to challenge or translate them 

into action plans. 

Instead, this distributional shortcut would confront officers untrained in data analyt-

ics with potentially complex data analysis results reduced to a black-boxed risk score. 

This would shift agency and authority to software agents, raising questions of algo-

rithmic transparency and accountability, as it would become increasingly unclear 

where decisions are made in the interplay of software and human actors and what 

these decisions are based on (Ananny & Crawford 2018, Bennett Moses & Chan 2018, 

Ferguson 2017, Jefferson 2020, Lepri et al. 2017). This shift becomes apparent when 

looking at the HunchLab software. This software already offers mission maps includ-

ing tactical advice that can be received on mobile devices in the field. Such a transi-
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tion of operational advice and decision-making to software agents bypasses profes-

sional expertise, personal experience, and local knowledge, thus effectively devaluing 

them as compared to data analytics. 

At the same time, the growing use of software might lend itself to making policing 

more transparent and hamper the ramifications of biased policing practices. Crime 

forecasting software does include algorithmic models aimed at evening out the sta-

tistical distortions that result from targeted policing practices in predicted risk zones 

aimed at eliminating the effects of these practices on crime predictions, such as lower 

or higher crime numbers based on intensified patrol or special operations (Azavea 

2015b, PredPol 2015b). 

Where software can reflect the statistical effects of targeted policing on data, it 

should be explored in how far algorithmic modeling can contribute to revealing bias 

in police data resulting from biased policing practices to therefore contain or suspend 

statistical distortions and draw attention to problematic policing practices, breaking 

the affirmative cycle that the utilization of historic police data may facilitate and pro-

mote fairer policing practices instead. ShotSpotter Inc., the company that purchased 

the HunchLab product from Azavea in 2018 and continues the software under the 

label “connect”, does offer functionalities that pursue this goal of metering out the 

effects of policing activities on crime data in order to prevent overpolicing by at-

tempting to detect and contain bias in police data (ShotSpotter 2021a). The impact 

of these functionalities on policing strategies is not clear, though. 

Beyond that, crime mapping and more so predictive mapping – which typically inte-

grates some sort of statistical testing – may offer the potentials to deliver insights, 

information, and theses on the emergence, distribution, and driving factors of crime 

that challenge traditional police heuristics of understanding crime. These are based 

on personal experience and professional knowledge which is potentially distorted, 

outdated, ill-informed, or biased hence possibly resulting in inadequate, misguided, 

or harmful decisions and strategies. 

However, crime mapping and predictive mapping results may be hard to interpret 

and misleading, since they are based on black boxed algorithms and potentially faulty 

and biased data sets. Hence, crime mapping and predictive policing are hardly fit to 
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mitigate data bias or personal bias in police decision making. Rather they shift the 

problem of bias and accountability and produce multiplied contingencies which facil-

itate an increase the fragility of knowledge practices and decision-making processes. 

Thus, it remains to be seen how effectively software can identify and mitigate bias, if 

data analysis results can become more reliable, valid, and comprehensible, and in 

how far this can thus add to changes in policing practices. 

Furthermore, algorithmic models could be made public to open them to scrutiny and 

debate regarding biased outcomes or with respect to their effects on policing prac-

tices and consequently on the populations and spaces they target. Consequently, al-

gorithmic models could be adjusted to alter policing strategies and practices to re-

duce potential harm. Thus, police decision-making processes could be made more 

transparent by the application of data analysis instead of opaquer. Every cop essen-

tially functions as a black box, and decision-making processes as conducted in police 

organizations were non-transparent before the use of crime maps and predictive 

maps. Hence, installing transparent analytical technologies and processes integrated 

into institutionalized public evaluation processes, debate, and control by oversight 

agencies, academics, and local communities might foster a democratization of polic-

ing and strengthen the accountability of police forces. 

Yet this idea of promoting and institutionalizing algorithmic transparency and ac-

countability along with processes of organizational and personal accountability 

seems to be far away. While vendors do not publicize their code to maintain compet-

itive advantages, police organizations do not publicize their code, claiming that public 

code would impair their ability to preserve operational effectiveness. Furthermore, 

police departments in general and the NYPD in particular have repeatedly proven 

their lack of commitment when it comes to providing data and information to the 

public that would allow for the critical evaluation of their practices and policies, par-

ticularly in the field of surveillance and data analysis technologies (Heilweil 20020, 

Brennan Center 2020). 

Following the pilot program of predictive mapping, the NYPD decided against a col-

laboration with the participating vendors. Instead, the department further pursued 

the refinement and application of its self-developed proprietary software solution. 
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As any predictive policing approach, the NYPD’s predictive mapping methods repre-

sent a continuation from the crime analysis and mapping methods the department 

implemented and advanced with the CompStat process. Yet predictive mapping fa-

cilitates a significant shift in the NYPD’s surveillance and knowledge practices. As 

tasks of integrating, organizing, and analyzing data are delegated to software agents 

and growingly automated, larger volumes of data and more diverse data sets are mo-

bilized. This gradual re-distribution of labor shifts the distributed agency of depart-

mental surveillance and knowledge practices aimed at monitoring and sorting the 

urban by connecting multiple data flows linked to urban spaces and populations, as 

well as their socio-spatial dynamics. This shift to a more technology-based agency 

increases the efficiency of data utilization and the accuracy of projecting hotspots of 

crime as compared to random guesses, commanders’ predictions, and some types of 

hotspot mapping, promising more focused and efficient policing practices. Yet the 

operational benefits of these advancements in contrast to the preceding risk assess-

ment methods that police forces have deployed remain somewhat unclear. 

Simultaneously, predictive data analytics pose challenges for algorithmic transpar-

ency, algorithmic interpretability, and algorithmic accountability, as software appli-

cations function as black boxes that obscure the processes of risk assessment and 

decision-making, also bearing the risk of tech-washing and reproducing practices of 

overpolicing minority neighborhoods and populations. While these dynamics sur-

faced with the growing implementation of crime mapping tools into decision-making 

processes, they are further exacerbated with the integration of increasingly complex 

data flows and the automation of data analysis processes. At the same time, predic-

tive mapping tools may serve to foster police transparency and accountability if they 

can successfully be utilized as communication platforms providing information for 

communities, academics, and oversight agencies and fostering their understanding 

of police decision-making, if they are integrated in processes of democratizing police 

organizations by opening the policing assemblage up to outside actors allowing them 

to get critically involved into defining the goals and objectives, strategies and prac-

tices of policing. 

While current communication and information practices of police organizations such 

as the NYPD do not suggest that police are interested in promoting transparency and 
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substantial community participation, it is likely that the propagation of predictive po-

licing tools will continue, since they lend themselves to driving a broader process of 

generating, gathering, storing, and processing growing amounts of data to monitor 

and sort urban spaces and populations. Predictive mapping hence perpetuates and 

refines police efforts of producing spatial knowledge that makes the city legible as a 

landscape of varying risks, thus developing and deploying differentiated policing 

strategies and practices constituting the urban assemblage as a fragmented security 

landscape. 

5.2.5 Conclusion: Mapping and making the oligopticon 

An integral function of policing assemblages like the one explored with this disserta-

tion is to create, organize, and manage data flows to monitor and sort urban spaces 

and populations and control the flows of persons, things, and activities to fight crime 

and reduce disorder. Crime maps as well as predictive maps are crucial actors in these 

efforts, as they combine and process data from various sources to visualize decon-

textualized data to then selectively recontextualize it to guide practices of exchanging 

information and generating socio-spatial knowledge on crime, the population, and 

the city. Crime maps and predictive maps thus serve as immutable mobiles that rep-

resent selective data doubles. As such, they provide durable and flexible links to ur-

ban spaces, populations, persons, and groups and interweave them with each other 

in order to compile geographic risk profiles. 

Consequently, crime mapping and predictive mapping render the city as a frag-

mented security landscape of differentiated risk. As high-risk areas draw focused po-

lice attention, crime mapping instills an oligoptical perspective and practice, enabling 

the police to specifically scrutinize particular locations and target them with crime 

fighting measures, thus materializing a fragmented security landscape by translating 

it into urban space. Data-driven policing thus facilitates approaches of seeing, know-

ing, and exerting control that resemble Deleuzes’ sketch of a society of control. In 

contrast to the professional policing model that treats urban spaces as a surface of 

evenly distributed risk to be addressed with a one-size fits all approach of policing, 

data-driven policing has promoted organizational flexibility and locally adaptive po-

licing practices and strategies as crime maps and predictive maps dynamically track 
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and forecast crime hotspots and render them visible. Consequently, policing be-

comes more fluid, moving toward a mesh of control that adapts to the landscape of 

differentiated risk that it constitutes as a subject of knowledge and, consequently, 

policing. 

Crime mapping and predictive mapping thus link the enunciative function of the po-

licing assemblage with its machinic function and tie the policing assemblage to the 

urban assemblage. Here, the policing assemblage perpetually conducts functions of 

(re-)territorialization by utilizing data, information, and knowledge to generate, di-

rect, and steer material flows to control urban spaces and populations. These pro-

cesses of (re-)territorialization regularly face dynamics of deterritorialization as indi-

viduals, collectives, activities form lines of flight to undermine, contest, and escape 

control, as can be seen in the image of a “whack-a-mole,” proposed by one of the 

interviewees, that illustrates the department’s efforts to track hotspots over time 

and anticipate future locations and dynamics of crime. In these dynamics of re- and 

deterritorialization, the policing assemblage is connected to urban spatiotemporal 

dynamics and thus contributes to the urban assemblage. 

As crime mapping and predictive mapping translate space-based approaches of po-

licing into practice, identifying high-crime and high-risk areas to address them with 

targeted policing measures, they might assist police organizations in allocating re-

sources more efficiently and precisely by addressing micro-locations of crime instead 

of targeting whole neighborhoods and their inhabitants. At the same time, they de-

liver essentially contingent results that run the risk to perpetually flag areas as high 

crime or high risk based on racially biased and flawed police data that is generated 

from policing practices that historically disproportionately target poor minority 

neighborhoods hence contributing to an affirmative cycle that continuously exposes 

minority populations to focused, aggressive, and possibly unwarranted enforcement 

tactics as can be seen in NYC. 

Additionally, crime mapping and predictive mapping potentially tech-wash these pro-

cesses, functioning as black boxes that obscure the practices of police decision-mak-

ing processes, which are conducted by software agents processing data. This problem 

is further exacerbated as agency is continuously and gradually shifted from human to 

non-human actors, which can be observed when examining predictive policing tools 
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that mobilize increasingly large and diverse sets of data for processing by utilizing 

growingly complex algorithmic decisions trees. This shift within the distributed 

agency of police surveillance and knowledge practices poses significant risks regard-

ing algorithmic accountability, algorithmic transparency, and algorithmic interpreta-

bility, which may distort police decision-making processes and also raise questions 

regarding police accountability and transparency. 

Police data – as any data – is always skewed. It tells a flawed, biased, and selective 

story. Hence, as police agencies growingly rely on this data, data regulations, tech-

nologies, and procedures must be developed to contain, mitigate, or eliminate these 

limitations. Therefore, the individual technologies and algorithms as well as the func-

tions and interactions they undertake within fragile sociotechnical constellations of 

surveillance, knowledge, and policing need to be evaluated to understand the risks 

they bear. From there, methods may be found for aligning data and using data in 

accordance with objectives, goals, procedures, and practices of democratic policing.  

These objectives and goals need to be defined in democratic discourses with com-

munities and actors at various levels from diverse backgrounds with distinct missions 

and perspectives, needs and demands as well as sets of knowledge and experience. 

Such discourses may include schools and educational institutions, welfare and public 

health facilities, religious institutions, youth and social workers, urban development 

and housing institutions, businesses, residents, and local communities and govern-

ment. Thus, debates about crime may transcend situational analyses that widely rely 

on crime data and instead focus on the root causes of crime as identified and ad-

dressed in areas such as housing, urban development, social infrastructure, public 

health, social inequality and exclusion, or family support. In this context, crime map-

ping and data analytics may provide communication platforms that can contribute to 

the de-securitization of security policies. 

Over the last decades, social problems have been increasingly securitized. This pro-

cess is apparent in the broken windows approach of policing as pursued in NYC. Here, 

poverty-related behaviors and disorder phenomena were criminalized and securit-

ized as they were discursively constructed and practically addressed as security prob-

lems and thus as subjects of policing. Integrating a larger set of actors into the de-
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bates on crime, disorder, and security may promote a more comprehensive under-

standing of local challenges, opening them up to be addressed by actors from the 

fields of welfare, housing, or social and youth services rather than by the police. This 

may as well contribute to a shift of responsibilities and funding to respective agencies 

as well as to local actors and initiatives to build capacities aiding communities in im-

proving their living conditions in urban neighborhoods by fostering local community 

structures, social infrastructures, neighborliness, and trust. 

Furthermore, data analysis could be used to make police more accountable to the 

public by utilizing data that allows to track officers’ activities, policing strategies, and 

security policies in relation to community needs. Data analysis could hence be used 

to foster the visibility and transparency of policing, while predictive policing as it is 

utilized so far rather increases opacity, thus contributing to a lack of accountability 

as decision-making processes are obscured, since data analysis software grows in-

creasingly complex and is ascribed a growingly integral role in processes of decision-

making and strategizing. At the same time, cops in the field must be able to make 

discretionary calls in order to make context-adequate decisions. Striking a balance 

between accountability and cops’ empowerment thus represents a delicate task that 

is already urgent as data analysis, crime mapping, and predictive policing is utilized 

by the NYPD to monitor cops and include these data flows into decision-making pro-

cesses. 

While data analysis, crime mapping, and predictive policing may offer an avenue to 

more transparent and democratic policing, it needs to be pointed out that current 

practices of utilizing data by police have not contributed to more transparency and 

accountability. Rather, the technological set up and the sociotechnical practices con-

stituting crime mapping and predictive policing have resulted in a growing opacity. 

Moreover, it is not just the sociotechnical practices in themselves that add opacity 

but also the police’s secretive handling of the use of surveillance technologies, data, 

and data analysis. Here, the NYPD in particular has shown little interest in promoting 

organizational transparency as it hardly provides any information, instead declining, 

delaying, and contesting FOIL requests that aim at revealing the NYPD’s surveillance 

and data analysis technologies and practices. This refusal to foster transparency re-
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garding the technologies in use is especially problematic as the NYPD growingly inte-

grates digital surveillance technologies and means of (semi-)automated data analysis 

into its practices of monitoring and sorting the city, and its population, in its purpose 

of crime and disorder control. 

The next chapter provides insights into some of these technologies, exploratively il-

lustrating the panorama of surveillance technologies, their interlinkages, and their 

impact on the NYPD’s knowledge and policing practices, as well as their interactions 

with urban spaces and populations. 

5.3 The growing sociotechnical assemblage of the NYPD and the urban fabric 

CompStat, crime mapping, and, increasingly, predictive mapping are integral pro-

cesses and tools for the NYPD to generate, process, utilize, and distribute data in or-

der to monitor and sort urban spaces and populations. Furthermore, they are ele-

ments in a larger surveillance infrastructure that the department has established and 

is continuously expanding to control crime and disorder – and therefore spaces, 

places, individuals, and populations. Beyond increasing its analytical capacities and 

capabilities by implementing more advanced tools to examine data, the NYPD has 

mainly invested in three fields to expand its surveillant assemblage: surveillance sen-

sors, data integration, and data distribution. 

Police have long relied on human sources to gather information: 911 calls, inform-

ants, victims, witnesses, street cops, and investigators. These sources still hold crucial 

value for police forces. Yet over the last 20 years, non-human informants have be-

come increasingly important. The NYPD has implemented multiple technologies that 

automatically gather or generate data, which is utilized to detect and investigate 

crimes: (smart) CCTV systems, gunshot detectors, ALPR, radiation sensors, stingrays, 

and more. Simultaneously, the department constantly produces information when 

conducting stops, arrests, or investigations and taking complaints or handing out 

summonses and citations, which are then digitized. Consequently, the NYPD gener-

ates and stores large volumes of data. 

To capitalize on this wealth of information, it must be combined and analyzed with 

methods as detailed in the prior chapters. Moreover, information must be distributed 
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to become valuable and operational by integrating data flows and databases thus 

tearing down information silos, accelerating data transfer, and decentralizing infor-

mation by disseminating it among various organizational levels, units, offices, and 

bureaus, as described above. Recently, the NYPD has further upped its efforts to pro-

vide officers in the street with information to better utilize data in the field that was 

traditionally stuck at the executive levels. 

Hence, while the NYPD has invested in growing numbers of sensors to monitor urban 

spaces, it has also installed command centers, such as the Real Time Crime Center 

(RTCC) and the Lower Manhattan Security Coordination Center (LMSCC), as well as 

technological tools, such as tablet computers, cell phones, and the DAS. These devel-

opments have had a significant impact on the department’s surveillance, knowledge, 

and policing practices and, consequently, on the urban spaces and populations that 

are subject to them. This chapter explores some of these technologies to gain a 

deeper understanding of how the NYPD generates, organizes, and utilizes data flows 

in order to control urban spaces. 

5.3.1 The Real Time Crime Center 

Accelerating data flows, integrating databases, adding functions to add and retrieve 

data as well as making data in various repositories accessible for more cops have 

been integral activities the NYPD has carried out over the last decades to improve 

data utilization. Various operations orders outline initiatives, technologies, and pro-

cedures aimed at simplifying, extending, and integrating access to police databases. 

The CDW was a comprehensive and systematic attempt to achieve these goals 

through an advanced search engine with Cognos. Yet, despite the implementation of 

the CDW, data remained partly siloed even though data accessibility was improved 

significantly. Moreover, Cognos is operated in the station houses, the patrol bor-

oughs, and at 1 Police Plaza. However, it does not make data accessible in the field. 
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Therefore, in 2005, the NYPD launched the RTCC to ad-

dress this problem. The RTCC is a command center run-

ning on IBM technology where experienced cops and 

analysts have access to large numbers of databases as 

well as analytical tools, such as network analysis and 

crime mapping. Investigators in the field can contact 

the RTCC to request information when they are at a 

crime scene. Personnel at the RTCC can then carry out 

comprehensive and integrated data inquiries and visu-

alizations on demand to support the investigators on 

the scene and during investigations (IBM 2006, New 

York City Global Partners 2010, Stratton 2005, see left). 

The RTCC thus serves as a relay for providing more 

comprehensive information in the field to shortcut in-

vestigations. Still, this information is not directly avail-

able to patrol cops or special units. Instead, it must be 

requested from the command center, where it is com-

piled and processed to then be communicated to the 

detectives working a case. 

As of 2010, the RTCC had the following at its disposal 

(New York City Global Partners 2010: 1): 

• More than 5 million New York State crimi-

nal records, parole, and probation files, 

• more than 20 million NYC criminal com-

plaints, emergency calls, and summonses, 

• more than 31 million national crime re-

cords, 

• more than 33 billion public records, and 

• more than 5 million New York State crimi-

nal records, parole, and probation files. 

 

Figure 22:  A selected list of data 
inquiry and analysis functions 
provided by the RTCC as of its 
launch in 2005 (Stratton 2005: 
13). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened 
due to copyright regula-

tions. 
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This information can be queried through an online search tool to find persons, rec-

ords, locations, incidents, and objects in order to gather and relate information to 

detectives in the field or during investigations. The picture below shows the interface 

of the search tool. Although it is not clear whether this is the current interface, the 

figure provides an idea of the tool. 

While data analysis and visualization tools were rather simple in the early years of 

the center, the functionalities for requesting, gathering, and processing data grew 

over time. Many tasks aimed at relating data points to reconstruct and understand 

crimes and crime patterns had to be conducted by manually interweaving the infor-

mation collected through multiple queries, records, and reports. As technological ca-

pacities advanced, these tasks were gradually delegated to software agents. 

[...] [T]he problem was even once we had pulled out the data – everything 

we had on a given topic – we needed to sift through it all and connect the 

dots and reach a meaningful conclusion. What’s changed over the years 

is that the analysis of this data is now far more sophisticated – now we 

can sort much better, we can deliver a timeline, a link analysis chart, we 

can superimpose a map, incorporate open source data – all these tools 

overlay the CDW (Courtesis 2019). 

Figure 23 : RTCC data search tool interface (NYPD n.d. d). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened due to copyright regulations. 
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The simple search functions that enabled cops and analysts to tap into numerous 

local, state, and national databases were supplemented by analysis tools providing 

mapping functions and timeline and link analysis. While timeline tools sort events 

according to the time of their occurrence, link analysis applications automatically de-

tect links between persons, incidents, objects, and locations by combining data that 

is scattered over multiple repositories.8 Therefore, complex social networks can be 

reconstructed to investigate crimes and monitor groups and organizations to address 

them with policing measures. The delegation of tasks from human to non-human ac-

tors therefore accelerates data inquiries and data analysis, enabling cops to utilize 

significantly larger amounts of data as compared to processes more reliant on man-

ual labor. Thereby, data analysis tools also reveal connections among heterogeneous 

elements that would have remained hidden with manual or semi-automated analy-

sis. 

Thus, the growing automation of analytical processes enables a distributed agency 

that combines larger and more diverse datasets and makes links and networks be-

tween individuals, groups, institutions, objects, locations, incidents, and events visi-

ble. Consequently, these networks are rendered subjects of knowledge practices 

providing insights and theses for constructing suspicion. The interplay of databases 

and data analysis tools thereby creates durable links among the NYPD and the ele-

ments contained in these repositories along with the relationships they entertain 

among each other, as they can be flexibly retrieved and visualized to explore and 

evaluate them and constitute them as targets of investigations and policing. This flex-

ible availability can be activated as needed depending on context and situation, 

which differs from the more static availability of data requested through semi-auto-

mated database inquiries that then need to be manually related in order to detect 

links and networks among incidents, individuals, places, and objects. 

 
8 The NYPD initially implemented Prochart, a software provided by ABM America/Motorola, for auto-
mated link analysis (police1 2006). Additionally, the department used a Palantir solution to integrate 
and mine its data for link analysis. After terminating its cooperation with Palantir, the NYPD now re-
lies on a combination of IBM tools called Cobalt to conduct these tasks (Alden 2017). It is unclear, 
though, if Cobalt is also used in the RTCC. 
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Yet, these flexibly reconstructed networks are not merely a representation of a given 

reality. Rather, they are contingent sociotechnical constructions. Their concrete qual-

ity and shape is dependent on numerous factors: the accessibility of databases and 

their interoperability; the capacities and capabilities of data integration tools to mine 

the accessible databases reliably; the quality, accuracy, and integrity of the data; 

practices of gathering and generating data; and the abilities of analysts and cops to 

operate data analysis software and contextualize, interpret, and test its results. 

Hence, while the growing use of data analysis tools and their increasingly sophisti-

cated methods to access and process data offer manifold advantages, they also pre-

sent challenges, as they expand the field of actors involved with analytical tasks for 

generating knowledge and suspicion, particularly adding technological agents that 

increase the fragility of these assemblages. After all, a multifold and heterogeneous 

set of actors must cooperate and provide various types of information, knowledge, 

and experience to attain its objective of delivering reliable information. The fragility 

of these sociotechnical constellations becomes apparent when examining the NYPD’s 

gang database. 

5.3.2 The NYPD’s gang database 

Over the past years, the department has made increasing use of the information 

stored in its gang database. This intensified use is based on the concept of precision 

policing, which follows the idea of not only addressing hotspots of crime but also 

targeting the individuals and groups responsible for a large share of the crimes com-

mitted in NYC. Furthermore, precision policing may include community outreach ac-

tivities conducted by neighborhood coordination officers and others (Bratton & Mu-

rad 2018, Nelson Jr. 2019). Therefore, the NYPD tracks crime hotspots and gang turf, 

marks crimes as gang-related or gang-motivated, and lists persons as gang members 

in its gang database. This data is then used to plan and conduct operations aimed at 

gang activities. As data is recognized as shared facts by members of the department, 

it produces an operational clarity ignoring the sometimes messy practices that fill the 

databases, as well as the messiness of the social relations it intends to capture. Still, 

this data is an integral piece in the development of police operations, as it is fed into 

data analysis tools enabling the NYPD to link persons, groups, spaces, objects, and 
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incidents while reconstructing social networks, rendering them subjects of policing. 

Yet reality is often fuzzier than databases and data analysis may suggest. 

In the wake of the stop-and-frisk litigation in 2012 – which ruled the NYPD’s strategic 

use of Terry-Stops unconstitutional – Commissioner Ray Kelly announced Operation 

Crew Cut as an initiative to push the department‘s efforts of tackling gang crime in 

NYC. Consequently, the NYPD quadrupled the number of cops in its gang unit from 

150 to 600 over the next years and intensified its attempts to identify gang members 

in order to target them with surveillance and investigative measures (Howell 2015, 

Trujillo & Vitale 2019). One of the key tools driving this approach was the NYPD’s 

gang database dubbed “Criminal Group Database” by the department. In this data-

base the NYPD stores information on individuals it defines as gang members to trace 

networks of criminal groups, support investigations, and inform police operations 

(Howell 2015, Trujillo & Vitale 2019). 

As gang-related and gang-motivated crime only combines for a minimal share of 

crime in the city, the NYPD extended its understanding of gang activities by integrat-

ing the concept of so-called splinter gangs or crews. While Commissioner Kelly 

claimed that these “loosely affiliated groups of teens” who often “identify themselves 

by the blocks where they live […] are responsible for much of the violence in public 

housing” and across the city (Kelly cited in Trujillo & Vitale 2019: 2), evidence for this 

assessment is merely anecdotal (Howell 2015). Still, the concept of crews is central 

to the NYPD’s efforts of precision policing. Yet neither the terms “gang” nor “crew” 

are clearly defined and thus do not offer clear-cut criteria regarding who is to be 

identified as a member of a gang or crew. Consequently, the department’s indicators 

of who is to be stored in the criminal group database allows for highly arbitrary deci-

sions. 

This definitory openness has contributed to the gang database growing from about 

5,000 entries in 2012 to about 42,000 entries in 2018 and 18,000 entries in 2019 ac-

cording to the NYPD (Speri 2018a, Pinto 2018, Pinto 2019, Trujillo & Vitale 2019). The 

information to include individuals into the database can stem from numerous 

sources: investigations, debriefings, field intelligence officers, school patrol officers, 



 

 320 

officers in gang units, or others. It may also derive from online surveillance measures 

conducted by the gang unit on various social media platforms, such as YouTube, Fa-

cebook, Instagram, or Snapchat. The set of criteria for addition to the repository are 

considerably broad and the procedures of listing a person in the database are rather 

inclusive, as Howell (2015: 15-16) describes, referring to documents provided by the 

NYPD following a FOIL request. 

1. An individual will be entered if he/she admits to membership during 

debriefing 

 OR 

2. Through the course of an investigation an individual is reasonably be-

lieved to belong to a gang and is identified as such by two independent 

sources. (Ex. Pct. Personnel, Intell, School Safety, Dept. of Correction, or 

Outside Agency) … 

OR 

3. Meets any two below mentioned criteria 

• Known gang Location 

• Scars/Tattoos Associated w/ Gangs 

• Gang-Related Documents 

• Colors Associated w/ Gangs 

• Association w/ Known Gang members 

• Hand Signs Associated with Gangs 

Given the loose procedures and criteria that guide the processes of defining individ-

uals as gang or crew members, critics characterize the database as “arbitrary, dis-

criminatory, and over-inclusive” (Speri 2018b). 

Against this backdrop, it is important to note that the inclusion of individuals into the 

database is not based on being convicted or suspected of a crime. Nor is it limited by 

thresholds such as reasonable suspicion that would, for example, warrant street 

stops. Rather, the indicators listed above can be interpreted with a high level of dis-

cretion and little to no due process to suspect a person of being a gang or crew mem-

ber. Essentially, it is a combination of geographic allocation (being linked to a specific 

gang turf) and personal associations (having had contact with alleged gang or crew 

members or displaying behavior that is attributed to a gang, as listed above) that 
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constitutes a suspicion fit to land a person in the gang database (Howell 2015, Trujillo 

& Vitale 2019). 

Over the years, 96–99% of those listed in the gang database were Black or Latinx, and 

an overwhelming number of suspects were male (Howell 2015, Speri 2018a, Speri 

2018b, Pinto 2018, Trujillo & Vitale 2019). Hence, critics consider the gang database 

a successor of the NYPD’s stop-and-frisk strategy. The expanded use of the gang da-

tabase has coincided with court rulings that first ordered the department to disman-

tle its stop-and-frisk database, which included data on any person subject to a street 

stop, no matter the stop’s outcome, and subsequently mandated the NYPD to termi-

nate its use of Terry stops as a standard strategy for fighting crime, which targeted 

minority neighborhoods, Latinx New Yorkers, and New Yorkers of Color (Howell 2015, 

Trujillo & Vitale 2019). The gang database is hence assumed to enable the NYPD to 

continue to monitor and control the populations that were the primary subjects to 

its stop-and-frisk strategies and Operation Impact. 

The gang narrative, like the stop-and-frisk narrative, turns on the same 

core concepts – place and person. Instead of characterizing neighbor-

hoods as ‘high-crime’, the NYPD now indicate that an area has a ‘gang 

problem’. Instead of stating that an individual is suspicious, the NYPD now 

state that he or she is a suspected gang or crew member. The gang nar-

rative will be used, and has already been used, to justify an even more 

aggressive regime of stops, summonses, arrests, and surveillance than the 

pre-Floyd regime.9 The central concepts, however, like those underpinning 

the stop-and-frisk narrative, are defined so broadly that they can capture 

any neighborhood or individual the police deem suspicious. No criminal 

conduct whatsoever is required to be identified as a gang member. The 

gang allegation provides a facially race-neutral means for policing the 

usual suspects in the usual way. However, because gang databases and 

intelligence are secret, this policing avoids both public and judicial scrutiny 

(Howell 2015: 4). 

 
9 The term “pre-Floyd“ refers to the class action lawsuits Floyd, et al. v. City of New York that re-
sulted in the United States District Court for the Southern District of New York ruling the NYPD’s use 
of Terry Stops unconstitutional. The „pre-Floyd regime“ hence describes the time of an exhaustive 
use of stop-and-frisk tactics by the NYPD targeting specifically the poor Black and Latinx populations 
of New York City as has culminated in Operation Impact. 
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Those listed in the gang database must bear substantial consequences. Information 

in the database is used to initiate intense surveillance measures; being marked as a 

gang or crew member can have a significant impact on the course of encounters with 

the police, and it may yield claims for higher bonds or more rigid sentencing in court. 

Alleged gang or crew members may also suffer repercussions on the housing market, 

as NYCHA has a policy of excluding alleged gang or crew members from its housing 

developments as tenants and visitors (Howell 2015, Trujillo & Vitale 2019). 

Beyond that, information in the database is used to reconstruct the social networks 

of gangs and crews and link them to places, objects, incidents, and crimes in order to 

conduct investigations and operations. Among those measures are sweeping opera-

tions that target large numbers of alleged gang or crew members in specific neigh-

borhoods, enabling mass indictments (NYPD n.d. c). One of these massive NYPD raids 

targeted local gangs in the North Bronx in 2016. Here, helicopters, armed vehicles, 

SWAT teams, and about 700 officers were deployed to arrest 120 suspects. The ar-

rests led to numerous indictments. Remarkably, most suspects were convicted for 

crimes less severe than they were charged with, and relatively few defendants were 

convicted for violent crimes, which had been highlighted as the main reason for the 

operation by the NYPD. Furthermore, not even half this number, who were arrested 

based on being listed as a gang or crew member, were tried as such in court (Davis-

Cohen 2019, Howell & Bustamante 2019, Speri 2019). 

These numbers indicate arbitrary, incoherent, and discriminatory practices of gath-

ering and generating data on gang and crew members, which produce an over-inclu-

sive, unreliable, and largely invalid set of data for identifying gangs, crews, and their 

members. It also displays how this data, in combination with data analysis software, 

is used to translate the NYPD’s concept or narrative of gangs and crews into practice 

by constituting gang or crew populations as a concrete subject of knowledge and 

practice by (re-)constructing social networks to address them with surveillance and 

policing measures. In this context, the databases accessed by data analysis tools en-

able the police to generate links and relationships to constitute risks and suspicion in 

a field of distributed agency that comprises data, databases, data analysis tools, var-
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ious informants, investigators, executives, patrol cops, reporting procedures, prac-

tices, and habits, as well as practices of interpreting data and data analysis results. It 

also shows how fragile this network of distributed agency is, as it is tied together by 

continuous processes of translation and re- and decontextualization, which are prone 

to error. This frailty becomes apparent when exploring the NYPD’s practices of inter-

preting decontextualized online content drawn from Twitter, Facebook, Instagram, 

Snapchat, and other social networking sites. 

Online surveillance of alleged gang and crew members played a significant role in the 

department’s efforts to suspect further individuals of being gang or crew members. 

Therefore, the NYPD monitored and evaluated the online activities of individuals on 

a heat list to generate information on their social networks. Having contact with gang 

members via social media or texting, sharing, commenting, or liking content online, 

wearing certain colors – the NYPD lists white, black, red, green, brown, khaki, blue, 

gray, purple, yellow, orange, gold, green, and lime green as colors indicating gang 

associations – posing in gang aesthetics, or even throwing up gang signs in social me-

dia posts does not make a young person a gang member. Yet, it may land him/her in 

the gang database (NYPD n.d. c), as when evaluating photos, videos, posts, online-

handles, communication, and interactions among individuals, online cops regularly 

interpreted the gathered information in ways to substantiate suspicion of gang affil-

iation, even though such a link was anything but obvious (Howell 2015, Upton Patton 

et al. 2017, Trujillo & Vitale 2019). Consequently, large numbers of young men were 

entered into the gang database. Once information is added here, it is considered a 

shared fact by members of police, as it is derived from the efforts and practices of 

colleagues and hence perceived as the trustworthy result of due diligence. Conse-

quently, stored information is typically considered evident, thus perpetuating as-

sumptions and assessments made prior, even though this practice may lead to ill-

informed and potentially harmful consequences for those included in police data-

bases and thus subject to surveillance and policing measures based on unwarranted 

suspicion (Creemers & Guagnin 2014, Creemers & Guagnin 2015). 

It is thus the department’s capability to gather, store, and link data that constitutes 

crews as the concrete subjects of the NYPD. Who is addressed and linked to these 



 

 324 

crews is dependent on the interplay of various human and non-human actors, as well 

as intersubjective and interobjective practices carried out among them. The gang da-

tabase as it is linked to data analysis tools and assessments by officers, therefore 

serves to sort local populations by assumed levels of risk and suspicion and translates 

these assessments into policing strategies and practices that range from long-term 

and large-scale operations to cops accessing information on alleged gang members 

in mundane encounters with individuals, specifically in so-called high crime areas, 

resulting in negative consequences for those who are listed in the database as well 

as for the neighborhoods and communities subject to heightened police surveillance. 

It is clear that there are gangs in NYC; there are crews in NYC; and they are responsi-

ble for crimes and inflicting harm on local communities. Data and data analysis tools 

can be helpful for identifying crime hotspots, gang turfs, and repeat offenders. Yet 

surveillance practices, knowledge practices, and policing practices that derive from 

data analysis, as outlined for the gang database, run the risk of unwarrantedly includ-

ing individuals and groups as the subjects of policing. This may result in wrongful po-

licing practices that are harmful for the affected persons and the communities and 

neighborhoods that are the primary subjects of surveillance and policing, especially 

when suspicion is aimed at social networks rather than individuals. The repercussions 

for the subjects of police surveillance are substantial when interacting with police or 

being in court, but also in the housing market or regarding their immigration status. 

Furthermore, aggressive and sweeping policing strategies disrupt communities, 

strain police–community relations, and consolidate local gangs or crews and foster 

criminal behavior rather than prevent it (Howell 2015, Trujillo & Vitale 2019). Hence, 

it is necessary to instill regulations, procedures, and practices that minimize harm 

and maximize police accountability.  

By reviewing the crime and complaint data, the prior chapters demonstrated the cru-

cial value of data quality given the growing digitization of the policing assemblage. As 

decision-making processes and the processes for defining risks and suspicion are con-

ducted in hybrid constellations that increasingly integrate data and data analysis 

tools, the question of how data is generated, shared, and utilized becomes more rel-
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evant for understanding police surveillance and knowledge practices. The gang data-

base is just one piece that can serve as an example to highlight the complex processes 

of generating data and using it to address individuals and populations considered 

risky or suspicious with surveillance and policing measures. It is an important exam-

ple because it demonstrates the NYPD’s growing efforts to generate and utilize this 

type of data for operational value that translates to the streets. 

The installment of the RTCC as a means to combine manifold dataflows and provide 

a transfer of information and knowledge into the field is another aspect of these at-

tempts, which is centered around information similar to or including the data used in 

the context of Operation Crew Cut. While Crew Cut is limited to a specific objective 

and the RTCC is focused on providing information and analytical insight for investiga-

tions, the NYPD has also pushed to distribute more information to patrol cops in the 

field. This initiative is based on the department’s DAS, which solidifies numerous data 

sources, databases, and data analysis and communication tools for the entire depart-

ment. The DAS was implemented with the Lower Manhattan Security Initiative 

(LMSI), then experienced a massive mission and function creep, making it one of the 

key tools for the NYPD’s department-wide efforts to foster data integration, analysis, 

and dissemination. 

5.3.3 The Lower Manhattan and Midtown Manhattan Security Initiative 

The terrorist attacks on the World Trade Center on September 11, 2001, displayed 

the vulnerability of Manhattan as a center of the global economy. Consequently, the 

NYPD installed the Counterterrorism Bureau (CTB), dedicated to preventing similar 

attacks in the future (Levine & Tisch 2014). The CTB was also in charge of developing 

and implementing the LMSI and has been overseeing it since its launch in 2008. The 

LMSI is an extensive surveillance network that covers the entire 1.7 square miles of 

Manhattan south of Canal Street. 
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Thus, the LMSI 

envelops critical 

sites, such as the 

Financial District 

and the Civic 

Center, deemed 

to be at high risk 

of terrorist at-

tacks. The LMSI 

can be under-

stood as a com-

plex surveillant assemblage that draws on a large scope of sources and data flows, 

tied in at 55 Broadway, where the Lower Manhattan Security Coordination Center 

(LMSCC, see picture above) is located. It serves as the control center of the LMSI. 

Therefore, it hosts server space to store the data gathered through numerous sensors 

scattered over Lower Manhattan, computers, screens, and data inquiry and analysis 

tools to access and process data as well as work stations for those monitoring and 

analyzing the incoming data flows 24/7 to identify suspicious individuals and behavior 

in order to initiate police actions in the field and, furthermore, support investigations 

(Levine & Tisch 2014, NYPD n.d. a, NYPD n.d. b). Approximately a year after the LMSI 

launched, it was expanded to Midtown Manhattan with the Midtown Manhattan Se-

curity Initiative (MMSI), adding the area between 30th Street and 60th Street, river to 

river, to the area covered by the LMSCC (Greenemeier 2011). 

With the LMSI/MMSI, a large number of various sensors were installed in Lower and 

Midtown Manhattan, and existing surveillance technologies were integrated by link-

ing them to the LMSCC. These technologies  include CCTV systems, ALPR, and radia-

tion sensors that continuously produce the real-time feeds monitored at the LMSCC. 

Furthermore, operators at the LMSCC can access numerous databases, which include 

arrest, complaint, summonses, moving violations, and warrant data as well as real-

time access to 911 calls. In 2014, the data from these sensors and police databases 

totaled about 1.5 billion records in the hands of the personnel at 55 Broadway. About 

6,500 cameras deliver input to the command center. All entry and exit points to and 

Figure 24: A look into the LMSCC (Haliscelik 2014). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened due to copyright regulations. 
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from the island of Manhattan, as well as all intersections at Canal Street, are moni-

tored by ALPR. Additionally, the NYPD deploys mobile ALPR mounted on patrol cars, 

resulting in approximately 2,000,000 reads combined per day. Mobile radiation sen-

sors are used, carried by cops, patrol cars, helicopters, and boats. Furthermore, sta-

tionary radiation sensors are installed at critical spots in Downtown and Midtown 

Manhattan (Levine & Tisch 2014). 

What is peculiar about the LMSI/MMSI is that is must be considered a public-private 

partnership. The NYPD operates its own CCTV systems to feed the LMSCC via its fiber 

optic network or wireless and ties in CCTV systems run by private entities and public 

agencies. External CCTV systems are typically operated by the security staff of the 

respective organization or building. They decide what cameras focus on, what they 

zoom in on, or where they are tilted to monitor the environment of the site they are 

responsible for. Hence, the images the cameras produce are based on local decisions 

regarding suspicious behavior or risky events. These decisions are then connected 

with the LMSCC, as they produce data streams that can be monitored from 55 Broad-

way, partially in real time, and coordinated by the LMSCC in case suspicious behavior 

is detected (Greenemeier 2011). 

Yet these external private and public stakeholders not only provide data feeds, they 

also send personnel to the LMSCC. Hence, employees of Goldman Sachs, Citigroup, 

the New York Stock Exchange, the Metropolitan Transportation Authority (MTA), the 

Port Authority, and many more collaborate with the NYPD for on-site monitoring and 

evaluating incoming data to identify suspicious activities within the limits of the 

LMSI/MMSI (Greenemeier 2011). Furthermore, stakeholder representatives receive 

security and intelligence briefings and are in constant contact with NYPD personnel. 

The inclusion of external actors into police operations through the LMSI/MMSI serves 

multiple goals. For one, the integration of external CCTV systems enables the NYPD 

to achieve a higher degree of surveillance by filling the gaps between its own video 

surveillance systems (Falkenrath 2009). 

Furthermore, external staffers are supposed to aid LMSCC cops in identifying suspi-

cious activities, as they can contribute experience and knowledge specific to their 
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respective sites, supposedly accelerating the detection of possible risks and the re-

sponses to them. Moreover, the cooperation between the NYPD and private and pub-

lic stakeholders is aimed at increasing the “degree of common domain awareness for 

all Stakeholders [sic!]” (NYPD 2009). While it is not clear what common domain 

awareness includes, which data and information is exchanged to achieve it, and how 

the integration of private and external actors serves public safety, it is clear that these 

external actors are granted access to potentially sensitive information, and they are 

included in defining the suspicious behavior that initiates police responses in the 

field. 

As the NYPD reveals little information on data gathering, storing, sharing, and utiliza-

tion in the LMSI/MMSI, the concrete role, responsibilities, and capacities of external 

stakeholders remain widely unclear, posing questions about the shift of police re-

sponsibilities to actors from the private and public sector who are not necessarily 

mandated to conduct policing duties, as well as its impact on fundamental rights and 

values (Greer 2012, Supreme Court of the State of New York – County of New York 

2008, Supreme Court of the State of New York – County of New York 2009). Further-

more, it is clear that the department not only includes external human actors in the 

processes of defining suspicion but also increasingly technological agents. 

The massive amounts of data that permanently flow into the LMSCC are impossible 

to exhaustively monitor and evaluate for suspicious behavior and risky situations with 

a current staff of about 35 persons. Still, the incoming information must be assessed 

and selected according to the level of risk that it might indicate to provide operational 

value. This pre-selection is, in part, completed by police personnel, as a watch com-

mander chooses the camera feeds that are displayed at a videowall to be monitored 

by the staff of the LMSCC and thus receive heightened attention (Falkenrath 2009). 

But more importantly, the NYPD relies on automated alerts to draw attention to po-

tentially suspicious activities and events. 

Not all CCTV systems integrated into the LMSI/MMSI are connected to the automated 

data analysis tools. Specifically the externally run systems are included merely rudi-

mentary into the automated processes of data analysis leaving large shares of the 
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incoming video streams to be monitored by humans which suggests that substantial 

parts of this data is left unwatched. However, a large share of the data coming in 

from the sensors that feed the LMSCC, as well as all incoming 911 calls, pass through 

data analysis tools that operate as automated risk assessment systems, producing an 

alarm whenever they detect a risky situations. Hence, there are huge amounts of data 

automatically evaluated to produce alarms when risks are assumed. 

Following such alarms, an assessment procedure is run to review the alarm by moni-

toring and evaluating the accessible live data and possibly initiate actions in the field. 

Alerts appear on the operation wall, which is shown below, allowing the operators in 

the LMSCC to pull up 911 data, maps pinpointing the location of the reported inci-

dent, live video feeds from the respective area and its surroundings, and additional 

data and information deemed helpful for assessing the situation. Reviewing the avail-

able information, a supervising watch commander – along with the personnel at the 

LMSCC – decide whether and which action should be taken, then communicate with 

units in the field and the affected precincts and support the coordination of possible 

measures in the field (Falkenrath 2009, Levine & Tisch 2014). 

Figure 25: Another look into the LMSCC showing the operation wall (amNY 2012). 
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Automated risk assessment systems trigger alerts when predefined benchmarks, 

thresholds, or criteria are met. The configurations that initiate an alert depend on the 

distinct sensors or data streams involved. Radiation sensors simply react to the con-

centration of certain chemicals in the air or when particular isotopes are detected at 

all. Meanwhile, 911 calls are monitored by location and incident, alarming the LMSCC 

when calls occur that match the criteria defined as potentially indicating a terrorist 

threat within the LMSI/MMSI. Those may include reports of an active shooter, suspi-

cious packages, or hazardous material (Levine et al. 2017, Levine & Tisch 2014). 

While this type of automated sorting remains rather simple, the NYPD also employs 

more complex tools to analyze video data and the data provided by its ALPR. Auto-

mated video analysis, for example, allows the NYPD to automatically detect aban-

doned luggage, cars traveling against the flow of traffic, persons or groups loitering, 

or individuals in restricted areas. Moreover, the department stores video metadata 

enabling the NYPD to search the video material for particular features, such as spe-

cific objects or motions that have occurred. Thus, operators could, for example, mark 

a person with a red coat and compile video material that follows this person as 

he/she moves through the LMSI/MMSI. 

While the NYPD states that it does not use facial recognition software in the 

LMSI/MMSI, the department has at least tested the application of facial capture. To 

this end, it has photographed passengers entering various subway stations by utiliz-

ing MTA cameras to store the photos in a searchable database. In case of a terrorist 

or other criminal event, this data could potentially be used to identify suspects or to 

search for and compare photo material of suspects in order to reconstruct their path 

to and from the crime scene (Greenemeier 2011). Although the NYPD has not re-

vealed whether this technology has been rolled out, it shows the potentials and in-

vasive character of the expansive CCTV and video analytics apparatus the NYPD has 

created in Manhattan, as well as the risks it poses for privacy rights or individuals 
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unwarrantedly becoming a focus of investigations – for example, in cases of false 

matches in database queries. 

Various analytical methods and tools are also utilized for ALPR data. The NYPD has 

publicly discussed four methods of data analysis it applies with its ALPR system (Lev-

ine et al. 2017, Levine & Tisch 2014). For one, the department entertains a watch list 

of license plates, cars, or car owners of interest. Any car that enters or leaves Man-

hattan is cross-checked with this list as it is recorded by the ALPR. When a subject 

matches a license plate on the watch list, an automated alarm alerts personnel at the 

LMSCC, so that a supervisor can possibly order measures to address the occurrence. 

Additionally, all the data generated by the ALPR is stored for at least five years in a 

database that can be queried and contains information on the recorded license plates 

and the licenses they refer to, as well as the time, date, and location that they were 

registered by the ALPR. 

Based on this data, the NYPD conducts time-place analysis as well as routing analysis 

of cars on the watch list routinely every morning following an automated script that 

scans the stored data. Time-place analysis mines the data to find patterns in driving 

routines. Such a pattern may, for example, be a car entering Manhattan via Williams-

burg Bridge every morning on weekdays, then crossing Canal Street at a small selec-

tion of crossings and returning via the same route in the evening. Routing patterns 

follow the same logic, yet they refrain from examining temporal patterns, meaning 

that routing patterns simply identify that a certain license plate, when read at a spe-

cific location, is typically read at specific other locations subsequently: Anytime Car X 

has entered Manhattan via the Holland Tunnel, it has then entered the LMSI at a 

specific intersection before exiting the LMSI through another specific intersection 

and then Manhattan over Queensboro Bridge. These types of pattern could be used 

to plan or coordinate interceptions of cars on the watch list by deploying street stops 

at particular locations, for example (Levine et al. 2017, Levine & Tisch 2014). These 

functions hence offer a predictive quality, as they are meant to deliver information 

that anticipates individuals’ behavior based on recent movement patterns, thus 

providing the department with information fit to be used to plan the allocation of 

resources and develop operations. Furthermore, the NYPD utilizes “common plate 
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and associate analysis” (NYPD 2017) by detecting license plates that regularly move 

in close proximity to vehicles on the watchlist to generate hunches for investigations. 

While the analytical methods that the NYPD has revealed appear to be rather limited, 

it must be highlighted that the LMSI is a growing system. Material provided by the 

NYPD following a FOIL request entails a presentation by the company Vigilant Solu-

tions that supplies the NYPD with its ALPR system and analysis software. Here, the 

vendor advertises its database of 2.2 billion license plate records, which grows by 

about 100,000,000 records every month and can be accessed by the NYPD. Further-

more, the presentation displays the other analytical methods its software tools offer, 

including a stake-out function that mines license plate data in specific area to find 

likely suspicious patterns – for example, a car traveling between numerous locations 

of interest (NYPD & Vigilant Solutions 2015). Hence, as software capabilities grow, it 

must be assumed that novel methods of data utilization will present themselves for 

crime fighting purposes. 

As the department shares little information on its usage of data and data analysis 

tools in general, and specifically in the context of the LMSI/MMSI, it remains largely 

unclear how data is gathered and utilized in these areas of high surveillance. It is 

clear, though, that massive data flows are generated, combined, and utilized by the 

department to identify and address the activities considered to be suspicious or risky 

with regards to planning or committing terrorist acts. Against this backdrop, the in-

creasingly complex tasks of generating, collecting, processing, and evaluating data to 

construct suspicion are delegated to technological agents, meaning sensors and data 

analysis software, which interact or cooperate with human actors to define suspi-

ciousness. 

Radiation sensors, CCTV systems, and ALPR constantly monitor Lower and Midtown 

Manhattan, not just generating but evaluating data flows in order to sort urban 

spaces, individuals, and behaviors according to their assumed risk in relation to 

benchmarks, thresholds and criteria inscribed into the algorithms that sort the envi-

ronment to generate suspicion. Where software agents identify suspicious behavior 

according to the criteria inscribed in the algorithm trees that conduct automated risk 
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assessments, an alert appears on the operational dashboard, making the respective 

activities and incidents visible at the LMSCC. Alerts trigger a review protocol starting 

with LMSCC personnel checking the alarm. If corroborated, a watch commander is 

notified, again reviewing the material. If a false positive is ruled out, various data 

flows can be tapped to produce operational and real-time intelligence to deal with 

the situation: incoming calls can be mapped, a live feed of nearby CCTV cameras can 

be pulled up, and various maps and databases can be assessed to investigate the sus-

picion of terrorist activities. The watch commander can then initiate further actions 

– for example, dispatching officers in the field. Activities in the field are then coordi-

nated from the LMSCC in cooperation of cops and stakeholders. 

It is this complex field of distributed agency that contains data, data analysis, data 

inquiry tools, and a large set of actors from the NYPD as well as external agencies and 

their local knowledge and professional experience, wherein tasks are increasingly 

delegated to risk assessment software to pre-sort data by assumed suspiciousness 

and risk, making continuous surveillance possible by enabling the utilization of data 

that was impossible to process before automation. While the NYPD states that this 

blanket surveillance has helped the department to identify activities aimed at pre-

paring and pursuing terrorist actions and thus prevented them, this type of surveil-

lance comes with challenges and problems. 

The growing reliance on data and software agents to assess risk, construct suspicion, 

and target individuals or incidents yields an increasing fragility of these sociotechnical 

constellations of surveillance, sorting, and exerting control. Automated risk assess-

ment and its integration into decision-making processes demand for reliable soft-

ware tools, as well as up to date and accurate data, especially where multiple data 

flows are interlinked. Beyond that, a growing automation requires extensive tech-

nical knowledge to operate software and assess and utilize data analysis results as 

they may subject individuals to policing measures that might be harmful when un-

warranted (Ferguson 2017, Greer 2012, Joh 2014). 

Blanket surveillance, alongside data integration and analysis, also poses challenges 

regarding privacy rights, as guaranteed by the 4th Amendment. The NYPD stores video 
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data for at least 30 days; ALPR data is stored for at least 5 years; and further data, 

such as some types of metadata, is stored without a defined limit by default (NYPD 

2009). As this data is automatically processed, mined, profiled, and linked with other 

data to identify risks and support investigations – not only in but beyond the LMSI 

and the scope of counterterrorism – unpredictable infringements of privacy rights 

might occur, especially as external private and public stakeholder are involved in han-

dling and evaluating the data (Ferguson 2017, Greer 2012, Joh 2014). 

While the NYPD has published a guideline for safeguarding privacy and 4th Amend-

ment rights, the NYCLU, in a comment on these guidelines, notes that they are clearly 

insufficient for containing threats to these fundamental rights posed by the extensive 

surveillance measures conducted in the LMSI/MMSI (New York Civil Liberties Union 

2009:3): 

• The guidelines do not limit police surveillance and databases to sus-

picious activity; 

• Though the guidelines purport to limit police surveillance to areas 

where no legally protected reasonable expectation of privacy exists, 

they do not in any way seek to define or describe that critically im-

portant and deeply disputed concept; 

• Though the department’s press office suggested to reporters that 

the guidelines called for the destruction of data after 30 days, the 

guidelines in fact effectively allow the NYPD to retain information 

indefinitely; 

• The guidelines place no meaningful limit on the Department’s use, 

sharing, or dissemination of information collected by the surveil-

lance system; 

• The guidelines are unenforceable; 

• There is no independent oversight or monitoring of compliance with 

the guidelines. 

As the NYCLU lists the limitations and insufficiencies of the privacy guidelines, Greer 

(2012) underlines that it is the very concept of privacy itself that must be reconsid-

ered given the scope of surveillance that the LSMI/MMSI presents. The privacy guide-

lines state that “[t]he Domain Awareness System will be used only to monitor public 

areas and public activities where no legally protected reasonable expectation of pri-

vacy exists” (NYPD 2009: 3). Yet Greer (2012), referring to a Supreme Court decision 
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on privacy rights regarding the use of GIS for surveillance measures, highlights that 

with new tools to perpetually monitor public places, store data, combine data, and 

mine data – for example, to produce long-term mobility profiles of individuals – the 

meaning of reasonable expectations of privacy in public spaces may shift and thus 

must be re-negotiated, as data analysis and integration pose a level of scrutiny and 

invasion that were not achievable by older surveillance technologies and practices. 

These problems are further exacerbated by the NYPD’s secretive handling of its sur-

veillance technologies, which hardly allows an external evaluation and assessment of 

possible privacy and 4th Amendment infringements (Greer 2012, New York Civil Lib-

erties Union 2009). 

Where more tasks are conducted and distributed among a diverse set of human and 

non-human actors, the question of where the action is located becomes harder to 

answer; accountability blurs since internal and external staff, along with sensors, da-

tabases, and algorithms, contribute to the construction of risk and suspicion. At the 

same time, this heterogenous network or assemblage of seeing, knowing, and polic-

ing results in a continuous yet flexible surveillance and control over an oligoptical 

space, as the LMSI/MMSI is an open space of risk that experiences heightened scru-

tiny. Here, spatially and temporally continuous surveillance provides a perpetual link 

to urban spaces that can be related to further information on persons, places, inci-

dents, and objects by intertwining various databases and data analysis tools in order 

to create situationally flexible suspicion and risk assessments to target spaces and 

individuals with policing measures. These challenges will further grow since the NYPD 

has expanded its use of surveillance technologies, data analysis, and data integration 

tools substantially since the implementation of the LMSI/MMSI. 

5.3.4 The Domain Awareness System 

With the LMSI/MMSI, the NYPD and Microsoft developed a platform to integrate the 

various data streams generated through these initiatives. Having a unified communi-

cation and data analysis platform seemed crucial given the diverse scope of dataflows 

and cooperating actors, as well as the department’s plans to further extend its coun-

terterrorism initiatives to sites deemed at risk of terrorist threats, such as Yankee 

Stadium, Citi Field, or New York’s airports. Therefore, a data integration, analysis, and 
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communication interface was considered necessary to enable cops and external 

agencies to access, analyze, and share data in cooperation. Consequently, with the 

LMSI/MMSI, the DAS was implemented.10 

Now in the department the big push is for a tool called the DAS. That’s a 

NYPD-specific tool. That was developed in cooperation with Microsoft. 

The original incarnation of it was for a project in the Financial District 

called the Lower Manhattan Security Initiative. This was in response to 

9/11. So that’s early 2000s. In London they have their Ring of Steel. Same 

concept. So they set up all these video cameras and sensors, all this stuff. 

And they needed a way to integrate it all. So they created the DAS. And 

that’s basically what it was. It was a map interface for situational aware-

ness. It was a map interface that showed the location of the cameras, the 

license plate readers, the air quality sensors. So you can click on one and 

get any information you want. Based on the success of it, they expanded 

it city wide. And now it’s on everybody’s desktop and you can access it, if 

you have permission. But more importantly, every officer last year [2015, 

N.C.] was issued a smartphone and every car got a tablet and now they 

can access it on their phones. […] [I]t shows the 911 calls for service, it 

shows the complaints, historical complaints, it shows the arrests, it shows 

if there’s a parolee there or somebody on probation lives there. They can 

do an address search and get all the information associated with that ad-

dress, recent activity, all that sort of stuff. Now it’s in their hands in the 

field and that’s the big and latest thing. 

Pol_03 (supervising analyst at OMAP) 

While DAS was initially used within the LMSI/MMSI, the system was essentially set 

up to facilitate a function or mission creep, as it served to support investigations out-

side of counterterrorism, since its installment. This mission creep was further ex-

panded after DAS took off. The expansion of DAS envelops multiple aspects (Levine 

et al. 2017). 

 
10 The DAS was developed in a cooperation between Microsoft and the NYPD (Microsoft 2012). The 
NYPD receives 30% of the revenues that Microsoft makes by selling the product. Thus, the NYPD es-
sentially acts as a co-vendor of the DAS. This raises the question in how far public agencies in general 
and police organizations specifically should pursue commercial goals and how potential commercial 
interests may affect the utilization and evaluation of the product in question. 
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1) Instead of being limited to counterterrorism and the LMSI/MMSI, the DAS was 

rolled out as an data inquiry, data visualization, data analysis, and communica-

tion tool for the entire department. This roll out, combined with the launch of 

the NYPD Mobility Platform, provides smart phones to all officers and tablet PCs 

to all patrol cars. The DAS thus serves as the mobile interface for communication 

and data access. 

2) The DAS integrates growing numbers of databases that can be searched from 

desktop PCs in station houses and from mobile devices. Database access is regu-

lated with a system of authorizations that permit access depending on the role 

provided to the respective operator of the system. 

3) The DAS combines a growing set of analytical tools that are accessible depending 

on the authorization as outlined above. These tools include geospatial methods 

that enable officers to map geocoded information from accessible databases, 

such as complaints, crimes, jobs, 911 calls, warrants, parolees, or persons on pro-

bation. They also include the NYPD’s predictive policing tool, the Patternizr, as 

well as access to CompStat 2.0, which enables users to sift through CompStat 

data and process it by visualizing trends, mapping complaints, and accessing the 

relevant reports directly from crime graphs and maps for further inquiry with the 

DAS interface. 

4) The DAS serves as a communication tool, providing phone, email, and messenger 

services for officers, as well as a translation tool to enable communication with 

New York’s diverse communities. 

5) The DAS is driven by a substantial expansion of the sensors that the NYPD enter-

tains, utilizes, and networks to monitor urban spaces and by an increasing inte-

gration of these sensors into DAS as a platform that receives automated alerts 

from and allows access to live data feeds from networked CCTV, ALPR, gunshot 

detection, and radiation sensor systems but also from GPS trackers carried by 

patrol cars. Therefore, the growth of DAS is based on the extension of the de-

partment’s material surveillance infrastructure, which increasingly permeates 

the city. The backbone of this infrastructure is the NYPD’s own fiber cable net-

work and the data centers that the department has built to process, store, and 

distribute the growing amounts of data it generates, gathers, and receives. 
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DAS, on the one hand, aims at expanding, integrating, and accelerating data flows 

accessible to the NYPD. On the other hand, it serves to improve the utilization of data 

by enhancing and diversifying its analytical capabilities as well as “democratizing” 

(Levine et al. 2017, NYPD 2017) the accessibility and use of data by making it available 

to officers in the field. Thus today, the system serves as a communication, data inte-

gration, and data analysis tool for all the department, providing data access and anal-

ysis for various units, offices, and bureaus at all levels of the NYPD as well as cops in 

the street. This dynamic significantly changes the NYPD’s abilities, approaches, and 

practices of monitoring, sorting, and controlling urban spaces and populations by 

identifying and defining suspicion and risk to fight, prevent, and investigate crime and 

disorder. 

The DAS intensifies the surveillance of spaces considered risky for terrorist attacks as 

well as crime, increasingly. This results in a fragmented security landscape with oli-

goptical qualities, as it is selected geographies of the city that are subjected to height-

ened surveillance and control. These are the areas of the LMSI/MMSI, as discussed 

above, but also often poor Black and Latinx neighborhoods, which are defined as high 

crime areas (Jefferson 2020). Moreover, DAS enables a situational combination of 

multiple dataflows and data analysis tools in the field that ties in information and 

actors that were inaccessible to cops on their beats prior to its implementation. 

Thereby, it alters the processes, practices, and contexts of defining and constructing 

risk and suspicion by providing durable and flexible links to individuals, groups, pop-

ulations, incidents, and places that can be made visible, interlinked, and hence ap-

pear as subjects of knowledge and control in situ. 

The expansion of the DAS beyond the LMSI/MMSI and counterterrorism focuses on 

the integration and extension of the NYPD’s surveillance sensor systems. These in-

clude radiation sensors, ALPR, CCTV systems, and, as one of the latest additions to 

the department’s surveillance toolbox, ShotSpotters. ShotSpotters are automated 

gunshot detectors. Since 2015, the NYPD has installed these sensors in neighbor-

hoods that show high numbers of shooting incidents. The implementation of gunshot 

detectors assumes that large numbers of gunshots remain unreported, leaving nu-
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merous shooting incidents unknown to the NYPD and thus sparing them from en-

forcement and investigations (Levine et al. 2017, NYPD n.d. a, NYPD n.d. b). This as-

sessment is seemingly corroborated by the results of the ShotSpotter use, as the 

NYPD reports that only about 20% of the incidents picked up by the gun detection 

system are reported to police. Yet these numbers have not been supported by exter-

nal research. 

Shotspotters are hence supposed to make shootings visible that would otherwise go 

unnoticed, thus delivering a more accurate picture of shooting incidents in the mon-

itored areas. Furthermore, ShotSpotters are aimed at cutting down response time 

and delivering theses for investigations. To pursue this mission, gunshot detectors 

continuously monitor their surroundings acoustically and generate automated alerts 

when they detect what an audio analysis software assesses to be a gun shot. Alarms 

are then reviewed by cops in the NYPD’s Joint Operation Center (JOC) to validate the 

occurrence of gunshots by eliminating false positives. Following this validation, the 

alarm is pushed to the dispatch center as well as directly to officers in the respective 

area via the DAS, thus enabling them to answer the job potentially before it is dis-

patched over the radio. ShotSpotter sensors are able to triangulate the location of 

detected gunshots to provide information on the location of a shooting incident by 

delivering a map indicating the detected gunshots, as the picture below illustrates.  
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When numerous shots are fired and identified, the software delivers information on 

the chronological and spatial sequence of their occurrence, reconstructing the po-

tential travel of the shooter. 

Additionally, ShotSpotters are mounted with CCTV cameras that provide video foot-

age around the devices, which can be reviewed to investigate a shooting and even 

live footage, if the cameras are hooked up to the NYPD cable network (Levine et al. 

2017, NYPD 2017, NYPD n.d. a, NYPD n.d. b). 

The NYPD has invested large sums in expanding its data storage capacities as well as 

its fiber cable network in order to integrate the various scattered CCTV systems as 

well as the ShotSpotter devices, ALPR, and radiation sensors into a live surveillance 

network. A large number of these CCTV and ShotSpotter systems are located in so-

called high crime neighborhoods, specifically in NYCHA public housing developments. 

These neighborhoods are typically home to a predominantly Black and Latinx popu-

lation, who are thus subject to extensive surveillance measures permeating their 

daily lives (Jefferson 2020). 

Figure 26:  Model of the ShotSpotter gunshot detection process (ShotSpotter 2021). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened due to copyright regulations. 
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This is not new. The NYPD has, for example, long installed so-called VIPER units in 

many of the city’s NYCHA projects that operate local CCTV systems. Here, cops mon-

itor TV screens and alert their colleagues in case of suspicious activities or criminal 

incidents. With the DAS and the extension of the NYPD’s cable network, these data-

flows are increasingly available as live streams that can be accessed and monitored 

from anywhere in the department and automatically analyzed for suspicious behav-

ior, even generating alerts. The decentralized availability of surveillance livestreams 

that are automatically sorted to generate alerts in the precincts and the field enables 

the NYPD to install a continuous yet flexible mode of monitoring urban spaces de-

fined as high crime areas, similar as in the case of the LMSI/MMSI (Levine et al. 2017, 

NYPD n.d. a, NYPD n.d. b). 

In addition to the real-time data that the department’s large system of sensors pro-

vides, the DAS integrates numerous databases that can be searched and analyzed 

through a unified interface. 

The amount of information in DAS constitutes a big data problem. Audio 

gunshot detectors, 911 calls, license plate readers, closed-circuit televi-

sion cameras, and environmental sensors all feed real-time data into DAS. 

As of April 2016, it also contains the following records: two billion readings 

from license plates (with photos), 100 million summonses, 54 million 911 

calls, 15 million complaints, 12 million detective reports, 11 million ar-

rests, two million warrants, and 30 days of video from 9,000 cameras. All 

of these sensors and records are accessible easily from the DAS interface. 

Text records are searchable via an indexed search engine (Levine et al. 

2017: 4). 

To make these huge bulks of data somehow operational the DAS not only offers ac-

cess to these databases but also various tools to query, visualize, and analyze infor-

mation and link distinct databases and dataflows to create operational value. A 

ShotSpotter alert, for instance, enables operators to pull live video streams as well as 

video material from cameras in the respective areas around the time of the alert. It 

also allows cops to generate maps of the location, layering information they deem to 

be helpful, such as outstanding warrants, parolees, or persons on probation living in 

the area nearby. They may also tap into the 911 live feed to identify related incidents 

occurring or possible witnesses or to examine historic 911 and 311 data of the area, 
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searching for hints or patterns that may assist in investigations (Levine et al. 2017, 

NYPD n.d. a, NYPD n.d. b). 

Even though this 

information was 

available before 

the DAS, the inte-

grated system can 

significantly accel-

erate searches 

and analysis pro-

cesses, as it serves 

as a single inter-

face replacing 

separate search 

tools for numer-

ous databases, 

which produce 

separated results 

that must then be cross-related manually and transferred to additional data analysis 

or visualization tools in order to create operational information. While parts of the 

data and data analysis tools accessible through DAS are restricted to use in the station 

houses, at the patrol borough headquarters, or at 1PP, depending on the authoriza-

tion of the distinct users, some of the data is also available via DAS light on the smart 

phones and tablet PCs that officers and patrol cars are equipped with (Levine et al. 

2017). The picture above shows the mobile interface of Das light. 

Officers on patrol now receive alerts and 911 calls on their cell phones before they 

are dispatched over the radio. Each job listed in the DAS comes with additional infor-

mation added by the respective dispatcher that might not have been communicated 

over the radio, which is often limited to basic information (incident and address) due 

to congestion of the radio lines. Beyond the detailed information from emergency 

calls, the DAS can also display information fit to provide more context to the situation 

Figure 27: The DAS light mobile interface with an overview of its functions 
(NYPD n.d. b). 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

This picture is blackened due to copyright regulations. 
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the officers are about to encounter. This may include information on prior 911 calls 

or arrests at the address of the call or on open warrants, parolees, and persons on 

probation in the surrounding area. This information may enhance the situational 

awareness of officers to aid them in making tactical decisions; it may also support 

them in conducting preliminary investigations as they arrive on scene. 

[I]ndividual cops, Sergeants, Lieutenants, didn’t have access to that kind 

of computing power. Whereas now really almost any cop can sit at a ter-

minal and if he knows what he’s looking for can get a lot more infor-

mation. Like DAS light. DAS. It’s pretty amazing. It’s like Star Trek com-

pared to what I’ve started from. You put in a name or a house or a street 

and you get everything that’s happened there. It’s very, very, very effec-

tive. Let me give you an example: We’re going to a lot of domestic violence 

jobs. They can be very dangerous. They can be anything from it wasn’t a 

big deal to someone swinging a meat cleaver in kitchen. So, now when 

you come to a house, you can run DAS light and you can see the complete 

history of everything that has ever happened at that house. So, you’ll 

know that 6 persons have been arrested there over the last 2 years, 1 per-

son got a history of mental illness, one person was arrested for illegally 

carrying a gun. You know all that before you even knock on a door. This is 

very important and very useful. 

Pol_07 (lieutenant in the Transit Bureau) 

The DAS can be understood as a shortcut that provides information to cops in the 

field, which they previously had to request from the RTCC or precinct. There, cops 

and analysts had – and still have to depending on the request – to query multiple 

databases to provide their colleagues with information, which they now have at their 

fingertips as they are on their way to a job, providing more context to make decisions 

on the ground when approaching a given situation. 

At the same time, the DAS and the temporality it introduces by providing instant ac-

cess to geolocated data and automatically linking it to incidents, such as 911 calls or 

ShotSpotter alerts, refines the links that the NYPD and its members entertain with 

urban spaces and their population. It allows officers to situationally activate database 

entries to relate them to current events. Thus, persons who have a history with the 

department, documented in its databases – be it as victims, complainants, or former 
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perpetrators – may be likely to become the focus of police measures or investiga-

tions, as they might be linked to the incidents by (semi-automated) data queries. 

The ShotSpotter website lists an exemplary anecdote from NYC that illustrates the 

flexible durability created by the interplay of ShotSpotter alerts, databases, data in-

quiry tools, the NYPD Mobility Platform, and cops on the ground (ShotSpotter 2021c): 

After receiving a ShotSpotter alert via the DAS that directed them to a rooftop in 

Brownsville, Brooklyn, three NYPD cops found bullet shells that corroborated the sus-

picion that a shooting incident had occurred on the scene. They hence queried the 

DAS to retrieve information on the location. The system then provided them with the 

name and address of a person with an open arrest warrant living in the building. Con-

sequently, the officers visited the respective apartment, where the wanted person 

opened the door and was thus arrested. Additionally, the cops spotted some bullets 

sitting on the living room table and could thus obtain a search warrant allowing them 

to search the flat, wherein they found guns and ammunition, allowing them to arrest 

three people. While this marketing anecdote is supposed to depict how the ShotSpot-

ter technology successfully works together with the NYPD’s data infrastructure in 

supporting officers in the field with valuable information, it also highlights remarka-

ble shifts regarding the construction of suspicion that raise some questions. 

The construction of suspicion is here conducted in an assemblage of heterogeneous 

actors that interact in a field of distributed agency. Acoustical sensors pick up sounds 

that are algorithmically evaluated and classified as potential gunshots, constituting 

an initial suspicion that triggers an automated alert in a remote location, the JOC, and 

provides the cops there with acoustical data. This information is subsequently re-

viewed and validated or dismissed as officers listen to the sound bite, creating a fact 

that is, in the case of a true positive, shared with officers in the field via dispatch and, 

more importantly, via the DAS, which provides the assumed location of the suspected 

shooting incident. From there, the cops’ decisions are informed by database entries 

that they can access via the DAS in real time. While it seems reasonable that the of-

ficers in the example then execute an open arrest warrant, it must be highlighted that 

this warrant does not necessarily constitute a case of reasonable suspicion regarding 

the shooting incident in question. Yet, accidentally, the arrest enabled further arrests. 



 

 345 

Eric Piza notes that a ShotSpotter alert does not warrant police to conduct stops in 

the respective area or to enter a person’s house (Sandoval & Smith 2020). The anec-

dote above indicates, though, that the occurrence of a shooting in addition to a da-

tabase search may, in practice, constitute suspicion, leading cops to possibly unwar-

rantedly address persons with a criminal history who happen to be located nearby. 

Again, while the arrest in the example above appears to be reasonable and resulted 

in the apprehension of potential criminals, the question becomes which databases 

can cops access through the DAS and how can they use this information to constitute 

suspicion, which then initiates further measures taken on the ground. Does a 

ShotSpotter alert that appears in a predicted risk zone, in addition to database re-

trievals that list people in an over-inclusive gang database or other databases, which 

may have incorporated racially biased policing practices, for example, constitute a 

level of suspicion that would lead to and warrant these persons being sought after by 

police or targeted with further surveillance measures? 

Such questions on the concrete interplay of various human and technological agents 

in the context of the NYPD’s surveillance, knowledge, and policing practices grow in-

creasingly important as the sociotechnical constellations of distributed agency that 

constitute these practices become growingly complex and thus opaque and fragile. 

This process furthermore raises questions of police transparency and accountability, 

especially as they may yield or reenforce racially biased policing practices or infringe-

ments of 4th Amendment rights, which are supposed to protect citizens against un-

reasonable searches and seizures by government. When examining the ShotSpotter 

anecdote, it is evident, though, that the interplay of various human and non-human 

actors constitutes events, locations, and persons as suspicious or risky that would not 

have been considered so without the use of automated sensors and data analysis 

tools, along with decentralized, flexibly, and instantaneously accessible databases. 

5.3.5 Conclusion: The NYPD – a growing surveillant assemblage 

The growing digitization of the NYPD’ surveillance and knowledge practices is based 

on an ongoing implementation of digital technologies. Consequently, the depart-

ment’s surveillance infrastructure increasingly permeates the urban fabric to gather, 

generate, store, distribute, evaluate, and analyze data in order to monitor, sort, and 
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categorize urban spaces, populations, individuals, collectives, actions, and incidents 

by ascribing them differentiated levels of risk and suspiciousness. These assessments 

of risk and suspicion guide policing strategies and practices as well as strategic and 

tactical decisions to address places, persons, and activities with policing measures. 

This chapter has shown how the RTCC as a command and support center was in-

stalled to combine dataflows and databases, thus increasing the department’s ana-

lytical and investigative capacities and capabilities and translating them to the street 

to create more operational value for investigators on the ground. An exploration of 

the NYPD’s gang database has provided insight into how databases are used to mon-

itor and sort urban spaces and populations and how fragile and error prone these 

practices are, thereby landing large numbers of individuals under perpetual and flex-

ible police surveillance, making them situationally addressable with police measures. 

The exploration of the counterterrorism initiatives LMSI/MMSI and their command 

center, the LMSCC, has revealed a glance at the growing importance of digital sensors 

in the NYPD’s surveillance practices. It has also shown the simultaneously rising ne-

cessity to integrate the multiplying dataflows that the department generates and the 

reliance on automated data analysis tools to extract operational information from 

the growing and diversifying data streams that the department can tap. Illustrating 

the technological and operational realities of the DAS has furthermore illustrated 

how the expansion of the department’s digitizing surveillance and knowledge prac-

tices extends its surveillant assemblage, interlinking it neatly with the urban realm. 

Still, this subchapter merely presents an exploratory snippet of the broad panorama 

of the NYPD’s recent technological endeavors. Over the past years, the department 

has invested in numerous further technologies to improve its surveillance capabili-

ties: stingrays, drones, facial recognition technology, x-ray vans, social media surveil-

lance, and mobile TerraHawk towers are just some of the technologies the public 

knows of. 

This growing surveillant assemblage – with its diversifying scope and increasing num-

ber of surveillance technologies and devices – enables the NYPD to intensify its sur-

veillance efforts all across the city. Yet surveillance is not the same across the city. 

High-risk and high crime areas are the sites of heightened and targeted technology-
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driven surveillance. This selective and differentiated surveillance constitutes a frag-

mented security landscape of oligoptical control, which becomes visible and tangible 

in Downtown and Midtown Manhattan, but also when walking the neighborhoods of 

Harlem in Uptown Manhattan, East New York, Brownsville, Crown Heights, Bushwick, 

or Bedford-Stuyvesant in Brooklyn, and Mott Haven, Melrose, or Morrisania in the 

Bronx. These neighborhoods, like many poor Black and Latinx neighborhoods in NYC, 

entail areas that receive heightened police attention, as they are flagged as high 

crime or at high risk of crime by the NYPD. They are characterized by heavy police 

presence, visible and hidden CCTV and ShotSpotter systems, mobile watchtowers, so-

called SkyWatches or TerraHawks, and mobile high-intensity floodlights installed by 

the NYPD. It is here that the oligoptical view of the department sees best, as it mon-

itors, scrutinizes, sorts, and categorizes public and semi-public spaces, individuals, 

and activities by focusing its surveillance technologies and efforts. It is these scat-

tered places of focused surveillance where the complex interplay of various technol-

ogies, actors, dataflows, and knowledge practices and their impact on urban spaces 

and populations has advanced the furthest, as this chapter has shown. 

This oligoptical surveillance is based on a simultaneous dynamic that comprises the 

centralization and decentralization, as well as the acceleration and flexibilization, of 

data in mutual dependence. The surveillance sensors the department installed across 

the city generate a wide array of decentralized dataflows that establish a perpetual 

link between the NYPD and the sites and neighborhoods subject to surveillance. Yet, 

while the sensors are decentralized, they feed centralized data centers and databases 

in command centers, such as the RTCC, LMSCC, or JOC. Here, data can be retrieved, 

queried, visualized, and analyzed, as data and data analysis are mixed and merged 

with the experience and knowledge of the cops operating the data centers in order 

to compile information to support detectives and officers in the field or evaluate and 

assess events and situations considered risky or suspicious, guiding police measures 

on the street. Control centers thus serve as centers of calculation where various types 

of knowledge, information, and data are meshed and processed in cooperation be-

tween human and non-human actors, thereby constructing knowledge, suspicion, 

and risk assessments that direct police activities. In this field of distributed agency, 
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more complex analytical tasks are gradually delegated to software agents, generating 

operational value from the dataflows and data stocks that the NYPD handles. 

As of late, the NYPD Mobility Platform, in cooperation with the DAS, has again shifted 

the processes and constellations of the NYPD’s surveillant assemblage, facilitating a 

decentralization by making more data and data analysis tools available in the precinct 

and moreover for the individual cop in the street. By using the DAS on their smart 

phones and tablet PCs, cops can now retrieve information from numerous databases 

and receive near real-time sensor alerts, which they can integrate into their daily 

practices. Consequently, each cop can be understood as a center of calculation that 

integrates and processes multiple dataflows in cooperation with his/her mobile de-

vice. 

The decentralized availability of these dataflows and their integration into practices 

of individual risk assessment, conducting investigations, and constituting suspicion 

are based on the acceleration of data, as well as the flexible accessibility of data 

through an interface that allows the querying various databases and interlinking in-

formation situationally to enhance awareness and decision-making on the ground. 

Therefore, decentralized data access provides a perpetual link to persons, incidents, 

and places stored in accessible databases, which can be flexibly activated to include 

the practices of constructing risk and suspicion conducted collaboratively among hu-

man and non-human actors. The advancing implementation of digital surveillance 

technologies has hence not only extended the policing assemblage of the NYPD, it 

has also altered its spatiotemporal order and the relationships it entertains with the 

urban. 

As the NYPD adds a growing variety and number of digital surveillance and knowledge 

tools to its arsenal, it tightly intertwines NYC’s urban assemblage with the policing 

assemblage. In doing so, it constitutes sites considered high risk or high crime as areas 

of focused surveillance, installing an oligoptical view to monitor and sort the city and 

its population. This approach creates a complex and fragile interplay of various hu-

man and non-human actors that collaboratively organize, manage, and interlink var-

ious dataflows, types of knowledge, and experiences in centralized command centers 
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and scattered across the city. Through this interplay targets of police measures and 

actions are detected and defined. The expansion of the NYC policing assemblage 

,through its surveillance infrastructure, thus inscribes itself in the materiality of the 

city; it thereby produces dataflows that, in a sociotechnical field of distributed 

agency, provide the police with knowledge to sort spaces, populations, and activities 

and consequently exert control over them. As the processes and constellations of 

these practices grow increasingly complex and opaque, it becomes crucial to find 

ways to foster police transparency and accountability and prevent biased, unfair, and 

unwarranted policing practices, addressing those primarily exposed to the oligoptical 

view of the NYPD. 

Excursion: CompStat, Crime Mapping, and Predictive Policing in Berlin 

As NYC’s crime rates plummeted in the early and mid-1990s, countless journalists, 

scholars, and police executives from across the world visited 1 Police Plaza in Down-

town Manhattan. They came to learn about the policing strategies and practices, 

managerial approaches, and techniques that Bratton’s NYPD claimed were responsi-

ble for the crime drop in the five boroughs and NYC’s renaissance. Among these visi-

tors were numerous German police executives searching for aspects of the New York 

model of policing that they could implement in Hamburg, Cologne, Frankfurt, and 

Berlin. 

Indeed, as in the US, policing in Germany underwent substantial changes throughout 

and since the 1990s, some of which resembled the transformations that unfolded in 

NYC. Despite similarities in strategic focal points and policing approaches and a 

shared trajectory of digitization, however, it is apparent that the concrete forms of 

police innovations differed based on the distinct local and national conditions, con-

texts, and frameworks. This excursion to the case of Berlin briefly outlines the simi-

larities and differences in the policing transformations of NYC and the German capitol 

since the 1990s. 

Much like NYC, Berlin suffered severely from the urban crisis that unfolded in the 

wake of post-Fordist socio-economic transformations. Additionally, Berlin underwent 

rapid social change driven by Germany’s and Berlin’s reunification. The city had to 
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cope with the sudden deindustrialization – or even de-economization – of East Berlin, 

which inflicted substantial stress on the local social and economic structures and con-

ditions as well as the local population. West Berlin had already experienced a signifi-

cant deindustrialization during the Cold War, and it now faced an abrupt and large-

scale termination of state subsidies, leading to an exodus of jobs on both sides of the 

former Berlin Wall. These dynamics resulted in a fiscal and financial crisis that hit the 

State of Berlin hard, limiting its capacities to react to social problems in a time of 

comparatively high crime rates and widespread, visible occurrences of disorder and 

incivilities (Darnstädt 1997, Eick 2010, Saberschinsky 1997). 

Given this problem constellation, the NYPD appeared to offer an attractive model to 

tackle crime and disorder (Darnstädt 1997). The reception of the New York model of 

policing in Germany and Berlin was centered around broken windows or quality-of-

life policing rather than CompStat as a data analysis and management process (Bäss-

mann & Vogt 1997, Darnstädt 1997, Feltes 1997). Indeed, Berlin Police increasingly 

included the concepts of fighting misdemeanor crimes, disorder, and incivilities, fol-

lowing the idea that addressing minor infractions would prevent more severe crime 

and emphasizing the goal of improving perceived security (subjektive Sicherheit). 

However, enforcing disorder laws and regulations is not a key responsibility of the 

police forces in Germany. Instead, this task is conducted by municipal departments 

of public order and safety (Ordnungsämter). Hence, the Berlin Police could not push 

a broken windows approach of policing as the NYPD did. Instead, the Berlin Police 

increasingly initiated and pursued cooperation with local Ordnungsämtern as well as 

private security companies to promote a quality-of-life-oriented strategy (Eick 2010, 

Saberschinsky 1997). 

Furthermore, the 1990s saw a shift in social policies to space-based and neighbor-

hood-oriented approaches that focused on areas referred to as problem areas, dis-

advantaged neighborhoods, or deprived neighborhoods. Here, governmental pro-

grams supported and installed local initiatives, oftentimes run and overseen by non-

profit or third-sector organizations, that aimed at facilitating and fostering local social 

networks, improving local living conditions, and supporting capacity building. Such 

initiatives regularly included attempts to tackle disorderly conditions by addressing 
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groups of alcoholics, drug users, panhandlers, homeless, or (ethnic) youth in public 

spaces with measures focusing social inclusion and support as well as spatial exclu-

sion (Eick 2010). 

Like the NYPD, in the 1990s, police in Berlin attempted to revise their organizational 

and managerial processes and structures. Similar to the NYPD, Berlin Police increased 

organizational flexibility while delegating tasks, responsibilities, capacities of deci-

sion-making, and the accessibility of personnel and material resources down to the 

precincts (Abschnitte); simplifying and accelerating communication across units and 

hierarchical levels; and installing more effective controlling processes. However, 

some of these initiatives were limited by local laws and guidelines as well as organi-

zational cultures. These limitations included the competencies of the police commis-

sioner (Polizeipräsident*in); a more cooperative style of leadership; labor laws im-

peding the termination of personnel in a hire-and-fire style as conducted by the 

NYPD, especially in the early days of CompStat; regulations prohibiting quotas or de 

facto quotas as performance measurement tools to promote, demote, or terminate 

personnel; and more restricted financial resources. Furthermore, Berlin Police did not 

have information and communication infrastructures, processes, and practices in 

place to monitor its cops’ activities as tightly as the NYPD or to monitor crime trends, 

patterns, and clusters in near real time like the NYPD since the implementation of 

CompStat (Bässmann & Vogt 1997, Saberschinsky 1997). This situation has changed, 

though, as crime mapping has been established as a planning and strategizing tool 

for the department. 

While the Berlin Police may not track officers’ activities and link them to crime clus-

ters using crime maps, crime maps do inform and guide policing strategies and prac-

tices on the ground. The implementation of crime mapping was accompanied by 

strides to consolidate the department’s data and information infrastructure by build-

ing a CDW (Heitmüller 2017, Abgeordnetenhaus Berlin 2019). It is not clear, though, 

how far the department has come in its efforts to integrate data, nor is it publicly 

known how far crime mapping is integrated into daily policing and knowledge prac-

tices in the precincts. However, at the city-wide level, the Berlin Police use crime 

mapping, for example, to define high crime areas (kriminalitätsbelastete Orte). These 
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areas are then targeted with focused police resources, including officer presence, 

mobile CCTV systems, and operations addressing specific local conditions depending 

on the types of crime locally prevalent, such as assaults, drugs, or pick pocketing. High 

crime areas are regularly reviewed with respect to crime occurrences to spatially ad-

just or eliminate them, if crime has moved or significantly declined (Abgeordneten-

haus Berlin 2019b, Polizei Berlin 2021). 

The Berlin Police regularly face accusations of racial profiling, especially surrounding 

sweeping raids of public places targeting Persons of Color in high crime areas known 

for drug trade and use, such as Kottbusser Tor, Kreuzberg; Görlitzer Park, Kreuzberg; 

or Warschauer Straße; Friedrichshain. Furthermore, the concept of “kriminalitäts-

belastete Orte” institutionalizes high crime areas as geographies of heightened sus-

picion. Kriminalitätsbelastete Orte are defined as places where high numbers of 

crimes occur and where police expect people to gather to commit crimes (Polizei Ber-

lin 2021). This assumed increased level of perpetual spatialized suspicion legally war-

rants the police to stop, question, and frisk individuals without individual reasonable 

suspicion. This practice is criticized since it spatially selectively suspends fundamental 

rights based on a de-individualized and instead spatialized suspicion. Moreover, it is 

accused of fostering racially discriminatory policing practices that again dispropor-

tionately affect Persons of Color (Belina & Wehrheim 2011, KOP Berlin n.d., Frank 

2019, Memarnia 2018, Ullrich & Tullney 2012). 

Following the common trajectory of crime mapping observed in NYC and worldwide, 

the Berlin Police have implemented predictive policing, starting with a pilot in two 

Polizeidirektionen (comparable to the NYPD’s patrol boroughs) in 2016. Today, the 

Berlin Police predict burglaries city-wide. Thus, they process data from their CDW, 

which provides daily updated crime, modus operandi, and environmental data, as 

well as data from the state police in Brandenburg, Berlin’s neighboring state. Addi-

tionally, the department procures data from external data vendors. Still, about 90% 

of the data in its predictive algorithms is police data (Abgeordnetenhaus Berlin 2019, 

Heitmüller 2017, Polizei Berlin 2017). The focus on burglaries is due to relatively high 
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incident numbers in this crime category and the fact that a high percentage of bur-

glaries are reported to police as it is mandatory for filing for insurance claims 

(Heitmüller 2017). 

Like the NYPD, the Berlin Police have developed their own software tool to forecast 

crime: KrimPro. KrimPro widely runs on Microsoft Tools to produce predictive maps, 

flagging grid boxes of 400m x 400m according to their risk of taking burglaries. To do 

so, the department leans on the near-repeat approach. Its predictive algorithm tree 

is hence programmed to identify and localize series of burglaries according to their 

spatial and temporal proximity and assess the probability of professional perpetra-

tors by scoring weighted modus operandi information. When the software detects a 

likely professional series, it ascribes a high-risk score for burglaries to the surrounding 

geographies as professional series are assumed to be likely to continue, since they 

typically follow a certain pattern (Abgeordnetenhaus Berlin 2019a, Heitmüller 2017, 

Polizei Berlin 2017). The algorithm tree and the weight that is attributed to the dis-

tinct modus operandi characteristics is regularly revisited and adjusted to recent 

events and insights by analysts. 

Each Polizeidirektion generates one to three predictions a day, with up to five risk 

cells per prediction but no more than 10 risk cells per day. Predictions are then re-

viewed by an experienced officer, and if the predictions are approved, they are dis-

seminated to the precincts covering the predicted areas. At the precinct level, the 

predictive maps are assessed again, and local commanders decide if and how to act 

on them. As of 2017, predictive maps in Berlin were distributed as PDF documents, 

but the department has since developed tools to produce more dynamic maps, ena-

bling cops to access additional information via the map interface (Heitmüller 2017). 

While the Berlin Police achieve increasing accuracy scores with this software, the de-

partment remains skeptical of the causal links between predictive policing and crime 

prevention. It notes that it has not yet evaluated the effects of predictive policing on 

crime rates and the evaluations of these links carried out by other agencies are in-

conclusive regarding a causal link between predictive policing and drops in crime. 
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Still, the Berlin Police ascribe the predictive maps a helpful operational value support-

ing planning practices and the allocation of resources (Abgeordnetenhaus Berlin 

2019a, Heitmüller 2017). 

State police forces in Germany, which are responsible for developing, procuring, and 

implementing predictive policing tools, generally appear to be undecided on the 

value of predictive policing. Thus, police in Baden-Württemberg and Hamburg have 

opted against a roll-out of predictive policing. While Baden-Württemberg explained 

this decision with low crime numbers that would prohibit valuable predictions, Ham-

burg stated that their crime data does not meet the quality criteria necessary to run 

reliable predictions. Still, both departments declared that they would increase their 

efforts to generate valuable datasets and push data integration (Mayer 2019, Winter 

2019). Thus, even though the assessment of predictive policing might differ from po-

lice organization to organization, it is clear that crime mapping and predictive police 

can facilitate and foster strides toward more data integrity, data integration, and 

data-driven policing, even if the concrete paths that police forces choose may vary 

from case to case. 

In NYC, the latest initiative to generate, process, utilize, and disseminate data is the 

DAS, which, in combination with the NYPD Mobility Platform, functions as a data in-

tegration, analysis, and communication platform. The DAS has been successfully sold 

to multiple police forces in the US and around the world (Levine et al. 2017). The 

Berlin Police were not one of these forces. A project of similar scale and scope is not 

being conducted in Berlin. However, the department does employ CCTV systems to 

monitor public places as well as technologies, such as stingrays and silent SMS to 

locate cell phones. Furthermore, the train station Berlin Südkreuz was the site of a 

pilot project testing facial recognition software run by the Federal German Police 

(Bundespolizei) (Abgeordnetenhaus Berlin 2019b, Bundespolizei 2018, Monroy 2020 

). Yet the systematic, networked, and increasingly automated surveillance of specific 

urban spaces, as accomplished by the DAS, is not in place. Yet, CCTV surveillance par-

ticularly is a regular subject of debates on urban security. 
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Currently, police efforts to expand the surveillance of public spaces and the swift 

propagation of automated data analysis tools that integrate increasingly large and 

diverse sets of data have been hampered by public debates, as well as privacy and 

data protection laws. Still, the police forces in Germany are increasingly implement-

ing technologies to generate, gather, store, analyze, and utilize data and politically 

push for more capacities and capabilities to employ such tools, as well as changes in 

the legal frameworks that govern their use of data and data analysis, in order to ex-

pand their scope of use. 

Certainly, police surveillance and knowledge practices will increasingly rely on digital 

technologies for the potentials that they offer and are ascribed. Thus, it is necessary 

to critically assess this development by identifying and highlighting the risks these 

technologies bear for fundamental rights and values and the harm they may inflict 

on the individuals and populations subject to police surveillance and measures. Con-

sequently, processes and regulations can be developed to limit and guide the use of 

digital surveillance technologies or promote tools and applications that may serve to 

control the police, enable community participation, and enhance democratic polic-

ing. 

5.4 Conclusion: Oligoptical surveillance and the fragmented security landscape 

of NYC 

The digitization of the NYPD did not start with CompStat, yet the implementation of 

CompStat in the mid-1990s represents a liminal moment in the surveillance and 

knowledge practices and processes of the department, since CompStat has contrib-

uted largely to a reconfiguration of the policing assemblage of NYC. This reconfigura-

tion comprises novel technologies, strategies, and practices of policing and, conse-

quently, a transformation of the links and interactions between the police, urban 

spaces, and populations. 

With CompStat, the NYPD installed a process that not only enabled the department 

to digitize growing amounts of crime and complaint data, but also served as an OPP 

for organizing the departmental practices of sharing and analyzing data to align ac-

tors at various levels of the department by utilizing data so that crime trends, 
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hotspots, and patterns were established as primary reference points for developing 

policing strategies and operations and carrying them out in the field. This way, as-

sumptions derived from space-based criminologies were translated into practice as 

crime mapping and statistical analysis were applied to identify so-called high crime 

areas and address them with focused police resources and measures. This approach 

drove the transition from a one-size-fits all model of random patrol, rapid response, 

and reactive investigations for the entire city to a policing approach that understands 

the city as a landscape of differentiated risk and addresses it as such. 

This strategic transition is based on an alignment of actors that is driven by an accel-

eration of data access, distribution, and analysis, facilitating knowledge practices that 

tie in actors from various units, precincts, and organizational levels. Collaboratively, 

they define high crime areas and areas at high risk of taking crimes and develop strat-

egies accordingly to put them in practice by allocating investigative and patrol re-

sources fit to local conditions. Yet, while CompStat has contributed to a coherent ap-

proach of generating and utilizing data, this data-driven approach also creates con-

testations, resistance, malfunctions, and subversions. These become visible in prac-

tices of manipulating numbers, the racially biased overpolicing of specific neighbor-

hoods, and flawed practices of generating data, which produce faulty and racially bi-

ased datasets promoting, reenforcing, and tech-washing distorted policing strategies 

and practices of overpolicing and underserving, particularly in poor Black and Latinx 

neighborhoods. 

Furthermore, while CompStat generated coherence, it also integrated more actors, 

human and non-human, into processes of defining the targets of policing. In this con-

text, conflicts and contestations arise among various actors, as priorities and objec-

tives surrounding the definition of goals and allocation of resources may differ among 

them. Hence, when examining the mundane sociotechnical practices undertaken 

within CompStat, the process appears as a fragile constellation requiring perpetual 

maintenance and re-adjustments of the roles, functions, objectives, priorities, inter-

actions, and collaborations it contains to construct data, information, and knowledge 

that feeds the cooperative practices of constituting risk, suspicion, and targets of po-

licing. Despite this frailty, CompStat has significantly contributed to a rearrangement 
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of NYC’s policing assemblage by altering the creation and organization of the data-

flows that link the city and its population with the NYPD, reterritorializing the city as 

its subject. 

Crime mapping is an integral tool in the department’s efforts to improve and expand 

its data-driven crime analysis efforts and utilize the growing amounts of data it has 

at its disposal. Geoinformation Systems were systematically introduced with the 

CompStat process and have established crime mapping as a key method of data vis-

ualization and analysis for the NYPD. They have allowed the department to translate 

its space-based approach of understanding and tackling crime into practice. Crime 

maps draw together geocoded data to visualize spatiotemporal clusters of crime 

based on crime and complaint data. Such hotspots then become the primary targets 

of policing based on the assumption that they represent an elevated risk of further 

crime in the future. 

To enable precinct executives and analysts to develop strategies and operations tai-

lored to the local conditions in these hotspots, advanced GIS include functionalities 

allowing analysts to add further police data as well as environmental data, augment-

ing crime maps with additional information. High crime areas or hotspots are hence 

subject to heightened scrutiny and targeted policing measures. Maps thus contribute 

heavily to creating a spatial knowledge that renders the city as a fragmented land-

scape of differentiated risk, consequently facilitating differentiated and focused po-

lice responses, which then constitute the city as a fragmented security landscape of 

oligoptical quality. 

In this context, crime maps facilitate a focused view of the city, specifically of areas 

considered as high crime or high risk. However, maps do not merely represent a given 

reality. Rather, they are selective and contingent data doubles that combine various 

dataflows depending on data quality, data validity, data availability, and the functions 

and capabilities of GIS, as well as analysts’ abilities and resources. These data doubles 

are then linked to discourses on crime, crime trends, and crime clusters at the pre-

cinct, borough, and city level, as well as between actors at various organizational lev-

els. Maps thus function as communication platforms that guide and inform debates 
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on crime, urban spaces and populations, and police strategies and operations, merg-

ing data, data analysis, and standardized information with professional and anecdotal 

knowledge and personal experience. 

The surveillance and knowledge practices surrounding crime mapping thus tie in a 

diverse set of human and non-human actors through growingly complex interactions 

with software agents, which conduct increasingly sophisticated tasks. This process 

fosters the fragility of these interactions as it becomes more demanding to align the 

heterogeneous set of actors and have them reliably pursue their roles and functions 

within the policing assemblage to attain collective goals and objectives. This fragility, 

for example, pertains to practices of validly and reliably generating and processing 

data or interpreting the data and data analysis in a way that provides accurate and 

operational information. 

As the analytical capabilities of GIS grow, increasingly complex tasks are delegated to 

crime mapping applications, obscuring their analytical processes by black boxing 

them. This dynamic hampers the transparency of decision-making processes as they 

play out in police organizations and bears the risk of tech-washing racially biased po-

licing practices based on data-driven or data-aided crime analysis, strategizing, and 

decision-making. These risks are exacerbated by the growing inclusion of a wider and 

more diverse scope of data and more complex algorithmic models to define areas at 

high risk of experiencing crime, which are then addressed with policing measures, as 

is the case of predictive policing. 

As crime mapping or predictive policing tools draw on racially biased datasets 

overrepresenting Black and Latinx populations they tend to flag poor minority neigh-

borhoods as high crime and high risk, making them the targets of focused policing 

measures. Yet the racially skewed character of police data is regularly ignored. In-

stead, police data and crime maps, as well as predictive maps, are typically perceived 

as facts by police and integrated into departmental accountability and performance 

measurement procedures thus serving as an important reference point for develop-

ing operations and allocate resources. While crime mapping, predictive policing, and 
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hotspot policing can be helpful approaches for tackling crime and disorder, inaccu-

rate or racially biased data can simultaneously reenforce and tech-wash policing 

practices that target and harm minority populations. This is particularly problematic 

when policing is based on a broken windows model, as is the case with the NYPD, 

which has translated assumptions from the broken windows concept into an aggres-

sive style of policing. This space-based, confrontational policing approach has 

strained police–community relations; diminished trust in the police, particularly in 

poor Black and Latinx neighborhoods; and alienated local communities from the po-

lice, as they experience the NYPD’s approach as invasive, harmful, and ignorant to 

their needs. 

At the same time, crime maps and the use of a large scope of data provide the chance 

to overcome the reductionist police perspective on crime, the city, and its population. 

As crime maps serve as communication platforms, they bear the potential to include 

various local actors, along with their demands, experiences, and knowledge in sub-

stantiated and systematic formats of community policing that utilize these perspec-

tives to define objectives and guidelines of police work and track and evaluate polic-

ing practices, strategies, and policies. Such a substantiated approach of community 

policing is not in place yet, and it is unclear – or rather, unlikely – that this approach 

will be embraced by the NYPD, beyond its limited model of neighborhood policing. 

Instead, the department increasingly leans on an oligoptical rationality, strategy, and 

practice of surveillance and control as it expands its surveillance infrastructure, par-

ticularly into zones considered at high risk of terrorist attacks and crime. Here, the 

department has extended its use of sensors to perpetually monitor urban spaces and 

populations, including radiation sensors, ALPR, CCTV systems, and gunshot detectors. 

These technologies provide continuous streams of data that are automatically ana-

lyzed and sorted by software agents to generate automated alerts in case of suspi-

cious incidents and behaviors. It is these automated alerts that draw increasing op-

erational value from the big data streams of the NYPD’s surveillance infrastructures. 
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These flows of data, created at various locations across the city, are drawn together 

in multiple command centers where they are analyzed by cops and civilians sup-

ported by numerous databases, as well as data inquiry, visualization, and analysis 

tools that detect, define, and track suspicious incidents and activities to inform and 

guide cops in the street. With the extension of DAS through the NYPD’s Mobility Plat-

form, this centralization of dispersed dataflows is complemented by a motion toward 

decentralization, as cops in the field can now access multiple databases containing 

spatial, incident, and personal data and data analysis tools, as well as sensor alerts to 

raise situational awareness, speed up communication flows, and guide decisions on 

the ground. 

This situational accessibility of data and data analysis – as well as the processes that 

are visible in the areas of targeted surveillance – display hybrid knowledge practices 

that combine human actors; various technologies for gathering, storing, processing, 

and disseminating diverse sets of data and information; and local, technical, and pro-

fessional knowledge and experience in order to conduct risk assessments and con-

struct suspicion initiating policing measures, which address specific places, persons, 

or groups. Due to their complexity and the dynamics of technological black boxing, 

as well as the NYPD’s secretive handling of its use of surveillance technologies, these 

practices remain widely opaque to the public and pose questions of algorithmic in-

terpretability, transparency, and accountability, thus questioning police transparency 

and accountability. 

Furthermore, focused blanket surveillance of particular places that growingly relies 

on automated data analysis and data integration challenges the notion of privacy 

and, moreover, 4th Amendment rights of those who frequent areas of heightened 

surveillance and even more of those who inhabit them. As the NYPD specifically tar-

gets so-called high crime areas, which are mainly poor Black and Latinx neighbor-

hoods, focused surveillance seemingly perpetuates racially biased and discriminatory 

surveillance and policing practices. Hence, it must be asked how heightened surveil-

lance may harm communities that are the primary targets of continuous surveillance 

and policing. Furthermore, focused surveillance may hamper police–community re-

lations and trust in police, as it is perceived as invasive, unfair, and illegitimate. 
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The digitization of police surveillance and knowledge practices as they guide policing 

strategies and practices – and the interactions and interrelations police entertain 

with the urban – comprises manifold dynamics and aspects. The implementation of 

CompStat, application of crime and predictive mapping, and utilization of growingly 

automated sensors, data integration, and data analysis have facilitated collaborative 

knowledge practices that increasingly rely on standardized and explicit information 

over experience and personal knowledge. Against this backdrop, hybrid constella-

tions linking heterogeneous sets of actors emerge and proliferate. Within these con-

stellations, the tasks of generating, accessing, disseminating, integrating, visualizing, 

and analyzing data are increasingly delegated to technological actors, thereby push-

ing a shift of distributed agency driven by the addition of digital technologies, an ac-

celeration and (de-)centralization of dataflows, the advancing capabilities of software 

agents, and the growing capacities of the NYPD’s information and communication 

infrastructure. 

This shift in distributed agency contains the reconfiguration of tasks, roles, functions, 

and responsibilities – as well as of the flows of data and information in the depart-

ment’s surveillance and knowledge practices and processes. These reconfigurations 

alter the level and qualities of surveillance and the NYPD’s links with urban spaces 

and populations as a greater and increasingly diverse set of information is generated 

and utilized to monitor and sort urban spaces, populations, individuals, incidents, and 

activities according to ascribed levels of risk and suspicion. While these links are 

strengthened as surveillance becomes increasingly mundane, minute, and continu-

ous, they are also more fragile as the alignment, enrollment, and maintenance of 

sociotechnical practices, interactions, and links among the heterogeneous elements 

that constitute the NYPD’s surveillant assemblage grow more complex and demand-

ing. 

The mode of surveillance – driven by the acceleration, automation, and (de-)central-

ization of data and data analysis – takes the form of oligoptical control, constituting 

a fragmented urban security landscape. Here, specific places receive targeted surveil-

lance that enables the department to minutely scrutinize particular socio-spatial mi-
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lieus in order to exert control. This oligoptical view in the NYPD’s surveillant assem-

blage identifies and defines concrete subjects of control situationally, as databases, 

data inquiry, data visualization, and data analysis tools allow the flexible access and 

utilization of data to define suspicion and risk, thus resembling Deleuze’s idea of a 

society of control where open spaces are controlled by flexible means of surveillance. 

As the NYPD integrates and processes a growing amount and variety of data, the de-

partment’s decision-making processes grow increasingly opaque, challenging police 

transparency and accountability. At the same time, racially biased policing strategies 

and practices may be reenforced and hidden by black-boxed sociotechnical processes 

that rely on biased data, making it difficult to challenge them. However, digitization 

and the surveillance and knowledge practices it spawns are not uncontested. Looking 

into mundane practices of surveillance and knowledge shows moments of conflict 

and contestation, limitations, malfunctions, and subversions that surface from and 

challenge the processes of digitization. This refers to questions of data quality, re-

porting practices; the manipulation of crime and activity numbers; illicit policing prac-

tices; biased data; the interoperability and usability of databases and software tools; 

deficits in training; the interpretability of data analysis results; flaws and failures in 

the enrollment, alignment, and cooperation of human and non-human actors; and 

conflicts regarding the definition of risks, suspicion, trends, patterns, clusters, and 

the priorities and objectives of policing. Furthermore, resistance and contestations 

arise outside the department as political protests against policing strategies and prac-

tices, as well as conflicts with local communities, but also in form of the mundane 

practices of the subjects of policing withdrawing from police surveillance and control 

by adjusting or relocating certain activities. 

Despite these challenges, the digitization of NYC’s policing assemblage is a process 

that will continue and thus perpetually transform the department’s practices of ter-

ritorialization and reterritorialization as they meet resistance, contestations, and sub-

versions. So far, the NYPD’s strategies and practices of (re-)territorialization, as ob-

served since CompStat, have resulted in a dynamic that translates risk and space-

based, future-oriented rationalities of policing into the street as digital technologies 

have transformed the operational character of police data. While crime data had 
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merely an abstract strategic value, data acceleration, automation, and (de-)centrali-

zation have altered these characteristics so that crime data now serves as operational 

and situational information that is ascribed predictive value. 

As digitization advances, it is necessary to ask where growingly digitized structures, 

processes, and practices of surveillance and control are harmful and discriminatory; 

where they might yield positive effects; and most importantly, where they can be 

designed in ways that promote more effective and democratic policing, which sys-

tematically involves other actors than police. Digital technologies might be helpful to 

deliver data and information for this purpose, serving as platforms for the exchange 

and integration of external information, knowledge, perspectives, experiences, de-

mands, and needs, giving local communities authority in developing, evaluating, and 

controlling policing objectives, strategies, practices, and policies. Such inclusive and 

community-oriented discourses can then be part of a broader strategy of the de-se-

curitization of security policies, shifting responsibilities and funding away from the 

police to preventively address problems regarding crime and disorder. 

6. Understanding the Policing Assemblage: Technology, 
Knowledge, and Policing in NYC 

Technologies of seeing, sorting, and knowing have always been constitutive contrib-

utors to the ways police exert control over their subjects: individuals, populations, 

and urban spaces. Such technologies include the introduction of paper files, finger 

print technologies, or photography. Recently, the growing implementation of digital 

technologies has substantially altered police surveillance and knowledge practices. 

Databases, data inquiry tools, crime and predictive maps, surveillance sensors, auto-

mated data analysis, mobile communication devices, and other digital technologies 

have impacted policing in various fields, such as counterterrorism, white collar crime, 

online crime, crime scene work, or surveillance, patrol, and crime fighting in the 

streets. This dissertation focuses on the latter aspects by exploring how the police 

use digital ICT to fight street crime. 
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Here, the NYPD presents a vivid and significant case. The City of New York Police De-

partment spearheaded the systemic integration of data, data analysis, and digital sur-

veillance tools with the introduction of CompStat in the mid-1990s. Since then, it has 

continuously expanded its digital surveillance infrastructure. Consequently, the NYPD 

has built a growing surveillant assemblage that integrates a large bandwidth of dis-

tinct technologies, which generate, store, combine, analyze, and utilize data and in-

formation on urban spaces and places, individuals, collectives, incidents, events, ac-

tivities, and behaviors to identify threats, risks, and suspiciousness and provide infor-

mation to develop strategies and operations of crime fighting. Against the backdrop 

of such advancing digitization, this dissertation asks how the datafication of police 

surveillance and knowledge practices has altered the ways the NYPD perceives and 

understands the links between crime, the city, and its population and how these 

transformations translate into policing strategies and practices that then impact ur-

ban spaces and populations. 

A vast body of work in policing studies, surveillance studies, and criminology has in-

vestigated various aspects of the digitization of the NYPD. One of the focal points has 

been the CompStat process. A large share of this academic work describes CompStat 

as a management process and focuses on the organizational change that was facili-

tated with its implementation or its impact on crime numbers. Where digital technol-

ogies form the main subject of research, they are often conceptualized and explored 

as models or Idealtypen rather than as operational realities. Furthermore, studies on 

police technologies regularly overlook or neglect the constitutive functions of tech-

nological agents within social or sociotechnical formations. Instead, digital technolo-

gies are routinely considered as context, results, objects, or the mere means of social, 

cultural, or discursive practices. However, such approaches fail to capture the integral 

functions that technologies pursue in the increasingly digitally mediated field of po-

licing. Consequently, they often lack the tools and vocabularies to grasp the opera-

tional realities and mundane sociotechnical practices that unfold within processes of 

increasing digitization. 

To overcome these shortcomings, this dissertation has deployed theoretical concepts 

and methodological approaches from ANT and assemblage thinking, as well as terms 
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and ideas from surveillance studies, often referring to the work of Michel Foucault 

and Gilles Deleuze, among others. Drawing on these approaches, policing appears as 

a field of distributed agency consisting of a heterogeneous set of actors, technologies, 

types of data, information, knowledge, discourses, regulations, cultures, and tradi-

tions, as well as organizational structures and procedures that are interlinked 

through mundane activities and interactions. These activities and interactions poten-

tially result in durable networks and associations when roles, tasks, and functions are 

successfully delegated and coordinated among its members to pursue common goals 

and objectives, which are subject to perpetual negotiations. These networks or as-

semblages then organize and manage flows of data, resources, and actions in order 

to generate knowledge and exert control. Such processes of territorialization are reg-

ularly met with processes of deterritorialization that contest, subvert, and undermine 

a given order as it is produced through the processes of assembling and directing 

actors, actions, and material flows. As these lines of flight are reassembled, the rela-

tions, associations, and interactions that constitute an assemblage are adjusted and 

altered in processes of reterritorialization. Hence, to maintain stability actor-net-

works or assemblages are in permanent flux as the various human and non-human 

actors that comprise an assemblage continuously negotiate their roles, tasks, func-

tions, goals, and objectives. 

Thus, understanding policing as an assemblage or actor network draws the analytical 

focus of studying police surveillance and knowledge practices to the sociotechnical 

distribution of labor within a field of distributed agency constituted by the interac-

tions and cooperation of heterogeneous actors. Assemblage thinking and ANT hence 

highlight mundane sociotechnical practices, asking which actors conduct which activ-

ities, how actors are interlinked, how their functions and activities are related in or-

der to attain common goals and objectives, how these goals and objectives are ne-

gotiated in daily practices, how they are contested and undermined, and how flows 

of data, information, and resources are constituted and organized to produce the 

knowledge informing policing strategies and operations to exert control over individ-

uals and collectives, urban spaces and populations, activities and behaviors to 

fighting crime and disorder. Assemblage thinking, ANT, and the Foucaultian and 
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Deleuzian concepts of surveillance and knowledge therefore underline the links be-

tween knowledge and power as a capacity to create order and alignment in hetero-

geneous sociotechnical or sociomaterial constellations. This focus on knowledge, 

power, and order facilitates the question how surveillance and policing contribute to 

the spatiotemporal order of the urban as police generate knowledge to interfere with 

the urban by encouraging and fostering certain behaviors and activities in particular 

places while fighting, mitigating, deterring, and displacing others that are deemed 

criminal, disorderly, risky, criminogenic, or suspicious. 

To pursue the question how digital technologies have altered the NYPD’s practices 

and processes of generating knowledge to monitor urban spaces and populations to 

sort them by ascribing them differentiated levels of risk, criminogenity, or suspicion 

and to inform policing strategies and practices this dissertation delivers a technogra-

phy of the transformations that were facilitated by the growing datafication of the 

NYPD. This thick description of the sociotechnical practices of surveillance, 

knowledge, and policing draws on empirical material, including expert interviews 

with the police and policing experts, on-site visits, operations orders, public and legal 

documents, and academic articles and media coverage on technology and policing in 

NYC. This heterogeneous and rich empirical foundation – alongside the theoretical 

and methodological approaches of ANT, assemblage thinking, and surveillance stud-

ies – fosters a focus on mundane sociotechnical surveillance and knowledge practices 

and processes, highlighting the operational realities of the NYPD’s increasing digitiza-

tion. 

By overcoming a perspective that examines policing technologies as idealtypische 

models, this dissertation shows how –, through the digitization of the NYPD – risk-

oriented, future-oriented, and space-based rationalities and strategies of fighting 

crime were established and translated into policing practices on the ground. These 

processes of translation are driven by the decentralized availability of timely and 

standardized data and information, thus transforming the strategic character of 

crime data and statistics into an operational character of information ascribed pre-

dictive value. Such risk- and space-based rationalities foster spatially differentiated 
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policing strategies and practices that facilitate the fragmentation of the urban secu-

rity landscape. Thereby, they bear the risk of perpetuating and exacerbating distorted 

and discriminatory policing practices. 

As high-risk and high-crime areas become the targets of focused surveillance and po-

licing, it is clear that digital surveillance and knowledge technologies – such as sen-

sors, databases, and (automated) data visualization and analysis – enable a selective 

oligoptical view of the city and its population. Consequently, digital surveillance 

strengthens the NYPD’s grip over specific places and populations, which are perpet-

ually and flexibly constituted as the subjects of policing. At the same time, growing 

surveillance networks are characterized by an elevated fragility. As the policing as-

semblage comprises a growing number and variety of human and non-human actors, 

it is increasingly difficult and demanding to align its multitude of actors to produce 

reliable and valid information and knowledge through growingly complex processes 

of making harder facts in order to attain particular objectives. This complexity thus 

comes with malfunctions, subversions, and contestations. However, datafication of-

fers manifold potentials for gathering, processing, and utilizing diverse sets of data, 

which are ascribed a high operational value by police organizations. Hence, there is a 

continuous platformization of policing, and the question becomes how these pro-

cesses can be designed to exploit their potentials while minimizing harm and foster-

ing democratic policing. 

To track the trajectory of digitization that has enabled the NYPD to advance its bur-

geoning surveillant assemblage, the implementation of CompStat appears as an im-

portant point of departure. The CompStat process was built on management princi-

ples from the private sector, space-based criminologies and policing approaches, and 

the systematic digitization and utilization of complaint data and crime statistics. 

CompStat spawned and organized a reform of the NYPD by functioning as an OPP, 

that ties in information and communication from all organizational levels and multi-

ple bureaus, offices, and divisions of the department. In a process of acceleration and 

(de-)centralization, CompStat has facilitated a cohesive approach to crime analysis 

throughout the department, establishing crime trends, clusters, and patterns as a 

shared set of facts and primary reference points of policing. Consequently, CompStat 
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drove the alignment of the members and units of the department to a space-based, 

future-, and risk-oriented style of broken windows policing that centers around index 

crime numbers to guide processes of strategizing, decision-making, and resource al-

location. 

As an OPP, CompStat has reconfigured the department’s data flows by deconstruct-

ing data silos and integrating large volumes of complaint data and, gradually, further 

types of data related to crime into the CDW, even though this integration is anything 

but complete. CompStat has also created formats for a department-wide exchange 

of information and encouraged communication between various levels, organiza-

tional units, and precincts. This was enabled by a process that centralized crime data, 

thus making it available decentralized. As the same information is now visible and 

usable at various levels of the department, it serves as standardized facts in collabo-

rative approaches of data analysis to identify and discuss crime trends, patterns, and 

clusters while developing strategies and operations tailored to local needs.  

This dynamic of (de-)centralization has hence facilitated a shift in the practices of 

generating knowledge, defining risk, and identifying the subjects, objectives, and pri-

orities of policing from merely local contexts based on local knowledge, experience, 

and gut feeling to multi-scalar, collaborative practices spanning various organiza-

tional levels, geographic commands, and units based on a shared set of standardized 

and explicated information. Hence, departmental knowledge practices increasingly 

form hybrid constellations that interweave crime statistics, data analysis, gut feeling, 

local knowledge and experience, as well as experience and professional knowledge 

from various levels and sites of the department. Thereby, a multiplication of centers 

of calculation has unfolded with a growing number of sites and constellations in 

which data, information, and knowledge from various sources is integrated, com-

bined, and analyzed in order to develop strategies and conduct operations. 

While the alignment and cooperation of various actors produces a growing coher-

ence within the department’s surveillance and knowledge practices, it also facilitates 

conflicts and fragilities when assessing the interactions and interlinkages that con-

nect the heterogeneous set of human and non-human actors. As decision-making 
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processes and strategies are increasingly data-driven, the practices of generating 

data become a focal point of knowledge practices. By examining the department’s 

mundane practices of generating, storing, processing, and utilizing data, it becomes 

obvious that the generation and maintenance of valid and accurate data is a complex 

process of making harder facts, which requires permanent adjustments and efforts. 

Furthermore, the emergence of hybrid collaborative knowledge practices fosters 

conflicts regarding the definition and prioritization of goals and objectives among 

various organizational levels and units, as the patterns, clusters, and trends they de-

fine at their distinct levels according to their commands and missions may differ. The 

cohesiveness that CompStat promises thus comes with conflicts and contradictions. 

Despite these conflicts, CompStat has been able to translate space-based, future-, 

and risk-oriented rationalities into practice and establish them as integral approaches 

of policing. Thus, CompStat has facilitated a shift from an incident-based type of po-

licing based on random patrol, rapid response, and reactive investigations for the en-

tire city of New York to a trend-, cluster-, and pattern-based approach that targets 

statistical deviations of crime based on the assumptions that spatialized spikes in 

crime represent the risk of escalating crime patterns. In this context, CompStat trans-

formed the use of crime statistics to identify risk and guide policing from a strategic 

approach to an operational approach that informs daily decisions and practices, as 

the data quality has been transformed from a strategic to an operational quality 

driven by acceleration and (de-)centralization. 

CompStat has therefore altered the machinic function of the policing assemblage by 

rearranging material dataflows and its enunciative function as it has linked these da-

taflows with rationalities and discourses of space-based criminologies, which are ap-

plied to understand the links among crime, the city, and its population, utilizing crime 

data. These transformations can be described as a reterritorialization of the NYC po-

licing assemblage, as the NYPD has changed the structures, processes, and practices 

of defining its subjects of knowledge and policing and adapted its strategies and prac-

tices accordingly. By implementing space-based policing strategies and practices, the 

department has thus shaped the urban as a fragmented security landscape by target-

ing specific areas that are constituted as primary subjects of policing through data 
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analysis and visualization and established as targets of policing through CompStat as 

an OPP. Consequently, the reconfiguration of the policing assemblage of NYC is 

closely interlinked with a reconfiguration of the urban assemblage of NYC. This be-

comes even more apparent when looking into crime mapping and predictive policing 

tools which aid the department in identifying urban spaces and populations as targets 

of policing. 

The NYPD systematically implemented GIS and crime mapping with the CompStat 

process and established it as a key method of data analysis. Following a general tra-

jectory of GIS, these mapping methods were rather simple in the beginning and grew 

more sophisticated over time, particularly at the patrol borough and city-wide level. 

Crime maps display geocoded crime data to visualize the spatial and spatiotemporal 

distribution of criminal offenses. Apart from maps that pinpoint single incidents, GIS 

can produce density maps, cluster maps, or dual density maps. The latter compare 

crime densities over time and thus display spatialized crime trends – in other words, 

areas with increasing and decreasing crime numbers. 

Crime maps assist precinct commanders and analysts in identifying high crime areas 

or areas that show spikes in crime in order to address them with policing measures. 

They are therefore integral tools for translating space-based criminologies into prac-

tice, as they visualize crime clusters and thus render them the subjects of police 

knowledge practices. As crime data is available decentralized, crime maps can be gen-

erated at any level of the department with local data or data aggregated at the geo-

graphical level of patrol boroughs or the city. Consequently, crime maps function as 

immutable mobiles in department-wide practices of defining targets and priorities of 

policing as they represent a shared set of knowledge that can be communicated to 

develop strategies, make decisions, allocate resources, and track crime trends in the 

precincts at the patrol borough and city-wide level to hold local commanders ac-

countable for their strategies to fight crime. While precinct commanders have tradi-

tionally used pin maps hanging on the precinct walls to identify crime clusters, crime 

maps are now tied in the CompStat process as immutable mobiles. Thus, they are 

established as the primary reference point for understanding and tackling crime. 
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To improve the understanding of local crime trends, crime maps may be combined 

with further data. Data such as environmental information, data related to criminal 

incidents, or data on open warrants or the residence of persons on parole or proba-

tion is layered with crime maps to develop theses regarding the local emergence of 

crime and adequate crime fighting strategies. Crime maps thus construct and visual-

ize high crime areas as milieus of intervention, which are then further scrutinized by 

drawing on additional databases as well as personal and local knowledge and experi-

ence to contextualize the maps to forge operations. This approach reflects and fol-

lows a spatial reductionism regarding the understanding of crime that characterizes 

space-based criminologies and translates it into practice. 

Moreover, crime maps do not merely display or mirror a given reality. Rather, they 

are selective and thus contingent data doubles of urban spaces and socio-spatial dy-

namics based on the availability and quality of data, the capabilities of the GIS pro-

cessing this data, and the abilities of analysts to operate the data analysis tools and 

interpret their outcomes. Because crime maps are important tools in the NYPD’s col-

laborative knowledge practices, their selectivity is constitutive for the departmental 

discourses on crime, the city, and its population in so far that aspects and information 

that can be mapped, communicated, and discussed receive heightened attention 

within decision-making processes while aspects that cannot be shared via data visu-

alizations and analysis are potentially neglected. 

It is hence the technicity of crime mapping applications and their interactions with 

datasets, databases, analysts, and executives that form hybrid constellations of dis-

tributed agency, organizing knowledge practices aimed at identifying the targets and 

objectives of policing and informing local strategies and operations. As crime maps 

establish hotspots as policing targets, they facilitate an oligoptical view and mode of 

control since high crime areas are scrutinized more thoroughly and addressed with 

focused policing resources and measures. Thus, they are construed as areas of 

heightened visibility and control in a fragmented urban security landscape. 

To fight crime and disorder, the department addresses spatiotemporal crime clusters 

to encourage and foster certain activities, while trying to prevent, deter, and displace 
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behaviors considered criminal, risky, criminogenic, or suspicious. In doing so, the 

NYPD contributes to the spatiotemporal order of the urban assemblage. However, 

this dynamic cannot be understood as a unidirectional activity of exerting control. 

Rather, it unfolds in processes of de- and reterritorialization. As subjects of policing 

react to police measures by contesting them, adapting to them, or withdrawing from 

police control a spatio-temporal dynamic unfolds in a back and forth between police 

and the activities, individuals, and populations they aim to control. The NYPD at-

tempts to track these dynamics as they morph over time, utilizing dual density maps 

and spatiotemporal crime maps that, for example, visualize crime clusters by day and 

platoon. When they thus detect spatial or temporal shifts, they again tackle the 

changing hotspots and patterns to reterritorialize by re-establishing control. This on-

going back and forth therefore facilitates a dynamic socio-spatial and spatiotemporal 

order within the urban assemblage. 

Yet it is not only such local micro practices that contest and undermine police activi-

ties. Furthermore, police policies, strategies, and practices are regularly subject to 

political protests or community resistance if they are perceived as unfair or illegiti-

mate, as became apparent in the wake of the stop-and-frisk controversy that peaked 

with Operation Impact, a strategy using hotspot mapping and dual density mapping 

to target so-called high crime areas with confrontational and aggressive policing 

measures, which disproportionately targeted Black and Latinx populations. Protest, 

resistance, and litigation eventually forced the NYPD to abolish these racially discrim-

inatory practices under Operation Impact and the strategic use of stop-and-frisk. 

With continuous technological progress in the fields of GIS, data integration, and au-

tomated data analysis, software agents conduct growingly complex analytical tasks. 

Consequently, a shift has appeared in the gradual delegation of crime analysis tasks 

to data analysis tools, which were previously conducted by cops and analysts or could 

not be conducted at all due to their time-consuming and complex nature. Predictive 

policing tools are the latest step in this development of advancing data analysis tools 

and methods. 
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Space-based predictive policing, as employed by the NYPD, must be understood as 

an extension of hotspot mapping. Like crime maps, predictive maps display areas 

most likely to experience certain crimes. Unlike crime maps, however, they do more 

than display historic crime data and additional information to invite theses on the 

links between certain crimes and other criminal or disorderly incidents, persons, or 

environmental features based on their spatial proximity in order to develop strate-

gies and operations. Instead, they run statistical tests based on criminological as-

sumptions using the near-repeat and routine activity theory. Hence, they process 

complaint and crime data to identify likely series of crime or crime patterns and draw 

on information regarding the location, date, time, and modus operandi of the crimes. 

Once a series or pattern is detected, the software flags areas that it assesses as most 

likely to experience further crime in the near future. Executives can then allocate re-

sources and develop operations based on these crime forecasts. 

Predictive policing tools represent an advancement in so far as they are capable of 

automatically conducting tasks previously undertaken (semi-)manually by analysts. 

Starting with hotspot maps, executives, supervisors, and analysts typically examined 

complaint and crime reports to gather information on the included cases, searching 

for patterns to then address them according to the given modus operandi or partic-

ular suspects. They would also examine layered maps to develop theses on the spatial 

or socio-spatial characteristics that foster crime to develop specific operations or se-

lect information deemed helpful for cops on patrol or in special units. These theses 

and assumptions were usually based on eye-test, experience, local and professional 

knowledge, and gut feelings. Predictive policing software can now integrate and pro-

cess larger amounts of complaint and crime data and automatically identify potential 

patterns and spatialize them by flagging areas at risk. Furthermore, predictive appli-

cations can run statistical tests where cops were prior reliant on eye-test, personal 

knowledge, and experience or the limited knowledge of possibly relevant cases to 

include in processes of strategizing and decision-making. A growing automation may 

thus foster a more evidence-based, intelligence-led type of policing. 

However, like crime maps, predictive maps do not display a given reality. They are 

sociotechnical artifacts that assume the likeliness of potential futures to render them 
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governable. As sociotechnical artifacts, they depend on the availability, quality, and 

validity of the data, the mathematical or algorithmic models they use, the user inter-

face, and the decisions operators make regarding geographic scale, data benchmarks, 

or statistical thresholds. Furthermore, their utilization is based on the abilities of ex-

ecutives and analysts to interpret and critically review their results. Thus, while pre-

dictive policing aims to reduce the contingencies of possible futures by making the 

city legible and addressable as a landscape of differentiated risk, predictive mapping 

generates sociotechnical contingencies and fragilities that contribute to police pro-

cesses of strategizing, decision-making, and resource allocation. 

Consequently, as predictive policing further pushes a data-driven, space-based, fu-

ture-, and risk-oriented approach initiated through crime mapping, it also risks per-

petually flagging areas as targets of policing when they are overrepresented in crime 

data. This risk particularly pertains to poor Black and Latinx neighborhoods, which 

continue to experience overpolicing that, in the case of NYC, too often relies on ag-

gressive and confrontational policing practices while neglecting the needs of local 

communities. Yet such dynamics – and with them, potentially biased, unfair, and 

harmful policing practice – tend to be black boxed and tech-washed since data anal-

ysis results are typically considered reliable and neutral by the police, since they are 

based on police data that is routinely considered as facts. This again displays predic-

tive policing as an extension of hotspot mapping where we can find similar dynamics. 

However, as the tasks that software agents conduct become more complex and as 

these actors hence receive more authority in heterogeneous practices and constella-

tions of surveillance and knowledge questions of data quality, algorithmic transpar-

ency, algorithmic accountability, and algorithmic interpretability grow more urgent. 

As predictive policing promotes an increasing integration of growingly diverse flows 

of data from various sources, it contributes to the platformization of policing, since 

predictive maps as crime maps serve as platforms to tie in these dataflows. Predictive 

tools then automatically analyze these dataflows, applying assumptions from the 

criminological theories inscribed in their mathematical models and algorithmic deci-

sion trees and hence translate them into practice. The results of these analytical pro-

cesses are then included in the hybrid constellation of knowledge production and 
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decision-making. While these processes pose escalating challenges regarding algo-

rithmic transparency, algorithmic accountability, and algorithmic interpretability, 

they may also offer chances to increase police accountability and transparency and 

foster democratic policing, since crime maps, predictive maps, and crime analysis – 

as communication platforms – could be integrated into substantiated formats for 

community policing and public debates. 

Such community policing formats could include a large set of diverse local actors from 

various fields to discuss local problems, aided by crime maps, predictive maps, and 

crime analysis. However, local actors can add valuable experience, local knowledge, 

and perspectives to overcome the department’s focus on index crimes and the spatial 

reductionism of hotspot policing. Instead, institutions and initiatives from diverse so-

cial fields, such as housing, welfare, public health, education, community outreach, 

social work, and others, could contribute to a more comprehensive picture of local 

challenges. Such an expanded, multi-faceted understanding could then foster a de-

securitization of security policies, consequently shifting responsibilities and resources 

to actors and institutions as needed, depending on local contexts. 

Furthermore, such an approach of community policing could promote police trans-

parency and accountability by including local actors into processes of developing and 

evaluating security policies, strategies, and objectives. The public scrutiny of analyti-

cal tools and algorithms could further contribute to police knowledge practices and 

decision-making processes becoming more transparent. Impact assessments of these 

applications delivered by external and independent oversight organizations could 

provide critical input to public debates on policing technologies, strategies, and poli-

cies to guideline, control, and inform their use and implementation. Even though the 

NYPD increasingly includes aspects of community policing into its approach, substan-

tiated public and community inclusion to control the department or support the def-

inition of objectives and strategies are not being installed. Instead, the department 

advances the digitization of its surveillance and knowledge practices by expanding its 

surveillance infrastructure. 
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The NYPD has implemented multiple initiatives serving this purposes: the RTCC, 

LMSI/MMSI, DAS, and NYPD Mobility Platform. They all follow a shared trajectory of 

multiplying, accelerating, and (de-)centralizing flows of data and information in a re-

configuration of the department’s surveillant assemblage. As a command center, the 

RTCC is designed to compile various dataflows and provide diverse analytical tools to 

experienced cops and analysts. The RTCC supports investigators by simplifying and 

accelerating data inquiries from the field and providing additional analytical insights. 

Thus, it helps to speed up investigations, since it serves as a center of calculation that 

can guide cops in the field. 

The LMSI/MMSI grew out of the department’s counterterrorism efforts. These initi-

atives established areas of heightened surveillance in Downtown and Midtown Man-

hattan. Here, various surveillance technologies were installed to monitor areas 

deemed to be at high risk of terrorist attacks. The surveillance devices deployed by 

the LMSI/MMSI include CCTV systems, ALPR, and radiations sensors, which all pro-

vide steady flows of information that are drawn together in the LMSCC. Here, streams 

from the NYPD’s surveillance systems and external private and public agencies are 

combined. Large parts of the incoming data is automatically processed in order to 

detect suspicious behavior or incidents before automatically alerting the staff at the 

LMSCC. Personnel at the command center review the video material and data 

streams, query databases, and consult analytical tools to assess a given situation and 

initiate and coordinate measures on the ground accordingly. 

To integrate the multitude of data streams and analytical tools implemented with the 

LMSI/MMSI, the NYPD developed the DAS in cooperation with Microsoft. The DAS 

provides a unified data and communication platform and interface. While the DAS 

was introduced in context of the LMSI/MMSI, the system is continuously being ex-

panded to integrate a growing number of databases, surveillance systems, and data 

analysis functions, such as the Patternizr or the NYPD’s predictive policing applica-

tion. Thus, the DAS centralizes databases and dataflows while simultaneously ena-

bling the decentralization of data access as it allows cops in the precincts, patrol bor-

oughs, and city-wide to query databases, use data analysis tools, view CCTV streams, 

or receive automated alerts from surveillance sensors. Hence, even though the DAS 
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began in a counterterrorism environment, it is now an integral tool of the depart-

ment’s policing and surveillance efforts as it has been rolled out for the entire NYPD. 

The increasing use of (automated) surveillance systems is not limited to counterter-

rorism. Rather, numerous areas of the city are sites of intensified surveillance, espe-

cially areas considered as high crime. Once the NYPD has defined high crime areas by 

consulting crime statistics and crime maps, they receive targeted police attention 

through focused police presence and an increasing implementation of surveillance 

technologies, such as CCTV systems, mobile watch towers, or automated gun detec-

tion sensors. Thus, these areas become milieus of focused intervention and receive 

heightened scrutiny. Consequently, they form areas of oligoptical control based on 

the assumption of elevated spatialized risk and suspicion. Here, perpetual and grow-

ingly minute surveillance measures establish durable yet flexible links among the 

NYPD, urban spaces, and local populations established through continuous dataflows 

that are (automatically) evaluated and provide the opportunity of situational inter-

vention. 

The NYPD’s Mobility Platform has further transformed the utilization and combina-

tion of dataflows. The mobility platform provides every cop with a smart phone and 

every radio car with a tablet computer. Thus, officers in the field can now access nu-

merous databases and data inquiry tools to retrieve information on individuals and 

urban spaces. Moreover, they can receive automated alerts on their mobile devices, 

such as ShotSpotter alerts. This growing integration of data and the immediate access 

to information turns every cop into a walking center of calculation. Since the DAS 

enables them to receive and combine information for identifying or defining risk and 

suspicion in the field, it transforms these processes –previously based on personal 

knowledge, experience, and gut feeling – into hybrid, multi-scalar constellations that 

comprise various human and non-human actors interlinked in a perpetual process of 

de- and recontextualization. 

While additional information can be valuable and critical to increase situational 

awareness and support adequate decision-making, the addition of non-human actors 

into processes of defining risk and suspicion to address individuals with policing 
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measures does pose questions. The immediate accessibility of personal and incident 

data in the field may render individuals listed in databases as primary situational tar-

gets of policing measures on the ground. Hence, the DAS strengthens the links be-

tween surveilled persons, populations, and spaces with the department and allows 

cops to situationally build theses and make decisions based on hunches provided by 

databases. Instantaneously accessible databases thus perpetuate suspicion by ena-

bling officers to situationally and flexibly including personal data into processes of 

situationally defining suspicion in the field. Simultaneously, the integration of data-

bases, data inquiry, and data analysis tools makes the process of de- and recontextu-

alization to generate knowledge more complex and fragile, which may lead to ill-in-

formed or misguided decisions that unwarrantedly target individuals. This risk espe-

cially pertains areas of focused and heightened surveillance where data from various 

sources can be combined to define risk, suspicion, and threat to identify targets of 

policing. These transformations and challenges that emerge from spatially differenti-

ated blanket surveillance in a fragmented security landscape call for a renegotiation 

of privacy concepts and a critical interrogation of police surveillance and knowledge 

practices as they pertain to the 4th Amendment rights. 

Clearly, the insights this study provides merely cover small parts of the policing and 

police surveillant assemblages of NYC. However, a review of CompStat, crime map-

ping, predictive policing, and the growing surveillance infrastructure of the NYPD re-

veals substantial changes that have not only altered departmental practices and pro-

cesses of surveillance, knowledge, and decision-making but also the way the depart-

ment exerts social control over urban spaces, populations, and individuals. Conse-

quently, a growing digitization has facilitated novel understandings of the links 

among crime, the city, and the population and has translated them into strategies 

and practices of policing. 

The datafication of the NYPD has facilitated a process of acceleration, (de-)centrali-

zation, and flexibilization that continuously reconfigures the department’s surveil-

lance and knowledge practices. As novel ICT have been integrated into the policing 

assemblage of NYC, they have transformed the departmental dataflows and the 

means and methods of processing and utilizing data. In this course, the CompStat 
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process has established crime trends, clusters, and patterns as the primary reference 

points of policing. Accordingly, the NYPD’s model of policing has transitioned from a 

one-size fits all, incident-driven approach of random patrol, rapid response, and re-

active investigations to a data-driven, risk- and future-oriented and space-based ap-

proach. In this context, CompStat and crime mapping have enabled the NYPD to 

translate space-based criminologies and risk-oriented rationalities into practice. 

The utilization of risk-oriented rationalities is not new in policing. One might say that 

risk entered the stage of governmentality with the advent of statistics. Yet as digital 

tools have accelerated the construction and circulation of statistics as immutable mo-

biles that serve to guide policing, they have translated risk into a mundane category 

that guides day-to-day strategizing and practices. Hence, the department’s perpetual 

digitization has transformed the character of statistical information by shifting it from 

offering a merely strategic value to providing operational and situational value that 

is ascribed predictive character. This shift has also facilitated a more fluid or flexible 

style of policing as compared to prior approaches the department has pursued. 

Similarly, crime trends, clusters, and patterns were important factors in policing be-

fore the introduction of digital mapping tools. Police registered spikes in crime; they 

used paper maps to visualize the distribution of crime; and they connected criminal 

cases to detect series of crime. The datafication of these processes, however, has 

established trends, clusters, and patterns as the NYPD’s primary reference points of 

policing, since it provides a shared set of facts by offering centralized near real time 

information that is tied into knowledge practices that include a large set of actors 

from various organizational levels and divisions of the department. This information 

furthermore enables the department to align cops at all levels and in various units to 

its mission, objectives, and overarching strategies, especially as it can be combined 

with data on policing activities in the precincts to track and evaluate them. 

Since the NYPD implemented hotspot policing as its guiding strategy for identifying 

hotspots of crime and, later, areas considered at risk of elevated levels of crime, crime 

mapping and predictive mapping have become integral tools of data analysis and de-

cision-making for the department. As they visualize spatiotemporal crime clusters or 
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risk zones, they constitute them as the subjects of police knowledge and policing 

practices, establishing them as primary targets of police interventions for preventing 

spikes in crime from escalating into persistent and expanding patterns. Hence, as 

maps render the city legible as a landscape of differentiated risk or suspicion they 

constitute it as a fragmented security landscape by directing policing efforts to ad-

dress particular spaces, populations, individuals, behaviors, and incidents. By that, 

the transformations of the machinic functions of the policing – the organization of 

material flows of data, resources, and actions – is closely linked to its enunciative 

function that links these flows to discourses and rationalities to guide strategies and 

practices that interlink the policing assemblage with the urban assemblage to exert 

control and create order. 

The NYPD’s surveillance and knowledge practices are exercised in sociotechnical con-

stellations that comprise a heterogeneous set of actors: individuals, collectives, ma-

terial and digital devices and technologies, data, information, knowledge, and dis-

courses. With technological agents undertaking more meaningful and complex tasks 

of generating, storing, processing, and distributing data, the distributed agency of the 

department’s surveillance and knowledge practices gradually shifts from human to 

non-human actors. Consequently, data, standardized information, and explicit and 

technical knowledge gain value in relation to personal knowledge and experience or 

gut feeling in the department’s sociotechnical processes of strategizing and decision-

making, as well as defining risk, suspicion, or threat levels. 

These shifts and the increasing integration of growingly sophisticated technologies of 

surveillance and data analysis has enabled the NYPD to intensify its efforts to monitor 

urban spaces and populations in order to sort them by their level of risk, suspicion, 

and threat. It is then high crime or high risk areas that are defined as primary targets 

of policing and surveillance. This way, the department constitutes the urban as a frag-

mented security landscape as it establishes an oligoptical mode of seeing, knowing, 

and exerting control that focuses on particular places and spaces which then receive 

heightened scrutiny and attention. 
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Against this backdrop, the growing datafication of the department alters its interac-

tions with the urban. As the NYPD increasingly generates, stores, processes, and uti-

lizes data on urban spaces and populations and growingly permeates the urban fabric 

with its surveillance infrastructure, it strengthens the associations it entertains with 

the urban. At the same time, the sociotechnical processes of generating knowledge 

and producing order that link the policing and urban assemblages become increas-

ingly fragile. As more complex sociotechnical constellations of surveillance and 

knowledge emerge, interlinking a diverse set of heterogenous elements through 

practices of de- and recontextualization, the processes of making harder facts and 

maintaining reliable interactions to create valid knowledge and pursue particular mis-

sions and operations thus grow more demanding. 

These processes include the integration of personal knowledge, experience, gut feel-

ing, data, and standardized information, which must be aligned, interwoven, and 

translated to thus negotiate the objectives, goals, strategies, and practices of polic-

ing. Hence, this dissertation delivers a technography that explores mundane soci-

otechnical practices, carving out the malfunctions, subversions, and contestations 

that emerge with the increasing digitization of the NYC policing assemblage. These 

malfunctions, subversions, and contestations may include faulty data; flawed prac-

tices of filling databases; insufficiently programmed algorithms; poor training of ana-

lysts; biased policing practices that are black boxed, tech-washed, and hence perpet-

uated; activities of withdrawing from or undermining policing strategies by those sub-

ject to policing; or political protest and community resistance against data-driven po-

licing or surveillance practices. 

Yet these hybrid constellations of knowledge production and defining risk, threat, 

and suspicion become increasingly important as datafication progresses. Conse-

quently, an advancing platformization of policing unfolds that integrates more and 

more diverse datasets, data analysis tools, and surveillance technologies to monitor 

and sort urban spaces and populations, as well as activities, behaviors, incidents, and 

events to guide and inform policing strategies and practices on the ground. 
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Such a platformization bears manifold potentials to make policing more efficient, fair, 

and democratic. However, it also poses challenges and risks regarding privacy and 

4th Amendment rights; biased and racially discriminatory surveillance and policing 

practices that result in particularly Black and Latinx neighborhoods and communities 

being overpoliced and underserved at the same time; police transparency and ac-

countability; or algorithmic agents being integrated into processes of defining risk, 

suspicion, and threat and thereby targets of policing. Many questions regarding the 

digitization of police surveillance and knowledge practices thus remain unanswered. 

This study on the co-evolution of technology, knowledge, and policing focuses on the 

digitization of the NYPD’s surveillance and policing practices with regards to fighting 

street crime and disorder. To do so, it focuses on the technologies and practices uti-

lized to generate spatial and socio-spatial knowledge, which defines the subjects and 

objectives of policing and supports the development of policing strategies, allocation 

of resources, and processes of decision-making regarding patrol work and the oper-

ations of special units. However, this focus merely reflects a fragment of the policing 

assemblage. 

To gain a more complete picture of the growing datafication of police surveillance 

and knowledge practices, research should examine other areas of the field of policing 

and the technologies that are implemented here. This may include the area of inves-

tigations and thus the use of stingrays, social media monitoring, automated text anal-

ysis tools, case management and link analysis tools, and more. Research may also 

study the fight against white collar, organized, or transnational crime to, for example, 

understand the national or international information exchange among police forces 

or data analysis tools scanning finance flows for suspicious activities. This kind of re-

search would open the field of investigating the policing assemblage and add new 

technological and institutional actors to the analysis, achieving a more complete pic-

ture of how risk, suspicion, and threat are defined and how knowledge is generated 

in multi-scalar sociotechnical constellations by interlinking numerous actors and da-

taflows. 
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However, for a more comprehensive understanding of the policies, institutions, and 

processes that contribute to the dynamics of disorder, crime, and urban security, it is 

necessary to discard the focus on surveillance technologies and knowledge practices 

and their utilization for fighting street crime. Instead, studies on the urban security 

assemblage of NYC should investigate the contributions of actors outside the NYPD, 

which foster urban security, such as actors from the fields of welfare, housing, social 

work, youth work, community outreach, housing, education, or community organiz-

ing. Institutions and initiatives operating in these areas can deliver important re-

sources, knowledge, infrastructures, practical approaches, programs, and strategies 

to foster social inclusion and participation while mitigating the impoverishment, so-

cial exclusion, and marginalization of certain populations and neighborhoods. Inves-

tigating their role in processes that affect urban security and the emergence of dis-

order and crime can better explain the root causes of crime and identify actors that 

can contribute to more comprehensive strategies for tackling these processes. Secu-

rity policies could thus be driven less by the police and crime numbers and instead 

integrate a more diverse set of perspectives, knowledge, expertise, and practical ap-

proaches and resources to essentially de-securitize urban security. 

This brings back the question what digital technologies can contribute to informing 

and organizing such comprehensive approaches. With a growing platformization of 

policing, the NYPD taps into increasingly diverse sets of data to understand crime and 

disorder along with their underlying socio-spatial dynamics. Here, crime maps and 

predictive maps serve as important communication platforms for providing a shared 

set of data and information. As such, they could be valuable tools for sharing infor-

mation and spawning debates in the context of substantiated formats of community 

policing that systematically integrate external actors, as mentioned above, in pro-

cesses of defining security problems and objectives and developing, implementing, 

and evaluating security policies, strategies, and measures. 

Such formats of broad participation among equals offer the opportunity to overcome 

the spatial reductionism and focus on crime numbers that guide hotspot policing, 

since this information would be confronted and challenged by a heterogeneous set 

of perspectives, experiences, and knowledge. As more comprehensive approaches 
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for tackling local security challenges could be facilitated accordingly, substantiated 

community policing based on a diversified yet shared set of knowledge emerging 

from local discourses and debates poses the chance to shift responsibilities and re-

sources to actors from the welfare sector, housing, public health, and education or 

provide funds to empower local communities and build capacities to enhance secu-

rity, trust, neighborliness, and social cohesion. Moreover, substantiated community 

policing can foster police transparency and accountability and democratic policing 

while improving police–community relations. 

Against the backdrop of datafication, the democratization of policing and improve-

ment of police accountability and transparency must entail the public scrutiny and 

assessment of digital technologies and algorithms as they inform and organize police 

surveillance, knowledge, and decision-making processes. Therefore, it is necessary to 

strengthen oversight agencies and participation formats, providing them with re-

sources, responsibilities, capabilities, and capacities to undertake these tasks and 

substantially control and guide policing. Here, academic research can help by provid-

ing expertise and critical studies. Such studies could, for example, contribute ethnog-

raphies of coding to unpack possibly biased concepts and assumptions as they are 

inscribed into technologies, tech-washed, and translated into practice through code; 

assess the impact of digital technologies; or explore the political economy of digital 

surveillance and knowledge tools to decipher budgets, funding schemes, markets, 

economic interests, and lobbying activities. 

This study has illustrated how the policing assemblage is interlinked with the urban 

assemblage and how the prior carries out processes of surveillance and knowledge 

to exert control over urban spaces and populations by organizing, fostering, mitigat-

ing, deterring, and displacing material flows and certain activities and behaviors. To 

draw a more complete picture of these dynamics as they contribute to the urban and 

its spatiotemporal order, it will be beneficial to gain more detailed insights on the 

effects that policing strategies and practices have on their subjects and how these 

subjects react to them. Research should address how policing practices impact the 

perception of urban spaces and the spatial practices of the targets of focused policing 

measures. Those may include the inhabitants of high crime areas or risk zones, Black 
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and Latinx youth, the homeless, sex workers, and others. Such studies could also de-

liver insights on how they adapt to policing practices by subverting, undermining, and 

contesting them. Accordingly dynamics of de- and reterritorialization as they emerge 

from the interactions between the police and these communities in urban neighbor-

hoods and shape the spatial-temporal order of the urban could be made visible. 

While this dissertation has investigated many of the questions outlined above, it 

could not exhaustively answer them all. However, further exploring these questions 

can foster a deeper understanding of the connections between the policing assem-

blage, the security assemblage, and the urban assemblage, thus providing valuable 

insights on the entanglements between security policies, strategies, and practices 

and the urban. It has become clear that the datafication of policing as a growing dig-

itization of police surveillance and knowledge practices has altered policing strategies 

and practices substantially and with that the interactions and relations between the 

policing assemblage and the city and its population. As the digitization of policing 

continues, the most important question to ask will be how we can design this process 

in ways that foster the democratization of police and ensure fair and transparent po-

licing following the needs and demands of those it serves. 

 

 

 

 

 

 

 



 

 386 

Bibliography 

Abgeordnetenhaus Berlin (2019a). Predictive Policing in Berlin – Chancen und 
Probleme datenanalytischer Prognosetechnik in der Berliner Polizei, Schrift-
liche Anfrage, Drucksache 18/17 562, Abgeordnetenhaus Berlin, Berlin. 
Available at: https://kleineanfragen.de/berlin/18/17562-predictive-policing-
in-berlin-chancen-und-probleme-datenanalytischer-prognosetechnik-in-der-
berliner-polizei [Accessed: 12 April 2021]. 

Abgeordnetenhaus Berlin (2019b). Einsatz und Nutzen von mobiler Videoüberwa-
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