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Summary

The productivity slowdown of the last decades has raised concerns about the ability of
advanced economies to sustain high living standards and renewed the interest in under-
standing the sources of aggregate productivity growth. The present thesis looks at the
role of knowledge-based capital as a determinant of productivity, both within and across
firms. I use firm-level administrative data to explore whether investment in knowledge
assets is associated with productivity divergence between top performers and other firms,
and how labour mobility can act as a vector of knowledge transmission between firms to
mitigate this dynamic. First, I estimate the effect on productivity of a firm’s stock of
knowledge-based capital (encompassing research and development, software, intellectual
property products and organizational capital), and connect the micro-level relationship
to industry-level patterns of productivity divergence for Germany. Second, I use inter-
national survey information on tasks performed in the workplace to identify the cate-
gories of employees involved in implementing effective management practices. Finally,
using Finnish firm-level data, I test whether the mobility of managers between firms can
help reduce productivity dispersion, by helping low productivity firms acquire managerial
knowledge and improve their productivity.

Keywords: structural production function estimation, total factor productivity, pro-
ductivity divergence, knowledge-based capital, intangible capital, research and develop-
ment, software, intellectual property rights, organisational capital, managerial knowledge,
management practices, knowledge spillovers, diffusion
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Zusammenfassung

Die Produktivitätsabschwächung der letzten Jahrzehnte hat Bedenken hinsichtlich der
Fähigkeit fortgeschrittener Volkswirtschaften zur Aufrechterhaltung eines hohen Lebens-
standards aufkommen lassen und das Interesse am Verständnis der Faktoren aggregierten
Produktivitätswachstums neu geweckt. Die vorliegende Arbeit beschäftigt sich mit der
Rolle von wissensbasiertem Kapital als Determinante der Produktivität innerhalb und
zwischen Unternehmen. Ich verwende administrative Daten auf Unternehmensebene, um
zu untersuchen, ob Investitionen in Wissensressourcen mit Produktivitätsunterschieden
zwischen hoch produktiven Unternehmen und anderen Unternehmen assoziiert sind und
wie die Arbeitskräftemobilität als ein Vektor der Wissensübertragung zwischen Unternehmen
fungieren kann, um diese Dynamik abzuschwächen. Zunächst betrachte ich die Auswirkun-
gen auf die Produktivität des Bestands am wissenbasuerten Kapital eines Unternehmens
(einschließlich Forschung und Entwicklung, Software, geistiges Eigentum und Organi-
sationskapital) und setze die Ergebnisse auf Mikroebene mit den Produktivitätsdiver-
genzen auf Branchenebene für Deutschland in Zusammenhang. Anschließend verwende
ich internationale Umfragedaten zu am Arbeitsplatz durchgeführten Aufgaben, um die
Kategorien von Mitarbeitern zu identifizieren, die an der Implementierung effektiver
Managementpraktiken beteiligt sind. Schließlich teste ich anhand finnischer Daten auf
Unternehmensebene, ob die Mobilität von Managern zwischen Unternehmen zur Ver-
ringerung der Produktivitätsdispersion beitragen kann, indem Unternehmen mit geringer
Produktivität dabei unterstützt werden, Managementkenntnisse zu erwerben und ihre
Produktivität zu verbessern.

Schlüsselwörter: Strukturelle Produktionsfunktionsschätzung, Gesamtfaktorproduk-
tivität, Produktivitätsdivergenz, wissensbasiertes Kapital, immaterielles Kapital, Forschung
und Entwicklung, Software, geistige Eigentumsrechte, Organisationskapital, Managemen-
twissen, Managementpraktiken, Wissens-Spillovers, Diffusion
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CHAPTER 1

Introduction

The full breadth and depth of intangibles’ role in explaining
productivity differences are still very much open questions.

— Chad Syverson, 2011, What Determines Productivity?

1.1 The issue

The growth in an economy’s average productivity is widely acknowledged to be the dom-
inant force behind the improvement of living standards over the long-run. Hence, under-
standing the factors that drive or hinder the ability of the producers in an economy to
increase the amount of output generated from a given bundle of inputs has long attracted
attention. Syverson (2011) summarises the determinants, both exogenous and endogenous
to firms, that have been shown, as of the early 2010s, to impact productivity. Contextual
factors, such as the degree of competition, the stringency of regulation or the proximity
of knowledge sources, shape the environment in which firms operate and affect aggregate
productivity through two channels. Firstly, they determine the incentives that firms face
to undertake productivity enhancing actions, and secondly they influence the reallocation
of resources between firms of different productivity levels. At the firm level, productivity
enhancing actions are the introduction of certain managerial practices, the deployment of
General Purpose Technologies (GPT), especially Information and Communication Tech-
nology (ICT), investments in innovation, in both new products and new processes, and
choices around the structure and ownership of the firm.

Recently, attention has been focused on explaining a measured slowdown in the rate of
productivity growth. Indeed, most developed economies have witnessed a disappointing
recovery from the global financial crisis of 2008-2010, whereby productivity growth has not
yet reached its pre-crisis level in a number of countries (van Ark et al., 2018). A number

1



Chapter 1 Introduction

of explanations, put forward in the macroeconomic literature, centre on cyclical monetary
policy dynamics relating to the balance between interest rates, savings, investment and
demand, and is best exemplified by the “secular stagnation” hypothesis of Summers (2016).
However, recent research suggests that low productivity growth predates the crisis and is
ubiquitous across OECD countries. Syverson (2017) finds that the average yearly growth
rate of labour productivity declined from 2.3% in the period 1995-2004 to 1.1% in the
period 2005-2015 across OECD countries. The author further argues that underneath
short-run country-specific cycles driven by policy changes, financial crises, or bursts of
innovation, the deceleration of productivity is a long-run trend that dates back potentially
to the oil shocks of the 1970s.

To explain the trend of sluggish productivity growth over the longer term, researchers
have turned their attention to technological development. One line of research has looked
at the economic potential and speed of deployment of new technologies. On the one hand,
techno-pessimists believe that the innovations of the last decade do not have the same
scope to improve living standards as the GPTs of the early 20th century, such as electrifi-
cation (Gordon, 2012, 2015). Bloom et al. (2017) document large falls in the productivity
of research activity itself, across a number of technological areas, which implies that main-
taining the pace of innovation, and hence of productivity growth, requires ever-increasing
resources being devoted to research. On the other hand, techno-optimists argue that the
current productivity slowdown merely reflects the frictions associated with the transition
to the “knowledge” economy, during which firms are investing and experimenting with new
digital technologies (Brynjolfsson and MacAfee, 2011). An extension of this hypothesis
suggests that productivity is decelerating because a growing share of economic activity
eludes measurement within the existing System of National Accounts (SNA), such as the
provision of many free digital services or growing investments in intangible assets. Syver-
son (2017) tests this mismeasurement hypothesis by quantifying the hidden parts of the
economy. His results suggest that including reasonable estimates of this mismeasured out-
put does not fully compensate for the shortfall resulting from the decline of productivity,
leaving a large part of the productivity slowdown unaccounted for.

One hypothesis that has recently gained traction claims that the productivity slow-
down is the result of reduced diffusion of innovation and technology between firms. This
implies the divergence of productivity growth between a select group of top performers,
who are able to maintain the pace of innovation, and the rest of firms, whose productiv-
ity performance has been lacklustre. Andrews et al. (2015, 2016) document this growing
productivity gap in 24 OECD countries: over the period 2001-2013, the growth in labour
productivity in the upper tail of the productivity distribution averaged around 3%, com-
pared to an average growth for the rest of firms of around 0.5%. The authors further find
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that industries where the divergence was more pronounced had weaker overall growth,
suggesting that the high growth rates of leading firms did not create a general dynamic
which benefited firms more broadly. Bloom et al. (2014) find that the quality of a firm’s
management practices is a strong predictor of firm performance, and could play an im-
portant role in the productivity divergence between top firms and the rest. In particular,
the sorting of qualified managers to top performers is likely to accentuate the propensity
of the latter to appropriate the gains of innovation.

The present thesis contributes to the discussion around the productivity slowdown
from the angle of productivity divergence and knowledge diffusion. I focus on a source of
growth that has gained prominence in the last decade, namely Knowledge-Based Capital
(KBC)1, and explore the extent of firm-level heterogeneity in the relationship between
productivity and different knowledge assets. I model this relationship following De Loecker
and Warzynski (2012) and Doraszelski and Jaumandreu (2013) in order to capture the
inherent endogeneity between a firm’s productivity and its knowledge acquisition strategy
and to allow for non-linearities in the relationship. I use firm-level administrative data to
explore this issue empirically, first looking at a bundle of knowledge assets (Chapter 2)
and second focusing on managerial knowledge (Chapters 3 and 4).

In Chapter 2, I interpret KBC in a broad sense as a bundle of four different assets, and
test whether the ability of firms to reap the benefits of their KBC investments depends
on their characteristics, such as past productivity levels and output size. This research
question originates from a hypothesis of Haskel and Westlake (2018), who document
the growing importance of KBC in economic activity, and argue that these knowledge
assets have characteristics that are likely to benefit large firms over small firms, thereby
accentuating productivity divergence. In the following two chapters, I pursue the line of
research of Bloom et al. (2014) to understand how managerial knowledge, as a specific
type of KBC, affects firm performance. In Chapter 3, I link the management practices
highlighted by Bloom and Van Reenen (2007) to the occupational titles of employees, by
looking at tasks performed on the job. In Chapter 4, I seek to understand which type of
employee mobility best allows for the diffusion of managerial knowledge between firms,
potentially attenuating the forces of productivity divergence explored in Chapter 2.

The remainder of this introduction is structured as follows. Section 1.2 presents the
conceptual framework for the definition and measurement of KBC. Section 1.3 introduces
the main empirical methodology of this dissertation. Section 1.4 summarises its contri-
butions, and Section 1.5 concludes.

1This refers to a number of firm assets whose value derives from their knowledge content. They are also
referred to as intangible capital or intellectual capital. These terms will be used interchangeably in the
present discussion.
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1.2 Knowledge-based capital

In an answer to Syverson (2011), this thesis focuses on knowledge-based or intangible
capital, as a determinant of productivity. The most widely recognised asset under this
term is R&D, and the review study of Hall et al. (2010) showcases the large interest in
understanding the returns to this investment. Yet, firms have been reporting growing
expenditures on other types of knowledge assets, but these have been less systematically
analysed. The work of Corrado et al. (2005, 2009) has been instrumental in creating
a conceptual framework to integrate a whole set of intangible capital assets into the
productivity discussion. The present section briefly reviews this framework, highlighting
the definitions and measurement methodologies of the different assets included under the
term Knowledge-Based Capital, and provides the context of the contribution of Chapter
3. The classification is also summarised in Table 1.2.1.

Corrado et al. (2005, 2009) classify KBC assets into three categories. Firstly, com-
puterised information encompasses information that is amenable to digitalisation and
coding, such as software and databases. Software expenditures have been recorded as
investments in the SNA since 1993, along with purchases of databases in a number of
countries. The recent explosion of user-generated data, often referred to as Big Data,
raises new challenges for the estimation of the economic value of assets in this category.
Secondly, innovative property refers to investments in the development of new products
and services that are often protected by Intellectual Property Rights (IPR). Its main
component is R&D spending, which was included in the SNA revision of 2008, although
many countries still report estimates of R&D investment in satellite accounts. Other
elements of this category cover expenses to develop new products in specific industries,
such as the mining industry (mineral exploration expenses), the creative and entertain-
ment sectors (artistic originals), and the financial services (development of new financial
products). The first of these expenses is recorded in national accounts, the second only in
countries of the European Union (EU), and the last is not the object of any systematic or
established measurement from statistical authorities. This is also the case of design and
non-scientific R&D expenditures aimed at developing new products or services in many
sectors of the economy.

The third category of intangible assets recognised in the framework of Corrado et al.
(2005, 2009) are economic competencies. These consist mostly of tacit knowledge, em-
bedded in the workers and the structures of firms, and whose definition has sparked
much academic debate. The expenditures undertaken to develop these assets are usually
recorded on firm balance sheets under the category Sales, General and Administrative
(SGA) expenses. To identify the value and specific contributions of the individual ele-
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ments, researchers have had to rely on auxiliary data sources and restrictive assumptions.
The assets considered as economic competencies are brand capital, employee skills result-
ing from firm-specific training, and organisational capital. Chapter 3 makes an important
contribution to the definition and measurement of the latter asset, by making explicit
the link between the occupation-based definition of organisational capital put forward
by Corrado et al. (2005, 2009) and the index of management quality, based on manage-
rial practices, introduced by Bloom and Van Reenen (2007). Finally, in recent work,
Corrado et al. (2016b) have extended this list of assets to include those developed by
public organisations, such as open governmental data, cultural and heritage assets, and
school-produced human capital.

1.3 Estimating firm-level productivity

In Chapters 2 and 4 of this dissertation, the dependent variable of interest is firm-specific
total factor productivity. As first emphasised by Marschak and Andrews Jr. (1944),
recovering productivity from production data is hampered by an inherent endogeneity
problem, as firms have information on their productivity level when they make production
decisions, introducing bias in the econometric analysis of the determinants of output and
productivity. I implement the control function approach pioneered by Olley and Pakes
(1996) and further developed by Levinsohn and Petrin (2003) and Ackerberg et al. (2015)
to address this issue. The model consists of two building blocks: a production function,
as spelled out in Equation (1.1), which dictates how firms transform inputs into output;
and the law of motion of productivity, spelled out in Equation (1.2), which dictates how
productivity evolves through time.

Yit = F (Kit, Zit)exp(ωit + νit) (1.1)

ωit = E[ωit | ωit−1, Ait−1] + ξit = g(ωit−1, Ait−1) + ξit (1.2)

The relationship of interest, that between productivity and knowledge assets, is cap-
tured in Equation (1.2), and requires the careful estimation of Equation (1.1) to recover
productivity. I assume that firms produce output Yit using inputs that differ in their
adjustment costs, subject to their productivity level ωit and an i.i.d. shock νit. It is
important to note that ωit is known to the firm in period t, when it makes its input choice
decisions. It is, however, unobserved by the econometrician. Fixed inputs Kit have high
adjustment costs and do not respond immediately to changes in productivity. On the
contrary, flexible inputs Zit have no adjustment costs and respond within the same period
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Table 1.2.1: Investment in KBC according to Corrado et al. (2009), assumptions and data
sources

Asset type Data Sources Measurement assump-
tions

Depreciation
rate (%)

Computerised information
Software Recorded in SNA Includes own, purchased

and custom made soft-
ware

33

Databases Can be included in SNA
estimates of software in-
vestment

33

Innovative property
Scientific R&D R&D surveys, BERD es-

timates
20

Mineral exploration Recorded in SNA R&D in mining industry 20
Artistic originals Recorded in SNA 20
Product development
in financial services

Input-Output, Supply-
Use tables

20% of intermediate pur-
chases of the financial in-
dustry

20

Architectural and en-
gineering designs

Services Annual Survey,
Supply-Use tables

50% of purchases of ar-
chitectural and consult-
ing engineering services

20

R&D in social sciences
and humanities

included in BERD esti-
mates

20

Economics competencies
Brand equity Surveys of advertising

expenditures, Services
Annual Survey, Supply-
Use tables

Purchases of advertising
services; outlays on mar-
keting services; doubled
to take into account pro-
duction costs and own
account component

60

Firm specific training Surveys of employer-
provided training

Direct costs and wage
costs of employee time in
training

40

Organisational capital Employment and earn-
ings data, Services An-
nual Survey

20% of managerial wages
+ 80% of services pur-
chased from the manage-
ment consulting industry

40

Source: OECD (2013). BERD: Business Expenditures on R&D
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to shocks. Hence, they contain information on these shocks that is used for identification.
Under specific assumptions, unobserved productivity ωit can be expressed as a function
of the observables entering the demand for flexible inputs and included in the estimation
of the production function.

I follow the literature in assuming that the evolution of productivity ωit is governed
by a first-order Markov process (Olley and Pakes, 1996; Levinsohn and Petrin, 2003;
Ackerberg et al., 2007; De Loecker and Warzynski, 2012; Doraszelski and Jaumandreu,
2013; Ackerberg et al., 2015), where realised productivity in period t is composed of
expected productivity g(·) and a random shock ξit. Expected productivity has both
exogenous and endogenous elements. The former reflects the decay of the previous period’s
productivity, and the latter takes into account the effect of the firm’s knowledge acquisition
strategy from the previous period Ait−1. In Chapter 2, Ait−1 consists of a firm’s total
stock of KBC, cit−1, measured as the sum of R&D capital, software, intellectual property
products, and organisational capital. In Chapter 4, Ait−1 consists of variables capturing
the mobility of the firm’s employees, with a special focus on the arrival of managers
from other firms. The identification of the model comes from the assumption that the
knowledge acquisition choices have a deferred effect on productivity. As a consequence,
Ait−1 is uncorrelated with the i.i.d. productivity shock ξit, which firms do not anticipate
but do observe when they make their production decisions in period t. This model is
estimated using a two-stage GMM procedure, explained in detail in the relevant chapters.

The empirical strategy of this thesis differs, along a number of dimensions, from the
standard models looking at the productivity effect of R&D, following the seminal work
of Griliches (1979). Indeed, these models consider knowledge assets, in particular R&D
spending, as an additional input in the production function, and estimate the following
equation

Yit = Lαl
itK

αk
it A

αa
it exp(ωit + νit) (1.3)

On the contrary, I assume that Ait−1 affects production only through its effect on the
evolution of productivity, and this with a one period lag. This allows me to better
tackle the endogeneity present in the relationship. Indeed, considering the variable of
interest, Ait, as an input in the production function requires assuming E[Ait(ωit+νit)] = 0,
whereas including it in the law of motion of productivity requires the lighter assumption
E[Ait−1ξit] = 0. These different specifications thus imply different assumptions regarding
the timing of firm decisions.

Furthermore, the models in the line of Griliches (1979) assume that the production
technology is of the Cobb-Douglas form. This restrictive assumption imposes a constant
substitution elasticity between the different inputs. In other words, one euro of capital
or of labour input can be replaced by a fixed amount of additional KBC spending to
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maintain a constant level of output, and this at any point of the production function.
By including the knowledge assets in the law of motion of productivity, I allow for a
more flexible substitution pattern between these and the other inputs of production, as
discussed by Doraszelski and Jaumandreu (2013). This flexibility is further accentuated
by the assumptions on the functional forms of both the production function F (·) and
the expected productivity g(·). Indeed, I estimate the production functions using the
translog specification, which yields firm-specific output elasticities for each input, and the
law of motion of productivity as a 2nd degree polynomial. This allows me to obtain a
firm-specific effect of Ait−1 on productivity, thereby answering my main research question
relating to the heterogeneous effect of knowledge on firm productivity.

A final caveat of the estimations carried out in this thesis concerns the definition of out-
put. The theoretical framework of the control function approach is formulated in physical
units of output. However, in the datasets used in this analysis, along with the major-
ity of empirical applications of this framework, firm-specific prices are not observed and
output is measured in revenues, deflated with industry-level price indices. Consequently,
the estimated productivity is not output-productivity, but revenue-productivity, implying
that measured productivity includes price effects coming from the demand side, such as
market power or shocks. While these factors will potentially bias some of the results,
in the present context, a revenue definition of output is not inappropriate. Indeed, the
objective of many KBC investments is to improve the quality of products, which would
not be picked up in quantity-productivity. Finally, the wealth of information contained in
the administrative data I use allows me to look at productivity outside the manufacturing
sector, where physical units of output are less relevant.

1.4 Contribution of the dissertation

The present thesis contributes empirically (Chapters 2 and 4) and methodologically
(Chapter 3) to our understanding of how firms use different knowledge assets in their
production processes. Table 1.4.2 lists the topics, data, methodologies, and major find-
ings of each chapter, and the research questions, empirical implementation and results are
further discussed below.
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Table 1.4.2: Summary of chapters

Chapter Publication and author’s
contribution

Data Methodology Main findings

2 Based on Belitz et al. (2017); au-
thor initiated the research idea
and was responsible for interpre-
tation and writing; model devel-
opment and estimation was col-
laborative

Administrative data -
German AFiD Panel

Production function
estimation

Higher KBC stock yields higher
TFP; Effect increases with size
of KBC stock, not with produc-
tivity; Industries with more KBC
saw more productivity divergence
from large firms

3 Published as OECD Science,
Technology and Industry Working
Paper 2015/08 ; author initiated
the research idea and was respon-
sible for data preparation, model
development, and estimation; in-
terpretation and writing was col-
laborative

Household survey -
OECD PIAAC ques-
tionnaire

Descriptive and clus-
tering analysis

Performance of OC tasks done by
managerial and professional occu-
pations; OC employment repre-
sents 10% of total employment;
OC investment represents 2.2% of
VA

4 Author’s independent research Administrative data
- Finnish Linked
Employer-Employee
Data

Production function
estimation

Managerial hires improve pro-
ductivity; effect is higher when
mover has experience and ad-
vanced qualification and origi-
nates from a firm with high hu-
man capital
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1.4.1 Chapter 2: Knowledge-based capital and productivity divergence

Chapter 2 explores the heterogeneous effect of KBC on firm-level productivity, and its
consequences on industry productivity growth. The analysis stands out from other es-
timations of the effect of KBC on productivity by disaggregating average effects and by
connecting firm-level findings with industry-level trends.

We use administrative datasets from Germany that record firm-level production vari-
ables and investments in four categories of KBC: software, R&D, intellectual property
products and Organisational Capital (OC). For each firm, we recover productivity and
the individual effect of KBC thereon, by implementing the control function estimation
procedure of Ackerberg et al. (2015). In particular, we follow the insight of Doraszelski
and Jaumandreu (2013) and allow for non-linearities in the relationship between KBC
and productivity, thereby recovering firm-specific elasticities of KBC on productivity. We
find that the average effect of KBC on productivity is positive, and that it increases with
KBC stock and output size. However, we do not find that the effect of KBC increases
with the productivity of the firm. We relate these findings to industry-level patterns of
productivity dynamics. We find that industries with higher average stocks of KBC, a
higher marginal effect of KBC on firm productivity, and more marked increasing returns
to scale, are those industries where large firms disproportionally improve their produc-
tivity compared to other firms, suggesting that KBC is associated with the divergence of
productivity growth of large firms compared to the rest.

1.4.2 Chapter 3: Cross-country estimates of employment and investment in
organisational capital: A task-based methodology using PIAAC data

Chapter 3 proposes a methodology to measure the value of investments that firms make
in OC. It builds on the approach of Corrado et al. (2005, 2009) who argue that these
investments correspond to the value of the time that managers devote to developing prac-
tices that improve the long-term functioning of the firm. The analysis carried out in this
chapter complements the survey-based approach of Black and Lynch (2001) and Bloom
and Van Reenen (2007), who measure the effective implementation of these practices in
firms. The aim of this chapter is to validate the methodology first proposed in Squicciarini
and Le Mouel (2012), by using international survey information on tasks performed in
the workplace. The background questionnaire of the OECD Programme for the Interna-
tional Assessment of Adult Competencies (PIAAC) is used to identify occupations who
contribute to the generation and accumulation of OC.

Results suggest that on average 20 broad occupational classes of the International Stan-
dard Classification of Occupations (ISCO 2008) are identified as OC-related in each coun-
try. This varies across countries and spans from 14 occupations in Korea to 24 occupations
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in Poland, supporting the hypothesis of cross-country heterogeneity in OC. Despite these
differences, a core group of managerial occupations are consistently identified as OC oc-
cupations across countries. Differences arise in the selection of professionals and associate
professionals in science and engineering, health, education, and business administration.
These results are in line with those of Squicciarini and Le Mouel (2012), suggesting that
this methodology is not sensitive to the source of data. They are also consistent with those
of Bloom and Van Reenen (2007) who identify important cross-country heterogeneity in
management practices and organisational arrangements.

The second part of the analysis uses the labour force participation and earnings informa-
tion contained in the PIAAC dataset to assess the importance of OC-related employment
and the size of investment in OC at the aggregate level and according to a number of
dimensions. At the aggregate level, the share of all OC occupations in total employment
represents between 9.5% in Denmark to 26% in the United Kingdom, with an average of
16%. Total investment in OC, as a share of value-added, ranges from 1.4% in the Czech
Republic to 3.7% in the United Kingdom, averaging 2.2% across all countries. Splitting
the share attributable to managers from that attributable to non-managerial OC occupa-
tions reveals that managers account for around half of total employment and investment
in OC.

1.4.3 Chapter 4: Managerial knowledge spillovers and firm productivity

Chapter 4 explores whether the mobility of workers between firms can contribute to the
transmission of managerial knowledge. This analysis builds on two empirical findings.
On the one hand, Bloom and Van Reenen (2007) have shown that heterogeneity in man-
agement quality is an important driver of differences in firm productivity. On the other,
labour mobility has been shown to play a central role in the transmission of scientific and
general knowledge between firms (Maliranta et al., 2009; Stoyanov and Zubanov, 2012;
Parrotta and Pozzoli, 2012; Mion and Opromolla, 2014; Serafinelli, 2017). This paper is
the first to bring these two strands of literature together by focusing on the mobility of
managers and its impact on firm performance.

I estimate a structural model of production at the firm level using the control function
approach of Olley and Pakes (1996); Levinsohn and Petrin (2003); Ackerberg et al. (2015)
to control for the endogeneity of productivity. I further follow Doraszelski and Jauman-
dreu (2013) and model managerial mobility as directly affecting the productivity of firms,
rather than as an input of production. I use the Finnish Linked-Employer-Employee-Data
(FLEED), which contain information on the detailed employee structure of all firms in
the Finnish economy over the period 2003-2012. I explore the characteristics of movers
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and sending firms that result in productivity gains for hiring firms, and compare those to
the effect of the mobility of non-managerial workers both within and outside the firm.

Results suggest that hiring managers from other firms has strong positive effects on
both firm survival and future productivity. A firm that replaces half of its managers with
externally hired managers observes a 2% increase in productivity in the following year.
This contrasts with the effect of internal promotion, whereby a firm that replaces half of its
managers with internally promoted staff will only observe a 0.5% increase in productivity.
Stronger effects are found when movers have relevant experience, advanced qualifications
and come from firms with higher human capital. Finally, the effects decrease with the
productivity level of the hiring firm, suggesting that managerial mobility helps laggard
firms catch-up to more productive firms, and has the potential to reduce productivity
dispersion between firms.

1.5 Concluding remarks and outlook

The results of this thesis confirm the positive effect of KBC on productivity, as found
in many analyses performed at both the aggregate and firm level, and further show that
firms get unequal returns to KBC investments. Indeed, the largest firms, those with
sizeable stocks of KBC, seem to get disproportionally large benefits compared to the
average firm. Moreover, I am the first to connect the heterogeneity in returns to KBC
with industry patterns of productivity divergence. I find that in industries where KBC
is more important, the gap in productivity growth between the top 5% largest firms and
the rest is highest.

In the subsequent chapters, the importance of managers is highlighted. First, I make
explicit the link between two established methods for measuring the importance of man-
agement in firms, and show that the managers, whose salaries are counted by Corrado
et al. (2009) as investment in OC, are the employees who implement the practices that
improve the quality of a firm’s management, as highlighted by Bloom and Van Reenen
(2007). Finally, I show that, despite the role of KBC in productivity divergence, poor per-
formers have the scope to improve their performance by attracting those employees who
are repositories of tacit know-how, such as managerial knowledge. Taken together, these
results suggest that the diffusion of innovation-fuelled growth from the frontier to the rest
of the economy is by no means automatic, and that economies that rely increasingly on
these assets might see stronger productivity divergence and weaker overall growth.

Before policy conclusions can be drawn from these findings, three open questions need
to be addressed. Firstly, the analysis in this thesis does not provide the full picture of
knowledge diffusion, because it focuses only on one mechanism of knowledge transmission.
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A standard approach in the literature analysing the returns to R&D is to include a measure
of the R&D spending performed outside the firm, for example in the same industry or
geographic area, and a common finding is that the social returns are of the same magnitude
as the private returns. Carrying out a similar analysis for the bundle of KBC investments
would help shed light on the skewed patterns of KBC investments and returns.

Secondly, as discussed in Section 1.3, the measure of revenue-productivity used in the
present thesis potentially includes price distortions due to market power, which itself can
be an outcome of KBC investments. Indeed, if the returns only accrue to a subset of firms,
these might benefit from winner-take-most dynamics that can raise concerns for compe-
tition and the contestability of markets. In addition, if top performers also have market
power on the input side, especially in the labour market, mobility might be dampened,
with adverse consequences on knowledge spillovers and productivity divergence.

Finally, one related issue, to which the present analysis cannot contribute given data
constraints, is the participation of firms in Global Value Chains (GVCs). The evidence
of Aw et al. (2008) suggests that firms coordinate their R&D and exporting decisions.
One can expect that participation in GVC requires investments in KBC, for example
managerial capabilities, and that it helps firms improve their productivity by giving them
better access to input and output markets. Separating the respective effects of these
complementary activities on productivity remains very much an open question.
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CHAPTER 2

Knowledge-based capital and productivity divergence1

2.1 Introduction

Firms in advanced economies are increasingly investing in Knowledge-Based Capital
(KBC), which encompasses assets such as Research & Development (R&D) and patents,
software, designs, brands and trademarks, and organisational practices. Yearly invest-
ments in these assets have reached up to 10% of GDP in countries such as Sweden, the
United Kingdom and the United States (Corrado et al., 2016a). Furthermore, the positive
contribution of these investments to productivity growth has been widely documented.2

Yet, these investments have not been able to reverse the slowdown of aggregate produc-
tivity growth witnessed in these countries. Indeed, across the OECD, the average yearly
growth rate of labour productivity declined from 2.3% for the period 1995-2004 to 1.1%
for the period 2005-2015 (Syverson, 2017).

In the present paper, we look at the distribution across firms of both KBC and pro-
ductivity growth to shed light on this puzzle. On the one hand, in any industry, KBC
investment is confined to a subset of firms, suggesting that many firms do not have the
incentives or ability to exploit this source of growth. On the other hand, the distribution

1This chapter is based on joint work with Alexander Schiersch. We thank Tomaso Duso, Marianne
Saam, Pio Baake, Marcel Timmer and seminar participants at the DIW Berlin, Groningen University,
Banque de France, Bochum University and IARIW conference for helpful comments and suggestions.
This research was partly funded by the German Ministry of Economics and Energy through the project:
"Wissensbasiertes Kapital in Deutschland: Analyse zu Produktivitäts- und Wachstumseffekten und
Erstellung eines Indikatorsystems"

2Early evidence of the importance of KBC for productivity growth is provided by single-country growth
accounting exercises, which suggest that, over the period 1995 to 2005, between 20% and 35% of labour
productivity growth can be attributed to KBC deepening. See for example Corrado et al. (2009) for
the United States, Marrano et al. (2009) for the United Kingdom, Fukao et al. (2009) for Japan and
van Ark et al. (2009) for a panel of European countries. Improvements in the measurement of KBC
has permitted analyses highlighting that the accumulation of KBC can explain a large share of cross-
country and cross-industry differences in labour productivity growth, and that this effect is accentuated
by investments in ICT (Roth and Thum, 2013; Niebel et al., 2017; Chen et al., 2016).
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of productivity growth itself is also highly skewed, with some firms sustaining high growth
rates that contrast with the general pattern of deceleration (Andrews et al., 2016). By
focusing on how the contribution of KBC to productivity varies across firms, we aim to
ascertain the role of KBC in productivity divergence. We expect the non-rival property
of the knowledge embedded in KBC to generate increasing returns to scale, and thus for
the relationship between KBC and productivity to increase with firm size.

The analysis uses extensive firm-level data for Germany for the period 2003-2014, cov-
ering 47 detailed industries in the manufacturing sector, as well as knowledge-intensive
and other services. The data contain firm expenditures on four KBC assets: software,
R&D, organizational capital and Intellectual Property Products (IPP), such as patents,
licenses or trademarks. The analysis is split into two stages. The first stage is a firm-
level analysis of the role of KBC on productivity, which allows us to recover firm-specific
productivities and elasticities of KBC. We make use of the control function approach of
Doraszelski and Jaumandreu (2013) and Ackerberg et al. (2015) to model the role of KBC
as directly affecting the evolution of productivity, rather than as an input of production.
We specifically allow for this relationship to be non-linear. The estimations are carried
out separately for each detailed industry. In the second stage, these results are aggregated
at the industry level. We compare the evolution of productivity in “frontier” firms, defined
as the top 5% of firms in terms of output size or productivity, with the performance of the
rest of firms in each industry. We explore whether industries where productivity diverged
between the frontier and the rest are also those industries where KBC is more important.

The results from the first stage show that the elasticity of KBC on firm-level produc-
tivity is positive across all industries, albeit small in many manufacturing industries. We
find consistent evidence of the presence of increasing returns to the size of a firm’s stock
of KBC, and of a minimum size of this stock below which the effect on productivity is
negative. The firm-specific effect of KBC also increases with output size in all but four
of the 47 industries: it is 2.4 times higher in the top 20% largest firms than in the bot-
tom 20% smallest firms in the manufacturing sector, and 2.7 times higher in the services
sector. By contrast, we find that the firm’s level of productivity diminishes the effect of
KBC on productivity in 36 of the 47 industries.

In the second part of the analysis, we find that firms on the output frontier are able
to grow at a faster rate than the industry average in industries where the average size of
KBC, its average elasticity, and the returns to scale are higher. However, we find no such
evidence when the frontier is defined along the productivity dimension. Hence, our results
imply that the use of KBC does not disproportionally boost productivity on the upper
tail of the productivity distribution, as suggested by Andrews et al. (2016). However, the
effect of KBC is heterogeneous across firms, and seems to especially benefit large firms.
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The structure of the paper is the following. Section 2.2 discusses the two main strands
of literature that motivate our analysis. Section 2.3 describes the dataset and the mea-
surement of KBC variables. Section 2.4 presents our structural model of production and
the associated estimation strategy used to recover firm-level productivity and KBC elas-
ticity. The results in Section 2.5 are organised according to the two stages of analysis.
We first discuss the results of the structural estimation, focusing on the effect of KBC
on firm-level productivity, and some robustness estimations. We then report the industry
dynamics of productivity growth, on and off the frontier, and analyse its relationship to
KBC. Finally, Section 2.6 presents our concluding remarks.

2.2 Related Literature

Our analysis is related to two strands of literature. First, we contribute to the growing
micro-level evidence on the role of KBC for productivity, highlighting the importance of
firm heterogeneity. Second, we contribute to the discussion on aggregate productivity
dynamics and focus on a potential driver of productivity divergence.

The present analysis is embedded in the line of research that has emerged from the
seminal work of Corrado et al. (2005, 2009). The authors acknowledge, contrary to pre-
vailing accounting practices, that a number of expenditures on intangible assets have
long-lasting effects on firm performance and should be considered investments, similarly
to machinery and buildings. Furthermore, they propose a methodological framework to
classify and measure these expenditures. They identify the following three broad cate-
gories of knowledge-based assets: computerized information, which covers all information
susceptible to be digitalised, innovative property, which is the knowledge, scientific or
otherwise, to develop new products, and economic competencies, which is the knowledge
embedded in the employees and organisational structures of firms. They suggest that
investments in KBC in the United States have increased steadily from around 5% of GDP
in the 1950s to around 12% of GDP in 2000, overtaking investment in physical capital in
the late 1990s (Corrado et al., 2009). The extension of this methodological framework to
most developed economies highlights the broad relevance of this pattern. Over the period
2000-2013, investments in KBC grew at an average annual rate of 2.6% in the United
States, and 2.0% in European countries, faster than the growth of investment in physical
capital (Corrado et al., 2016a).

The individual elements of this broad bundle of KBC and their effect on firm perfor-
mance have been widely examined.3 However, analyses encompassing the whole set of
knowledge-assets have long been hampered by data availability. Recent efforts to address
3For a review of the relationship between productivity and R&D see Ugur et al. (2016), for ICT see
Cardona et al. (2013), and for organisational capital see Bloom et al. (2017).
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this issue have resulted in a growing number of studies confirming the overall positive
influence of KBC on firm productivity and decomposing the individual contributions of
different assets (Crass and Peters, 2014; Bontempi and Mairesse, 2015; Chappell and Jaffe,
2018). Futhermore, KBC investments show strong complementarities between different
assets (Bresnahan et al., 2002; Crass and Peters, 2014), and contribute to raising aggregate
productivity through spillovers across firms (Marrocu et al., 2011). Haskel and Westlake
(2018) argue that the presence of spillovers and complementarities, along with increasing
returns resulting from the non-rival nature of the knowledge embedded in these assets,
places certain firms at an important advantage to reap the benefits of KBC investments.
Indeed, firms need specific human capital, mostly found in large firms, to articulate suc-
cessfully the variety of investments and to protect the property rights on their intellectual
assets. On the contrary, smaller firms have fewer incentives to invest in KBC because
they are less able to reap the benefits of their investments, while being able to free-ride
on those of others.

We make a number of contributions to this literature. First, our research question goes
beyond the average effects reported above, and explores whether large firms do observe
higher returns on their KBC assets. Second, by estimating a structural model, similar
to that of Doraszelski and Jaumandreu (2013) for R&D, we control for the inherent
endogeneity involved in estimating productivity. Finally, the extensive coverage of our
dataset allows us to account for different production functions across industries and for
heterogeneity within industries.

Our analysis is also relevant to the debate around aggregate productivity dynamics. A
lot of attention has been devoted to understanding the reasons behind the observed decline
of productivity growth across advanced economies.4 Our analysis does not address this
issue head on, but instead seeks to understand how it is compatible with the simultaneous
increasing importance of the productivity enhancing factor that is KBC. We follow the
insights of Andrews et al. (2015, 2016) and disaggregate productivity growth between a
group of top performers and the rest.

Foster et al. (2018) and Haskel and Westlake (2018) have put forward the hypothesis
that, in addition to being a driver of average productivity growth, KBC can also be a
driver of productivity divergence, accentuating differences between firms. We bring this
hypothesis to our detailed micro-level data on investments in KBC, and provide first

4The arguments put forward have emphasised a possible slowdown of technical progress (Gordon, 2012,
2013, 2015), the inability of national accounts to correctly measure the digital economy and its new
business models, (Byrne et al., 2016; Syverson, 2017), the strengthening of network effects and the
weakening of competitive pressure, or regulatory barriers that have weakened business dynamism and
led to a growing number of zombie firms.
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evidence of the relationship between the effect of KBC on productivity within firms and
resulting productivity dynamics at the industry level.

2.3 Data

The present analysis uses the firm-level datasets collected by the German Statistical Of-
fice5 and used as a source for the construction of the official System of National Accounts
(SNA) aggregated data. To ensure the largest possible coverage of the German economy,
we combine the AFiD Panel of Manufacturing Firms with the AFiD Panel of Service
Firms. Both these datasets consist of multiple sub-datasets, merged through unique firm
identifiers. They are described in further detail in Appendix 2.A.

The dataset contains around 1.5 million observations, across 50 detailed industries, in
Manufacturing, Transport and Warehousing, Information and Communication services,
Business services, and Administrative activities.6 Appendix Table 2.A.1 provides the full
list of industries included in the analysis. Appendix Tables 2.A.2, 2.A.3 and 2.A.4 provide
a detailed breakdown of the number of observations by year and industry.7 Complete
coverage is available for the period 2009-2014 in the Manufacturing sector, and for the
period 2003-2013 for the Services sectors.

We observe firm-level records of standard production variables such as gross value-
added, number of employees, payroll, material and energy expenses, and investments in
physical capital.8 To capture the broad bundle of KBC assets, we obtain data on 4 as-
set categories: software, intellectual property products, research and development, and
organisational capital. The last of these variables is constructed from external informa-
tion on firms’ occupational structure obtained from the linked employer-employee dataset
(LIAB) of the Institute for Employment Research (IAB).

5Due to Germany’s federal structure, its system of statistical offices comprises 16 state-level Statistical
Offices, and an overarching German Federal Statistical Office. The division of responsibility is such that
the Federal office sets common guidelines and the state-level offices are responsible for data collection and
processing, and retain ownership of the data. For simplicity we use the term Statistical Office without
distinguishing between Federal and State level. See www.forschungsdatenzentrum.de for details.

6The industry information is presented under the classification WZ 2008, the German equivalent of ISIC
Rev. 4, which came into force in 2008. For the period 2003-2007, the industry information is provided
under the classification WZ 2003, equivalent to ISIC Rev. 3.1, and was converted to the WZ 2008 using
a conversion table.

7After data cleaning, the dataset contains a total of 916,673 firm-year observations. We drop observations
which lack data on the variables of interest, and drop the following industries from the econometric
analysis due to insufficient observations: the mining industry (B05 to B09), the manufacturing of tobacco
products (C12), and the manufacturing of refined petroleum products (C19). The real estate industry
(L68) is also dropped from the analysis due to missing information on R&D expenditure. Finally, we
impute values for value-added and labour for years where we observe unusual growth rates of more than
3000%.

8The latter is measured as purchases, sales, new rentals and own-production of machines, tools, and
buildings.
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2.3.1 Investment in Knowledge-Based assets

The main source of information relating to investment in KBC are the AFiD Panels.
Firms are asked to report their “Investments in intangible assets”, which captures all
expenditures on intangible assets as defined in the SNA. It is split between “Investments in
concesssions, patents, licenses, trademarks, etc.” and “Investments in software”. The first
category measures investments in the IPP that firms can report on their balance sheets
following the German accounting rules. Investments in software only refer to external
purchases of software and databases.9 This information on software and IPP investments
is only collected from 2009 in the manufacturing sector, whereas it is available from 2003
in the services sector.

To capture firms’ investments in economic competencies, we follow the widely-used
occupation-based method of Corrado et al. (2009, 2005) (as in Niebel et al., 2017; Cor-
rado et al., 2016a; Miyagawa and Hisa, 2013; OECD, 2013; Le Mouel and Squicciarini,
2015). This approach relies on the assumption that managers devote 20% of their time
to activities that improve the organisational structure of the company over the long run.
Hence, 20% of managerial compensation should be considered long-lasting investments
and be capitalised. We obtain the share of managerial wages in firms’ total wagebill
from the LIAB database, and apply it to the wagebill information present in the AFiD
Panel. Firm-specific investment in organisational capital is obtained as 20% of this esti-
mated managerial compensation. The detail of the methodology is provided in Appendix
Section 2.A.3.10

Finally, investment in innovative property is measured by expenditure on R&D, ob-
tained from the cost structure survey element of the AFiD Panel of Manufacturing firms.
All expenses incurred in the R&D process, including investments in capital and interme-
diary inputs, are covered. This information is not available for firms in the services sectors
and we estimate the labour costs of R&D activities in these sectors from the occupational
information of the LIAB data in a similar fashion to investment in organisational capital,
given that personnel expenditures represent around 60% of total R&D costs in Germany
(see OECD Research and Development statistics). We note that the interpretation of
the results relating to R&D will therefore differ between the manufacturing and services

9Information on software developed in-house is only available from 2012 and is therefore not included in
the analysis.

10Our estimates of firm-level organisational capital represent a lower bound compared to other methodolo-
gies present in the literature. For example, Corrado et al. (2009) also include purchases of management
consulting services in their measure of investment in organisational capital. Alternatively, other au-
thors, (e.g. Eisfeldt and Papanikolaou, 2013; Lev et al., 2009; Chen and Inklaar, 2015) use Sales, General
and Administrative (SGA) expenses. However, our dataset does not contain information on either type
of expenditures.
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sectors, but by estimating the model at the 2-digit industry level, we ensure that these
different measures of R&D are not pooled into the same estimation.

2.3.2 Constructing stocks of Knowledge-Based Capital

Following the intuition of Corrado et al. (2005, 2009), we account for the fact that expen-
ditures on knowledge-based assets benefit firms over multiple years and have a cumulative
effect. We assume that total KBC stocks, rather than yearly investment flows, improve
firm productivity. We apply the perpetual inventory method (PIM) of the OECD and
estimate capital stocks for the four KBC assets, as well as tangible capital, from

Kit = (1− δ)Kit−1 + Iit (2.1)

where Kit is the current stock of a given asset, Iit is current deflated investment in that
asset, Kit−1 is lagged capital stock and δ is the depreciation rate, by asset type, industry
and year.

We make the following assumptions regarding deflators, depreciation rates and initial
capital stocks. The price deflators for value-added, material expenditure, and invest-
ments in tangible capital, software, R&D and other IPP, are taken from the official series
provided by the statistical office by 2-digit industry and year. The investment in organi-
sational capital is deflated using the Consumer Price Index. Depreciations rates for R&D,
software, IPP and organisational capital are obtained from the OECD (2013). The depre-
ciation rate for tangible capital by 2-digit industry are published as part of the national
accounts. Finally, we calculate initial capital stocks for the KBC assets using the steady
state assumption: in steady state, the stock of an asset is equal to the ratio of invest-
ment over the depreciation rate. Hence, we divide a firm’s minimum reported value of
investment by the depreciation rate of the year the firm enters the dataset. For physical
capital, we adopt a more robust approach, and take the average between two values of
initial capital stock. The first value is obtained from the steady state assumption, and
the second is the product of the industry capital-labour ratio (provided by the statistical
office) with the firm’s total labour.

2.3.3 Descriptive statistics

Table 2.3.1 reports the mean and standard deviation of the production variables and the
total stock of KBC by 2-digit industry. Our main analysis uses the sum of the four assets
as the main variable of interest to acknowledge the fact that the optimal bundle of assets
might differ across industries and firms. Descriptive statistics of the four components
of the total KBC stock are reported in Appendix Table 2.A.5. The average firm in the
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manufacturing industry is larger in terms of value-added, labour, and physical capital
than the average firm in the service industry. The distribution of total KBC stock across
industries shows large heterogeneity in the importance of these assets. In particular, we
find that the bulk of KBC is concentrated in a few industries. The car manufacturing
industry stands out as having the highest average stock of KBC of all the industries in
our analysis, at e134 million, followed by the pharmaceutical industry where the average
stock of KBC is e82 million. The service industries with the largest average stock of KBC
are Broadcasting and Telecommunications industries, with an average stock of e18 and
e14 million respectively. In half of the service industries, the average stock of KBC is less
than e1 million. In addition, the large standard deviation of the stock of KBC hints at
the presence of important heterogeneity also within industries.
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Table 2.3.1: Descriptive statistics by 2-digit industry

VA Labour† Capital Materials KBC N VA Labour† Capital Materials KBC N
C10 9.8 210 24.11 34.26 1.37 10337 H51 18.23 120 31.88 43.39 6.37 2047

(24.42) (0.37) (66.17) (111.69) (5.98) (78.45) (0.49) (132.52) (212.48) (30.04)
C11 18.86 180 44.23 20.6 1.58 1377 H52 6.24 90 53.14 10.92 1.86 44767

(48.12) (0.68) (132.52) (68.9) (6.35) (58.81) (0.77) (1490.75) (69.46) (31.21)
C13 6.18 120 15.45 9.93 1.15 2064 H53 10.68 330 10.53 11.48 0.59 11962

(12.95) (0.15) (27.42) (21.58) (4.19) (266.07) (5.64) (203.71) (191.65) (14.49)
C14 8.67 140 13.23 11.07 1.17 1103 J58 7.62 110 4.1 7.17 1.33 15556

(25.04) (0.27) (28.85) (27.06) (4.02) (34.69) (0.65) (21.04) (37.92) (9.25)
C15 5.36 110 10.18 9.5 0.78 495 J59 2.13 30 3.05 2.74 0.55 9078

(6.97) (0.11) (12.39) (18.48) (2.21) (16.1) (0.08) (13.88) (12.07) (7.77)
C16 6.04 110 15.17 16.27 0.59 2204 J60 31.6 170 21.08 37.04 18.35 1185

(10.11) (0.16) (43.98) (34.14) (1.67) (148.27) (0.67) (86.88) (140.37) (144.66)
C17 15.27 220 44.43 33.17 1.56 2431 J61 41.91 280 182.43 68.9 14.18 6180

(28.26) (0.36) (91.76) (65.55) (3.94) (444.33) (3.66) (1953.66) (634.1) (150.61)
C18 8.24 140 15.9 10.07 1 1869 J62 4.47 50 3.01 5.06 1.47 62871

(15.76) (0.21) (28.71) (24.86) (8.49) (47.23) (0.31) (50.91) (76.87) (18.38)
C20 36.29 330 108.27 61.22 23.25 4524 J63 2.84 50 4.33 2.91 1.23 16901

(190.8) (1.44) (489.75) (262.37) (207.24) (19.49) (0.44) (52.37) (26.96) (10.65)
C21 80.88 560 200.4 48.69 82.76 986 L69 1.3 20 0.8 0.5 0.46 118817

(325.41) (1.55) (639.62) (115) (477.68) (15.08) (0.14) (6.45) (7.22) (17.83)
C22 15.27 230 27.18 21.07 4.34 4998 M70 3.5 30 5.19 5.14 5.28 51093

(43.4) (0.53) (74.69) (53.74) (29.68) (22.59) (0.15) (52.56) (147.42) (30.77)
C23 12.91 190 30.58 14.85 2.52 4002 M71 1.81 20 0.94 1.53 1.92 89018

(26.37) (0.3) (57.63) (28.56) (10.08) (11.3) (0.12) (7.6) (15.04) (12.39)
C24 24.76 320 61.2 88.77 3.46 3466 M72 4.3 70 20.07 3.25 0.37 10354

(83.32) (0.94) (219.76) (366.88) (24.79) (35.24) (0.6) (181.94) (20.76) (2.75)
C25 10 150 15.13 11.66 2.15 11552 M73 1.64 40 0.87 2.38 1.29 38105

(19.9) (0.26) (31.65) (28.22) (11.62) (8.31) (0.24) (12.47) (11.55) (5.71)
C26 25.34 260 45.03 25.54 23.51 4012 M74 0.83 10 0.91 0.96 0.43 26542

(87.56) (0.78) (233.38) (99.42) (144.15) (10.46) (0.09) (10.08) (18.25) (12.05)
C27 28.28 360 35.32 32.36 24.24 5592 M75 0.3 10 0.3 0.22 0.01 16666

(343.78) (3.6) (284.81) (277.16) (430.89) (0.52) (0.01) (0.59) (0.51) (0.1)
C28 23.16 300 33.97 31.39 15.48 12535 N77 4.01 20 35.44 3.27 0.72 28031

(122.74) (1.51) (237.08) (149.14) (275.98) (37.7) (0.1) (239.93) (31.4) (8.58)
C29 118.82 1150 210.42 287.03 134.52 3189 N78 5.85 230 4.27 1.54 0.46 23531

(960.72) (8.24) (1680.3) (2369.22) (1294.41) (33.67) (1.34) (374.77) (48.48) (13.78)
C30 44.47 520 74.86 75.38 56 1082 N79 2.09 20 1.54 6.95 0.49 20888

(174.67) (1.78) (363.4) (336.35) (455.78) (29.71) (0.13) (26.47) (99.95) (6.99)
C31 8.6 160 12.96 12.9 2.56 2046 N80 3.08 130 2.58 0.88 0.27 9784

(22.01) (0.27) (36.7) (34.52) (19.18) (8.06) (0.3) (33.82) (2.74) (1.17)
C32 12.17 170 19.66 8.78 6.08 3292 N81 1.38 90 4.07 0.62 0.13 72869

(37.43) (0.39) (79.28) (33.01) (29.12) (5.94) (0.38) (89.77) (3.74) (0.7)
C33 11.87 180 7.86 12.45 3.55 3547 N82 2.73 70 4.06 3.48 1.01 33597

(50.41) (0.61) (28.52) (73.92) (36.12) (14.07) (0.34) (40.79) (21.1) (7.73)
H49 2 40 9.23 3.09 0.64 109499 S95 0.48 10 0.24 0.56 0.25 13514

(28) (0.39) (129.6) (54.15) (16.49) (2.35) (0.04) (1.3) (2.98) (2.66)
H50 3.5 20 21.7 12.3 0.49 10628

(26.88) (0.11) (161.51) (184.12) (5.99)

Standard deviation in parentheses; Monetary values in million e: †: head-count number of employees
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2.4 Methodology

The present analysis is centred around the behaviour of firm-level productivity, both in its
relationship to KBC within the firm and in its aggregate evolution. As first emphasised
by Marschak and Andrews Jr. (1944), recovering productivity from production data is
hampered by an inherent endogeneity problem, as firms have information on their pro-
ductivity level when they make production decisions. From the econometric perspective,
this unobserved factor, which is positively correlated with flexible inputs and output will
introduce bias in the estimations.

To address this issue, we implement the control function approach pioneered by Olley
and Pakes (1996) and further developed by Levinsohn and Petrin (2003) and Ackerberg
et al. (2015). We specify a structural model of production, where different inputs of
production have different adjustments costs. In particular, we model intermediary inputs
to have no adjustments costs, which implies that firms decide upon this expenditure after
having observed productivity. The variation in this input can thus be used to control
for variation in productivity. Furthermore, we acknowledge the impact of the firm’s
total stock of KBC on productivity in the model by including it in the law of motion of
productivity.

Below, we present the details of our theoretical model and the estimation strategy used
to recover firm-level productivity.

2.4.1 Model of production

Our model consists of two functions: a production function, as spelled out in Equa-
tion (2.2), which dictates how firms transform inputs into output; and the law of motion
of productivity, spelled out in Equation (2.3), which dictates how productivity evolves
through time.

Firstly, we assume that firms produce according to a value-added production function
of the form

yit = f(lit, kit;β) + εit
ωit+νit

(2.2)

where yit is value-added, defined as sales sit minus intermediary inputs mit, lit is labour
input and kit is the stock of physical capital, and all variables are in logs. We allow for
two different types of unobservables to affect the production function, subsumed in the
error term εit. Firstly, ωit is the firm’s productivity, which we are interested in recovering.
Secondly, νit is a mean-zero i.i.d shock, which picks up measurement error or shocks to
production, and is unanticipated by firms when they make their production decisions.
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Secondly, we follow the literature and assume the evolution of productivity ωit to be
governed by a first-order Markov process (Olley and Pakes, 1996; Levinsohn and Petrin,
2003; Ackerberg et al., 2007; De Loecker and Warzynski, 2012; Doraszelski and Jauman-
dreu, 2013; Ackerberg et al., 2015):

ωit = E[ωit | ωit−1, cit−1] + ξit = g(ωit−1, cit−1) + ξit (2.3)

Realised productivity in period t is composed of expected productivity g(·) and a ran-
dom shock ξit. Expected productivity has both exogenous and endogenous elements. The
former reflects the decay of the previous period’s productivity, and the latter takes into
account the effect of the firm’s decision to invest in KBC. In particular, we model today’s
productivity as dependent on last period’s total stock of KBC, cit−1, which is the sum of
R&D capital, software, intellectual property products, and organisational capital.11 Fi-
nally, the productivity shock ξit is unanticipated but observed by firms when they make
their production decisions in period t.

The estimation strategy detailed below will allow us to recover the production coeffi-
cients β, the output elasticities of the production inputs θit and the conditional expecta-
tion function g(·).

2.4.2 Estimation of the production function

We follow the identification strategy of Ackerberg et al. (2015), whereby firms choose
the level of intermediary inputs that will maximise static, or short-run, profits. The
identification of the model is thus determined by the specification of the demand for
intermediary inputs mit. As the most flexible input of production, the demand for mit

depends on the firm’s state variables, which are labour, physical capital and KBC, all
decided in the previous period and entering into operation in the current period given
the adjustment costs, the realised productivity of period t, and the firm-specific average
wage (used as a proxy for all input prices).12 The intermediate input demand function
can thus be expressed as follows

mit = ht(ωit, lit, kit, cit,wit) (2.4)

We further assume that productivity is the only unobservable that enters the demand for
intermediary inputs and does so monotonically. The function h(·) can thus be inverted

11We choose to aggregate the different assets into a single capital stock to acknowledge that the op-
timal composition of innovative expenditures might differ across firms and industries. In Appendix
Section 2.C, we relax this assumption and identify the effects of the four individual assets separately.

12See De Loecker and Warzynski (2012) for an extended discussion of the relevant variables to include in
the demand for intermediary inputs, such as firm-specific input prices.
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to obtain an expression for ωit as a function of observables13

ωit = h−1
t (mit, lit, kit, cit,wit) (2.5)

Productivity ωit is recovered using a two-step estimation procedure. The first stage
allows us to net out the effect of the shock to production νit by controlling for productivity
with the proxy function h−1

t (·). The second stage allows us to identify the unbiased
production coefficients β, and to recover productivity.

2.4.2.1 Estimation of the first stage

In the first stage, we substitute ωit in the production function (2.2) by its expression in
(2.5). We add further controls in the production function measuring the legal status of
the firm, its geographical location, and time fixed effects, collected in the vector of control
variables Xit. Our first stage estimation equation becomes

yit = f(lit, kit;β) + h−1
t (mit, lit, kit, cit,wit) +Xitγ + εit

= ϕt(mit, lit, kit, cit,wit) +Xitγ + εit (2.6)

We do not impose a functional form assumption on h−1
t (·), and because the labour and

capital inputs enter both the production function f(·) and the function h−1
t (·), we cannot

consistently estimate the production coefficients β in this first stage.14 We therefore
estimate the generic function ϕit(.) with a second-degree polynomial approximation, and
predict ϕ̂it. It follows from equations (2.5) and (2.6) that ωit can be predicted, up to the
still unknown production coefficients, as:

ω̃it = ϕ̂it(mit, lit, kit, cit,wit)− f(lit, kit;β) (2.7)

2.4.2.2 Estimation of the second stage

Equation (2.7) is used to recover the production coefficients β in the second stage of the
estimation. We substitute unobserved productivity in Equation (2.3) with its expression
in Equation (2.7) to get

ω̃it = g(ω̃it−1, cit−1) + uit

ϕ̂it(·)− f(lit, kit;β) = g
(
ϕ̂it−1(·)− f(lit−1, kit−1;β), cit−1

)
+ uit

(2.8)

13See Levinsohn and Petrin (2003) for the proof of invertability.
14For an extensive discussion on this issue see Ackerberg et al. (2015).
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where uit is the error term of this expression. It includes the unanticipated shock to
productivity ξit and an i.i.d. error that captures measurement error resulting from the
fact that we use the predicted values of ϕ̂it. While observed by firms in t, this error term
is uncorrelated with past productivity and the past stock of KBC, and is used to build a
GMM estimator to obtain the production coefficients β.

Our moment condition is

E[uit | Iit−1] = 0

E[ω̃it − g(ω̃it−1, cit−1) | Iit−1] = 0
(2.9)

The timing assumptions of our model are used to choose a vector of instruments Zit that
satisfies

E[uitZit] = 0 (2.10)

It contains the contemporaneous values of the labour and capital inputs,15 as well as of
KBC. The use of current physical capital stock stems from the assumption, widespread in
the literature, that investment conducted in t is decided upon in t− 1 after ξit−1 has been
observed. Current capital stock is theretofore uncorrelated with the productivity shock
in t. If labour has high adjustments costs, as it does in countries with rigid employment
protection legislation (EPL), its value in t will also be uncorrelated with the productivity
shock ξit.16 Finally, we extend the assumption found in the literature concerning the
relationship between R&D and productivity to hold for all KBC assets (Aw et al., 2011;
Doraszelski and Jaumandreu, 2013; Kancs and Siliverstovs, 2016). If a firm decides to
invest in R&D and conducts the investment in year t, the effect on productivity will only
be witnessed in t + 1. Consequently, cit−1 is uncorrelated with ξit. We impose the same
assumption on the other KBC assets.

2.4.2.3 Functional form assumptions

For our econometric analysis, we need to make functional form assumptions for both f(·)
and g(·). Our preferred specification assumes a translog specification for both, such that

yit = βllit + βl2l
2
it + βkkit + βk2k

2
it + βlklitkit + ωit + νit

ωit = βωωit−1 + βω2ω2
it−1 + βccit−1 + βc2c

2
it−1 + βcωcit−1ωit−1 + ξit

(2.11)

15We include squared and interaction terms as required by our functional form assumptions, discussed in
the following paragraph.

16Ackerberg et al. (2015) discuss the conditions under which labour can be considered a fixed input, and
argue that this is the case in countries with stringent EPL. See (OECD, 2015, p.64) for evidence for
Germany.
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Chapter 2 Knowledge-based capital and productivity divergence

This functional form assumption offers more flexibility than the commonly used alter-
native Cobb-Douglas assumption, by allowing the marginal effects of the independent
variables on the dependent variable to be firm- and time-specific. The output elasticity
of any input Ψ for a translog production function with N inputs, which measures the
percentage change in output resulting from a percentage change in that input, is derived
as follows17

θψit =
∂Yit/Yit
∂Ψit/Ψit

= βψ + 2βψ2ψit +
N∑
n ̸=ψ

βψnnit (2.13)

The marginal effect of past KBC and past productivity on current productivity are
calculated according to

θcit−1
= ∂ωit

∂cit−1
= βc + 2βc2cit−1 + βcωωit−1 (2.14a)

θωit−1
= ∂ωit

∂ωit−1
= βω + 2βω2ωit−1 + βcωcit−1 (2.14b)

In the remainder of the paper, we focus on the law of motion of productivity. The
discussion around the production function f(·) is reported in Appendix Section 2.B, where
we present the estimated production coefficients β and the calculated output elasticities
of labour and capital, θl and θk, and test an alternative functional form assumption for
f(·).

2.5 Results

2.5.1 Effect of KBC on firm-level productivity

2.5.1.1 Main estimation results

The results relating to the relationship between a firm’s stock of knowledge assets and
its productivity, obtained from the estimation of the law of motion of productivity, are
reported in Tables 2.5.2 and 2.5.3.18 In the first two columns, we report the mean indus-
try values of θc and θω, calculated from Equations (2.14a) and (2.14b), along with the
standard error of these means in parentheses. θc is the elasticity of KBC, describing the

17In our baseline specification, the output elasticities of labour and capital are calculated as follows

θlit = ∂yit

∂lit
= βl + 2βlllit + βlkkit (2.12a)

θkit = ∂yit

∂kit
= βk + 2βkkkit + βlklit (2.12b)

18Throughout, we report results for the manufacturing and services sectors separately, given their different
production structures and the different way in which R&D expenditures are measured.
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percentage change of productivity from increasing a firm’s stock of KBC by 1%. θω gives
the persistence of the productivity process.

The average effect of KBC on productivity is positive across all sectors of the economy,
but the magnitude of the effect differs between the manufacturing and services sectors. In
the manufacturing sector, the effect of KBC ranges from a low of 0.001-0.003 in industries
with very small average stocks of KBC, to a high of 0.010-0.012 in industries with high
stocks of KBC. For example, in industry C29 (Manufacturing of motor vehicles), where
the average stock of KBC is the highest, at e134 million, increasing a firm’s stock of KBC
by 1% is associated with 0.011% higher productivity. On the other end of the spectrum,
in industry C16 (Manufacturing of wood products), which has the lowest average stock
of KBC at e500,000, increasing a firm’s stock of KBC by 1% is associated with 0.001%
higher productivity.

We observe a similar pattern in the services sector, where the magnitude of the effect of
KBC on productivity ranges between 0.002 to 0.100. The lowest effect of KBC is found in
industry H50 (Water transport), where the average stock of KBC stands at e500,000, and
the highest effect of KBC is in M70 and M71 (Management consulting, Architectural and
engineering activities), where the average stock of KBC stands at e5.3 and e1.9 million,
respectively.

More generally, the correlation between θc and the average stock of KBC is 0.56 in
the manufacturing sector and 0.57 in the services sector. In other words, we observe
the highest stocks of KBC in industries where its effect on productivity is the highest.
Furthermore, we find a strong negative correlation between θc and θω, of -0.51 in the
manufacturing sector and -0.69 in the services sectors. This implies that productivity
displays less persistence in industries where the effect of KBC on productivity is higher.
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Table 2.5.2: Marginal effect of KBC on productivity and full estimates of law of motion
of productivity, by 2-digit industry in Manufacturing

Average Point estimates of the law of motion of productivity
Industry θc θω βω βω2 βc βc2 βcω Constant N

C10 .006 .93 -.231 .041*** .049*** .001*** -.004*** 9.29*** 9482
(.00004) (.0003) (.16) (.01) (.01) (0) (0) (1.16)

C11 .005 .916 -.244 .092*** .073*** .001*** -.011*** 4.216*** 1297
(.00014) (.0019) (.16) (.01) (.02) (0) (0) (.6)

C13 .005 .92 1.533*** -.036*** -.024 .001** .002 -1.893** 1929
(.00006) (.0005) (.18) (.01) (.02) (0) (0) (.77)

C14 .003 .969 .399 .019** .073*** 0 -.004*** 4.673** 1053
(.00008) (.0007) (.25) (.01) (.03) (0) (0) (1.91)

C15 .007 .945 1.397*** .012 -.032 .002** -.001 3.312 469
(.00035) (.0005) (.47) (.01) (.06) (0) (0) (4.55)

C16 .001 .92 1.769*** -.024* .011 0 -.001 -6.042 1994
(.00003) (.0003) (.48) (.01) (.03) (0) (0) (4.2)

C17 .006 .921 .794*** .012 .027 .002** -.005 .968 2257
(.00005) (.0002) (.18) (.01) (.04) (0) (.01) (.67)

C18 .009 .908 1.186*** -.017 .015 .002*** -.003 -.481 1635
(.00014) (.0005) (.22) (.02) (.01) (0) (0) (.75)

C20 .01 .931 .884*** .015** .048*** .002*** -.01*** .17 4222
(.00005) (.0003) (.07) (.01) (.01) (0) (0) (.2)

C21 .013 .869 1.836*** .084*** -.087** .002*** -.016** 2.099*** 913
(.00017) (.0016) (.26) (.02) (.04) (0) (.01) (.78)

C22 .006 .907 .82*** .012 .005 .001*** -.002 .553*** 4573
(.00004) (.0001) (.07) (.01) (.01) (0) (0) (.14)

C23 .007 .935 .991*** -.003 -.005 .001*** 0 .305 3763
(.00005) (0) (.14) (.01) (.01) (0) (0) (.52)

C24 .004 .855 .757*** .008 .024** .001*** -.003** 1.457 3275
(.00004) (.0002) (.27) (.02) (.01) (0) (0) (1.09)

C25 .005 .883 1.318*** -.025*** -.021*** .001*** .002** -.808 10430
(.00003) (.0001) (.16) (.01) (.01) (0) (0) (.7)

C26 .012 .901 .585*** .05*** .048*** .002*** -.013*** .872*** 3664
(.00007) (.0005) (.1) (.01) (.01) (0) (0) (.23)

C27 .008 .904 1.132*** -.008 .048*** .001*** -.006*** -.515 5063
(.00003) (.0003) (.13) (.01) (.02) (0) (0) (.58)

C28 .009 .865 1.103*** -.018** -.043*** .001*** .005*** .371 11500
(.00003) (.0001) (.13) (.01) (.01) (0) (0) (.51)

C29 .011 .873 -.65 .037*** .164*** .001*** -.008*** 18.37*** 2974
(.00008) (.0005) (.45) (.01) (.05) (0) (0) (4.7)

C30 .007 .914 .898*** .006 .006 .001*** -.003 .323 1000
(.00011) (.0003) (.21) (.03) (.01) (0) (0) (.44)

C31 .023 .858 1.568 -.016 -.053 -.005*** .006 -5.035 1875
(.00015) (.0001) (1.73) (.04) (.27) (0) (.01) (19.96)

C32 .006 .919 -.094 .031*** .033 .001*** -.002 9.687*** 3042
(.00008) (.0004) (.32) (.01) (.02) (0) (0) (2.6)

C33 .006 .907 1.035*** -.009 .01 .001*** -.003** .069 3171
(.00009) (.0003) (.06) (.01) (.01) (0) (0) (.17)

*** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses.
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Table 2.5.3: Marginal effect of KBC on productivity and full estimates of law of motion
of productivity, by 2-digit industry in Services

Average Point estimates of the law of motion of productivity
Industry θc θω βω βω2 βc βc2 βcω Constant N

H49 .006 .846 1.956*** -.051*** -.064*** .001*** .006*** -4.358*** 75957
(.00002) (.0002) (.05) (0) (0) (0) (0) (.28)

H50 .002 .922 3.024*** -.064*** -.047** .001 .003** -15.82*** 7454
(.00005) (.0012) (.1) (0) (.02) (0) (0) (.83)

H51 .025 .772 4.526*** -.054*** .22*** .006*** -.007*** -57.4*** 1482
(.00077) (.0036) (.18) (0) (.08) (0) (0) (3.08)

H52 .019 .839 1.075*** -.007** .031*** .003*** -.003*** .354 32179
(.00006) (.0001) (.08) (0) (.01) (0) (0) (.55)

H53 .011 .875 .831*** 0 -.034*** .001* .007*** .853*** 7820
(.00012) (.0005) (.01) (0) (0) (0) (0) (.04)

J58 .014 .905 1.286*** -.024*** -.013** .002*** 0 -.77*** 10931
(.00009) (.0003) (.04) (0) (.01) (0) (0) (.14)

J59 .022 .888 1.245*** -.016*** -.051*** .003*** .004** -.663 5869
(.00017) (.0003) (.12) (.01) (.02) (0) (0) (.71)

J60 .022 .907 1.109*** -.002 .142 .003*** -.004 -1.165 838
(.00035) (.0007) (.36) (.01) (.14) (0) (0) (6.25)

J61 .018 .857 .435 .011 .033 .002*** -.002 6.547** 4212
(.0001) (.0002) (.31) (.01) (.04) (0) (0) (2.89)

J62 .016 .84 1.591*** -.035*** .064*** -.002*** -.002* -2.695*** 43097
(.00002) (.0002) (.06) (0) (.01) (0) (0) (.31)

J63 .02 .866 1.532*** -.047*** -.068*** .004*** .006*** -1.262*** 10904
(.00015) (.0006) (.05) (0) (.01) (0) (0) (.18)

M69 .004 .872 1.228*** -.024*** -.004 0*** .001*** -.361*** 81249
(.00001) (.0001) (.03) (0) (0) (0) (0) (.11)

M70 .098 .739 .302*** .024*** .152*** .015*** -.018*** 5.077*** 32538
(.00018) (.0002) (.05) (0) (.01) (0) (0) (.3)

M71 .129 .675 -.875*** .127*** .569*** .059*** -.105*** 8.032*** 59139
(.00015) (.0003) (.05) (0) (.02) (0) (0) (.19)

M72 .026 .927 -.101 .054*** .249*** .028*** -.04*** 6.129*** 7208
(.00009) (.0003) (.13) (.01) (.06) (0) (.01) (.44)

M73 .043 .82 .545*** .015*** .005 .007*** -.003*** 3.037*** 26002
(.00018) (.0001) (.05) (0) (.01) (0) (0) (.23)

M74 .01 .855 .773*** .011*** .021*** .002*** -.004*** .816*** 17242
(.00006) (.0001) (.04) (0) (0) (0) (0) (.09)

M75 .003 .847 2.471*** -.095*** -.08*** -.001 .01*** -5.622*** 11214
(.00003) (.0005) (.19) (.01) (.02) (0) (0) (.82)

N77 .01 .89 .918*** -.001 -.002 .001*** 0 2.015* 18494
(.00006) (0) (.12) (0) (.01) (0) (0) (1.22)

N78 .047 .698 .953*** -.01** .028*** .01*** -.008*** 1.182*** 16880
(.00033) (.0003) (.07) (0) (.01) (0) (0) (.33)

N79 .048 .814 1.677*** -.041*** -.013 .01*** -.002 -2.679*** 14240
(.00025) (.0005) (.08) (0) (.01) (0) (0) (.36)

N80 .102 .748 .512*** .017*** .028 .017*** -.01*** 2.961*** 6746
(.00055) (.0003) (.09) (.01) (.02) (0) (0) (.34)

N81 .012 .841 .708*** .015*** -.006*** .005*** -.002*** 1.047*** 48348
(.00011) (.0001) (.02) (0) (0) (0) (0) (.06)

N82 .025 .875 .678*** .021*** .037*** .005*** -.009*** 1.163*** 22407
(.00013) (.0002) (.03) (0) (0) (0) (0) (.09)

S95 .008 .833 .451*** .082*** .022*** .004*** -.015*** .898*** 8586
(.00023) (.001) (.04) (.01) (0) (0) (0) (.06)

*** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses.
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Chapter 2 Knowledge-based capital and productivity divergence

To understand the non-linearities in the relationship between KBC and productivity,
we report the coefficients and standard errors obtained from estimating the law of motion
of productivity in the remaining columns of Tables 2.5.2 and 2.5.3. Of particular interest
are the coefficients on the squared term of KBC, βc2 , and on the interaction term between
productivity and KBC, βcω. The former tells us whether there are increasing returns to
the size of the KBC stock, and the latter whether the effect of KBC on productivity is
augmented in more productive firms.

The evidence strongly supports the presence of increasing returns to the size of KBC,
as the coefficient βc2 is significantly positive across manufacturing and services sectors,
with only four exceptions. Figure 2.5.1 offers a visualisation of the increasing returns to
KBC stock, by plotting the average θc by quintile of KBC stock, with an additional group
for the top 5%. The average θc increases across the distribution of KBC, and in most
industries, it is even higher for the top 5% than for other firms in the top quintile. The
only exceptions to this pattern are the four sectors with a negative βc2 . Futhermore, we
observe that the elasticity of KBC stock is negative in the bottom quintile in 11 of the 22
manufacturing sectors and 12 of the 24 services sectors, implying that there is a minimum
scale for KBC to be effective.

The evidence concerning the relationship between the effect of KBC and a firm’s level
of productivity is more mixed. For KBC to be a driving force of productivity divergence
between the top performers and the rest of firms, we would expect to find positive values
for the coefficient βcω. However, we find a significantly positive coefficient in only two
manufacturing industries and only seven service industries. In the majority of industries,
this coefficient is significantly negative. This mixed picture is reflected in Figure 2.5.2,
where the average θc is plotted by quintiles of productivity. The elasticity of KBC increases
with productivity quintiles in only 8 Manufacturing industries. In services, however, there
is evidence of increasing returns to productivity in all but four sectors. The fact that we
observe higher θc in higher quintiles of productivity, even in industries with a negative
βcω, implies that the increasing returns to the stock outweigh the decreasing returns to
the level of productivity.

Finally, we plot the average θc by quintiles of value-added in Figure 2.5.3, to understand
how the elasticity of KBC varies with firm size. This picture is very similar to Figure 2.5.1,
as we find increasing returns to output size in all but 6 of the 47 sectors. Given that output
size is not a variable in the law of motion of productivity, this pattern is driven by the
correlation of KBC stock with firm size. The effect of KBC on productivity is negative in
only 3 industries, suggesting that there is no minimum size of operation required to reap
positive benefits from KBC.
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Chapter 2 Knowledge-based capital and productivity divergence

When it comes to the effect of KBC, it seems that size is a more important dimension
than productivity. We thus expect that any relationship between an industry’s KBC
and productivity divergence to be more pronounced along the size dimension than the
productivity dimension.
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Figure 2.5.1: Marginal effect of KBC by quintiles of KBC and industry
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Figure 2.5.2: Marginal effect of KBC by quintiles of productivity and industry
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Figure 2.5.3: Marginal effect of KBC by quintiles of value-added and industry
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2.5.1.2 Robustness estimations of the law of motion of productivity

In the present subsection, we report additional estimations of the law of motion of pro-
ductivity, to assess the sensitivity of the results to two assumptions. We present the main
point estimates of the sensitivity analyses in Tables 2.5.4 and 2.5.5, and report the full
estimation results in Appendix Section 2.C.

The first robustness check relates to the inclusion of our constructed measure of organ-
isational capital. In the third column of Tables 2.5.4 and 2.5.5, we report the average θc
obtained from a model that excludes our constructed measure of organisational capital.
We confirm the positive impact of KBC (here the sum of R&D, software and IPP) on
productivity, but find an average effect that is lower in magnitude when organisational
capital is excluded. The only manufacturing sector which sees a large change in θc is C31
(Manufacturing of Furniture), which was an outlier in Table 2.5.2. In the services sector,
the magnitude of θc drops noticeably in sectors N78, N79 and N80 (Temporary employ-
ment agencies, Tavel agencies and Security and investigation activities ). In Section 2.5.2,
where we report industry results, we use the results excluding organisational capital for
these four industries where we find particularly sensitive estimates.

The second robustness check relaxes the functional form assumption of g(·). The fourth
and fifth columns of Tables 2.5.4 and 2.5.5 report the point estimates of past KBC and past
productivity from a linear estimation of the law of motion. In the manufacturing sector,
the results do not seem sensitive to the functional form assumption, and the direction of
the effect is preserved in all industries (with the excdption of C16 where the effect drops
to zero). In the services sector, in contrast, we find important differences in six sectors:
N78, N19 and N80, where we find that the results are also sensitive to the inclusion of
organisational capital, along with M70 and M73 (Management consulting, Advertising
and market research) where we find a smaller effect of KBC and M72 (Scientific R&D)
where we find a much larger effect of KBC, from 0.026 to 0.098. We therefore exclude
industry M72 from the analysis of Section 2.5.2.
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Table 2.5.4: Results of robustness estimations of the law of motion of productivity, by
2-digit industry

Translog Law of motion Linear Law of motion
KBC without OC Sum of 4 KBC

Industry θcnoOC β2
c βcω βc βω N

C10 .002 0*** -.003*** .003*** .937*** 9482
(.0001)

C11 .003 0 -.003** .003*** .928*** 1297
(.0001)

C13 .001 0 .004** 0 .935*** 1929
(0)

C14 .001 0 -.002 .004*** .972*** 1053
(.0002)

C15 .003 .001 -.002 .002 .949*** 469
(.0003)

C16 0 0 0 -.001 .929*** 1994
(0)

C17 .001 0 -.003** .004*** .923*** 2257
(0)

C18 .002 .001*** -.008*** .003*** .913*** 1635
(.0003)

C20 .003 0*** -.003*** .006*** .939*** 4222
(.0001)

C21 .006 .001*** -.012*** .009*** .884*** 913
(.0004)

C22 .002 0*** -.002** .003*** .908*** 4573
(.0001)

C23 .003 .001*** .001 .001 .942*** 3763
(.0001)

C24 .001 0 -.001 .001* .861*** 3275
(0)

C25 .002 0** .003*** .001*** .888*** 10430
(0)

C26 .004 .001*** -.009*** .007*** .91*** 3664
(.0001)

C27 .004 0*** -.004*** .005*** .922*** 5063
(.0001)

C28 .004 0*** .003*** .005*** .87*** 11500
(0)

C29 .004 .001*** -.008*** .006*** .879*** 2974
(.0002)

C30 .004 .001*** -.002 .002** .921*** 1000
(.0003)

C31 .003 .001*** .002 .021*** .856*** 1875
(.0001)

C32 .003 .001*** -.001 .002*** .929*** 3042
(.0001)

C33 .002 0** 0 .002*** .91*** 3171
(.0001)

*** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses.
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Table 2.5.5: Results of robustness estimations of the law of motion of productivity, by
2-digit industry

Translog Law of motion Linear Law of motion
KBC without OC Sum of 4 KBC

Industry θcnoOC β2
c βcω βc βω N

H49 .004 0*** .004*** .007*** .846*** 75957
(0)

H50 .003 0 .002* .005*** .902*** 7454
(.0001)

H51 .030 .005*** -.007*** .022*** .758*** 1482
(.0013)

H52 .006 0* 0 .01*** .849*** 32179
(0)

H53 .010 -.001 .005*** .007*** .911*** 7820
(.0001)

J58 .002 .001*** -.003*** .004*** .927*** 10931
(.0002)

J59 .006 0 .003*** .012*** .904*** 5869
(0)

J60 .013 .003*** -.004** .011*** .917*** 838
(.0014)

J61 .004 .001*** -.003** .011*** .861*** 4212
(.0003)

J62 0 0*** -.001 .017*** .841*** 43097
(0)

J63 .008 .002*** .003*** .006*** .882*** 10904
(.0003)

M69 .004 -.001*** .001*** .004*** .867*** 81249
(0)

M70 .103 .016*** -.018*** .025*** .855*** 32538
(.0005)

M71 .120 .059*** -.106*** .098*** .707*** 59139
(.0002)

M72 .007 .028*** -.041*** .098*** .767*** 7208
(0)

M73 .037 .006*** -.007*** .012*** .875*** 26002
(.0003)

M74 .008 .001*** -.005*** .01*** .858*** 17242
(.0001)

M75 .004 -.001 .01*** .003*** .826*** 11214
(.0001)

N77 .010 .001*** 0 .01*** .892*** 18494
(.0001)

N78 .003 .002*** 0 .01*** .735*** 16880
(.0002)

N79 .008 0 .006*** .016*** .852*** 14240
(0)

N80 .004 0 0 .018*** .853*** 6746
(0)

N81 .004 0** 0 .004*** .856*** 48348
(0)

N82 .006 .001*** -.003*** .008*** .902*** 22407
(.0001)

S95 .003 .001*** -.013*** .001*** .848*** 8586
(.0002)

*** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses.
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2.5.2 Productivity dynamics at the industry level

In the present section, we discuss the relationship between KBC and productivity dynam-
ics at the industry level. We follow the framework of Andrews et al. (2015, 2016), and
single out a group of frontier firms. We are interested in whether firms in this group have
achieved higher productivity growth compared to the rest of firms in the industry, and
how any productivity divergence between the frontier and the rest is related to KBC.

Andrews et al. (2015, 2016) define a group of “frontier” as the top 5% most productive
firms in each industry and year, and a group of “laggard” firms as the other 95%. Similarly,
we define the productivity frontier as the top 5% most productive firms by industry-year,
and furthermore define an output frontier, as the top 5% largest firms (in terms of value-
added) by industry-year. The firms in the group of the other 95% are representative of the
industry as a whole, and we therefore refer to this group as the industry average (rather
than laggard firms).

We discuss the relative productivity, size, capital-labour ratio and KBC stocks of fron-
tier firms in comparison to the industry average in Appendix Section 2.D. Frontier firms
are more productive, larger, have higher capital-labour ratios and larger KBC stocks on
both the productivity and the output frontier. Additionally, we find more persistence on
the output frontier than on the productivity frontier.

2.5.2.1 Productivity growth and divergence

Table 2.5.6 presents the cumulative growth of total factor productivity over the period
2009 and 2013 in the frontier group, the group of the other 95% of firms, and the per-
centage point difference between the two groups, for each 2-digit industry. The first three
columns present the results for the productivity frontier, while the last three columns
present the results for the output frontier.

The first and fourth columns of Table 2.5.6 suggest that there has been strong TFP
growth in most industries over the period 2009-2013, and that the average in the group of
95% of firms is not sensitive to the definition of the frontier, and hence can be considered
representative of the whole industry. TFP growth has declined in only two manufacturing
industries and four services industries, while it has exceeded a cumulative growth of
10% over five years in 4 manufacturing industries, including the high-tech industries C26
and C29 (i.e. Manufacturing of computer, eletronic and optical products and of motor
vehicles), and 6 service industries.

The third and sixth columns of Table 2.5.6 report the size of the productivity divergence
between the frontier and the industry average, which appears highly sensitive to the
definition of the frontier. This is especially the case in the manufacturing sector, where

40



Chapter 2 Knowledge-based capital and productivity divergence

we find evidence of convergence on the productivity frontier, whereas we find evidence of
divergence on the output frontier.

More specifically, on the productivity frontier, TFP growth has been of the same rate or
slower than the industry average in the majority of manufacturing industries. Industries
C15, C18 and C21 (Manufacturing of Leather products, Printing, and Pharmaceuticals )
stand out, as TFP growth on the productivity frontier was more than 10 percentage points
slower than the industry average. TFP growth on the productivity frontier exceeded the
average growth by more than 5 percentage points in only four manufacturing industries:
C11, C14, C20, and C29 (Manufacturing of Beverages, Wearing apparel, Chemicals, and
Motor vehicles). On the output frontier, on the other hand, the evidence for divergence
appears more convincing. We find that TFP growth was at least 5 percentage points
higher than the average in six manufacturing industries (C18, C21, C26, C28, C29 and C31
(Printing, Pharmaceuticals, Manufacturing of computers, electronic and optical products,
of Machinery, of Motor vehicles, and of Furniture)) and that it was slower than the
average by more than 2 percentage points in only 5 sectors (C14, C15, C16, C32 and
C33 (Manufacturing of Wearing apparel, of Leather products, of Wood products, Other
manufacturing, and Repare activities)). The findings relating to the productivity frontier
echo those of Andrews et al. (2016), who report small, if any divergence in TFP growth
between frontier and laggards firms in manufacturing after 2009. However, we do find
that the largest manufacturing firms were able to capitalise on their good position to
further accelerate their productivity growth compared to the industry average.

In the services sector, the extent of productivity divergence seems less sensitive to the
definition of the frontier, as productivity seems to have diverged on both the productivity
and output frontiers. On the productivity frontier, TFP growth exceeded the industry
average by between 2 and 10 percentage points in the majority of industries, reaching 16
percentage points in M73 (Advertising and market research), 21 percentage points in H51
(Air transport ) and 40 percentage points in J60 (Broadcasting activities). The transport
sector (H49 to H53, excluding H51), M72 (Scientific R&D) and N80 (Security activities)
are the only industries to have witnessed productivity convergence. This is in line with
the findings of Andrews et al. (2016), who find strong evidence of productivity divergence
in the services sector. On the output frontier, we find the same evidence of productivity
divergence, in all but four sectors.

2.5.2.2 Relationship between productivity divergence and KBC at the industry level

We explore here whether the reported variation in the divergence of productivity growth is
related to the variation in the importance of KBC across industries. Table 2.5.7 presents
correlation coefficients between the reported percentage point differences in TFP growth
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Table 2.5.6: Cumulative growth of productivity over 2009-2013, by frontier and industry

TFP Frontier Output frontier
Other Top Other Top

Industry 95% 5% Diff. 95% 5% Diff.

C10 2 4.3 2.3 2.1 2.1 0
C11 1.2 12.1 10.9 1.8 2 .1
C13 7.5 6.1 -1.3 6.8 7.7 1
C14 -.1 6 6.1 .9 -5.8 -6.7
C15 11.9 -16.6 -28.5 11.2 -3 -14.2
C16 6.7 1.5 -5.2 6.4 3.9 -2.5
C17 2.9 2.1 -.8 3.1 3.3 .3
C18 -6.9 -18.7 -11.7 -7.7 -3.1 4.6
C20 3.2 9.3 6.1 3.8 4 .1
C21 7.3 -5.9 -13.1 6.4 11.9 5.5
C22 5.8 2.6 -3.2 5.5 5 -.6
C23 9.6 7.8 -1.9 9.6 8.1 -1.5
C24 10.3 8.4 -1.8 10.2 8.7 -1.5
C25 7.2 7.1 -.1 7.1 7.7 .6
C26 11.8 8.4 -3.5 11.3 16.6 5.3
C27 3.3 3.9 .7 3.1 4.7 1.6
C28 7.8 6.4 -1.4 7.3 12.3 5.1
C29 14.7 20 5.3 15 26.4 11.4
C30 -2 -9.1 -7.2 -2 -3.2 -1.2
C31 -.2 -2 -1.8 -.8 5.5 6.3
C32 5.4 2 -3.4 5.5 2.8 -2.7
C33 1.6 5.2 3.5 2.2 -7.5 -9.7

H49 4.7 4.1 -.6 4.9 1.1 -3.8
H50 -2.4 -31.3 -28.9 -5.4 -5.6 -.2
H51 1.4 22.7 21.2 .4 17.5 17.1
H52 11 2.6 -8.5 10.8 6.5 -4.3
H53 4.5 -14.2 -18.7 4.1 -12.7 -16.8
J58 5.4 9.6 4.2 5.4 7.1 1.7
J59 16.1 26.4 10.3 16.6 20.5 3.9
J60 18 58.4 40.4 16.9 62.2 45.3
J61 -8.7 -1.5 7.2 -9.3 -.5 8.8
J62 1.2 5.4 4.2 1.5 -3.5 -4.9
J63 5.9 12.4 6.5 6.7 8.8 2
M69 2.7 2.2 -.5 2.7 1.8 -.9
M70 1.6 3.5 1.9 1.7 -.9 -2.5
M71 .8 5.1 4.4 .6 2.6 2.1
M72 -2.6 -7.5 -4.9 -2.3 -2.7 -.4
M73 -1.3 14.4 15.7 -1.5 9.6 11.1
M74 3.1 8.7 5.6 2.7 6.8 4.2
M75 3.4 4.2 .8 3.2 1.1 -2.1
N77 21.6 29.7 8.1 22.4 9.2 -13.2
N78 11.7 20.3 8.6 12.1 14.3 2.2
N79 -2.9 -1.9 1 -3.3 -4.3 -1
N80 19.7 10 -9.7 19.7 11.5 -8.2
N81 -.4 4.7 5.1 -.8 7.7 8.5
N82 7.1 9.7 2.6 7 6.1 -.9
S95 3.5 7.2 3.7 3.8 4.9 1.1

42



Chapter 2 Knowledge-based capital and productivity divergence

between the frontier and the industry average on the one hand, and various measures
of the importance of KBC at the industry level on the other. These are the average
stock of KBC (as reported in Table 2.3.1), the average θc, reflecting the effect of KBC on
productivity, βc2 , the coefficient on the squared stock of KBC, capturing the increasing
returns to KBC stock, and βcω, the coefficient on the interaction of KBC with produc-
tivity, capturing the extent to which past productivity accentuates the effect of KBC on
productivity, and finally, the difference between θc on the frontier and θc at the median,
as an alternative measure of increasing returns to scale. For each frontier (productivity
and output), we look at productivity divergence over the period 2009 to 2013 for both
manufacturing and services. To understand the sensitivity of the results to the time pe-
riod under consideration, we additionally report results where productivity divergence is
calculated over the period 2003 to 2013, for which we only have data for the services
sector.

Looking at the first three columns of Table 2.5.7 suggests a weak and negative relation-
ship between productivity divergence and the KBC variables, on the productivity frontier.
In the manufacturing sector, all the correlation coefficients are negative and insignificant.
For services, we observe a positive correlation between the productivity gap calculated
over the period 2009 to 2013 and all the KBC variables, except βcω. The correlation is
also significant for the average effect of KBC on productivity, θc, and for the coefficient
measuring increasing returns to KBC stock, βc2 . However, these correlations do not seem
to be robust to changing the time period, as seen in the third column. Appendix Fig-
ure 2.E.1 provides an illustration of the correlation between productivity divergence and
the KBC variables for the productivity frontier. In contrast, the last three columns of
Table 2.5.7 suggest that productivity divergence on the output frontier is strongly related
to the importance of KBC. We find a positive correlation between productivity divergence
and all the KBC variables, except βcω, in both manufacturing and services, and for the
latter, for both time periods, and these correlations are significant at the 5% level for the
period 2009 to 2013. This is illustrated in Appendix Figure 2.E.2.

Put together, these results suggest that larger firms are in a better position to exploit
KBC as a source of TFP growth than other firms in the industry. Indeed, we find that
these large firms were able to achieve stronger productivity gains compared to the industry
average precisely in industries where the average size of the KBC stock is higher, where
this stock has a stronger effect on TFP, and where this effect is further accentuated by
the size of the stock and the size of the firm. However, being a productive firm does
not appear to be in itself a sufficient condition to achieve disproportionally higher TFP
growth from using KBC.
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Table 2.5.7: Correlation between productivity gap and KBC variables

Frontier definition: Productivity Output
Time period 2009-2013 2003-2013 2009-2013 2003-2013
Industry Manuf. Serv. Serv. Manuf. Serv. Serv.
KBC stock -0.141 0.347 -0.0308 0.597** 0.152 0.295
θc -0.237 0.539** -0.0218 0.558** 0.483** 0.325
βc2 -0.289 0.478** 0.0684 0.500** 0.597** 0.300
βcω -0.0674 -0.338 -0.336 -0.189 -0.381* 0.0124
θcTOP5 − θcMEDIAN -0.286 0.341 -0.348 0.264 0.524** 0.166

* p<0.1, ** p<0.05

2.6 Conclusion and discussion

In this paper, we shed light on the heterogeneous effect of KBC on productivity, both
at the firm level and at the industry level. At the micro level, we estimate a model of
production where a firm’s stock of KBC directly influences the level of productivity and
is allowed to vary with the size of the stock and the past productivity level of the firm.
Our average results are in line with existing micro-level evidence on the positive effect of
KBC on productivity. We bring additional evidence of increasing returns to scale to a
firm’s stock of KBC, and even find that below a certain size of KBC stock, firms observe
a negative effect on their productivity. More surprisingly, we do not find that the effect
of KBC increases noticeably with firm productivity. These results imply that large firms,
rather than more productive firms, are in a better position to reap the benefits of investing
in KBC.

These results are echoed in the second part of our analysis, where we look at productivity
growth at the industry level. We focus on the phenomenon of productivity divergence,
as described by Andrews et al. (2015, 2016), because we expect the increasing returns
observed in the micro-level analysis to translate into heterogeneous productivity growth
at the industry level. Indeed, we find that in most industries, larger firms grew at a faster
rate than the industry average over the period 2009-2013. This divergence is accentuated
in those industries where firms have larger stocks of KBC, these assets have a larger
effect on productivity and where increasing returns are stronger. In accordance with the
results of the firm-level analysis, we do not find any relationship between the variation
in productivity divergence on the productivity frontier and the various measure of KBC
importance.

KBC investments appear to be an uneven source of growth, whose rewards accrue to
a fraction of firms in the economy. Our data does not allow us to explore other relevant
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characteristics of these firms, but we hypothesise that two additional dimensions play an
important role.

Firstly, the ability to finance KBC investments is itself biased towards larger firms. As
argued by Haskel and Westlake (2018), investments in KBC tend to be sunk for firms,
as these assets cannot be easily sold on or used as collateral. This stems both from
under-developed markets for the exchange of knowledge assets and from the firm-specific
nature of many of these investments. Hence, only firms with the deepest pockets are
able to afford these expenditures in the first place, which results in large heterogeneity in
observed KBC investment patterns, even within industries (Arrighetti et al., 2014).

Secondly, we expect the important KBC players to be the large multinational enter-
prises that play prominent roles in global value chains, given that large investments in
KBC are a necessary condition for effective participation in global markets (Chen et al.,
2017). Additionally, the findings of Aw et al. (2008, 2011) highlight a potential feedback
mechanism whereby participation in exporting allows firms to leverage their investments
over larger markets and thereby increase the returns to their innovative investments.

Finally, two policy implications emerge. Firstly, if KBC improves the performance
of firms that are already in a strong position on their market, and if this is further
accentuated by financing constraints and participation in global value-chains, we would
expect these effects to dampen competition. Secondly, our results raise the question
of whether certain policy interventions, for example through knowledge diffusion, might
allow more firms to reap the benefits of KBC and thus have incentives to invest.
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2.A Description of the datasets

The three main datasets used in the present analysis are the AFiD Panel of Manufacturing
Firms, the AFiD Panel of Service Firms and the Linked Employer-Employee Data of the
IAB (LIAB). All the data are representative at federal state, the 2-digit industry and
the size class levels. The AFiD Panels are of very high quality because they serve as the
basis for the construction of the National Accounts. Firms are legally required to deliver
the requested data, and the Statistical Office ensures that the non-response rate is as
low as possible (around 2% in recent years). The Statistical Office is also responsible for
performing quality checks and checking for implausibilities.

Within the general AFiD Panel of Manufacturing Firms, we use the following surveys,
which can be merged together using unique firm identifiers:

• the annual report for manufacturing, mining and quarrying companies (JBU)

• the investment survey of manufacturing, mining and quarrying companies (IEU)

• the cost structure survey in manufacturing, mining and quarrying (KSE)

The AFiD Panel of Service Firms is split into individual surveys for each of the macro
industries. We combine the relevant datasets to cover the following sectors: transport and
warehousing (H), information and communication (J), provision of professional, scientific
and technical services (M), provision of other economic services (N), other services (S95).

We provide a brief description of the coverage and list of variables for each of the sub-
datasets, and refer interested readers to Schiersch and Schmidt-Ehmcke (2011); Richter
and Schiersch (2017); Fritsch et al. (2004); Koch (2007); Heining et al. (2014) for detailed
descriptions of the Investment Survey, the Cost Structure survey, the annual reports and
the LIAB dataset.

2.A.1 AFiD-Panel of Manufacturing Firms

2.A.1.1 Annual report for manufacturing, mining and quarrying companies

2.A.1.1.1 Coverage The annual report is a census of all manufacturing and quarrying
firms with more than 20 employees. In some industries, such as the food industry or the
mining sector, the threshold has been lowered to 10 employees. The dataset contains a
total of around 61,000 indivudal firms, with approximately 22,000 that are observed for
the entire sample period of 2003 to 2014, and around 4,800 that are observed only once.
The remaining 34,400 are observed between two and eleven years.
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2.A.1.1.2 List of variables The analysis uses the following variables from the annual
report: number of active persons; payroll; turnover.

2.A.1.2 Investment survey of manufacturing, mining and quarrying companies

2.A.1.2.1 Coverage The investment survey is also a census of all manufacturing and
quarrying firms with more than 20 employees and a reduced threshold of 10 employees in
a few industries.

2.A.1.2.2 List of variables The analysis uses the following variables from the invest-
ment survey: investments in concessions, patents, licenses, trademarks, etc.; investments
in software; purchased and self-constructed property, plant and equipment; value of newly
leased new property, plant and equipment; sales of property, plant and equipment. Note
that the variables investment in software and investment in concessions, patents, licenses,
trademarks, etc. were only included in the investment survey starting in 2009.

2.A.1.3 Cost structure survey in manufacturing, mining and quarrying

2.A.1.3.1 Coverage The cost structure survey includes both the full census of firms
with at least 500 employees, and a sample for firms below that threshold. Smaller firms are
sampled from the full population of manufacturing, mining and quarrying firms recorded
in the business register, using a stratification strategy that ensures representativeness at
the industry and size class levels. Note that the survey is not representative at the level
of federal states. To limit the response burden of firms, a new sample is drawn every
four years. However, in industries with few firms, even small firms are part of the sample
almost every year. The total number of firms in the cost structure survey covers around
45 % of all firms in the mining and manufacturing industry.

2.A.1.3.2 List of variables The analysis uses the following variables from the cost
structure survey: legal form; federal state; industry code; total number of employees;
total number of active persons; number of active persons in R&D; total turnover; gross
production value; gross value added; consumption of raw materials and supplies; gross
payroll (without employer contributions); employer payroll taxes; expenditure on R&D;
weighting factors; correction factors.

2.A.2 AFiD-Panel of Service Firms

2.A.2.0.1 Coverage The AFiD Panel of Service Firms is a sample of firms, drawn
from the population of firms subject to VAT, with at least e17,500 of annual turnover, to
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be representative at the industry, federal state and size class levels. The number of firms
included in the sample represent around 15% of total firms in the relevant services sectors.
To minimize the administrative burden on firms, new samples were drawn in 2003, 2008,
20011 and 2014. As a result, only 2% of the firms in the services dataset are present for
the entire sample period of 2003 to 2013. Around 10% of the firms are constantly in the
surveys between 2003 to 2007 and just about 5% of all firms are constantly observed in
the period 2008 to 2013.

2.A.2.0.2 List of variables The analysis uses the following variables from the AFiD
Panel of Services Firms: legal form; federal state; industry code; number if employees;
number of all active persons; turnover; gross wages and salaries; consumption of raw
materials and supplies; weighting factors; investment in property, plant and equipment;
investments in concessions, patents, licenses, trademarks, etc.; investment in software.

2.A.3 Linked Employer-Employee Data of the IAB

Two important asset categories are unavailable in the AFiD Panels (organisational cap-
ital for all firms, and R&D for firms in services sectors), and are thus estimated using
occupational information from a third source, the Linked Employer-Employee Data for
the IAB (LIAB). To overcome the legal prohibition on the merger of these two datasets
at the firm level, we adopt a two-step methodology inspired from the model of Crepon
et al. (1998) (commonly referred to as the CDM model, see Griffith et al., 2016; Hall
et al., 2009; Hall, 2011; Baumann and Kritikos, 2016).

The intuition of the approach is as follows. In a first step, the authors estimate the like-
lihood of a company to engage in R&D activities. In a second step, all companies above
a certain likelihood threshold are attributed an estimated R&D intensity (i.e. R&D ex-
penditure relative to employment), which replaces observed values of R&D intensity. The
procedure implies that certain firms that report zero R&D expenditures are nevertheless
given a positive value for R&D. Crepon et al. (1998) use this procedure for two reasons.
Firstly, it solves the selection problem with respect to the R&D choice. Secondly, it ad-
dresses the well-known problem of under-reporting of R&D activities and investment in
surveys.

In a first step, we thus estimate the likelihood of firms to be engaged in investment
in either organisational capital or R&D. We do so by estimating probit models at the
2-digit industry level, where the explanatory variables are chosen to be available in both
the LIAB and the AFiD Panels. The dependent variable is, in the case of organisational
capital, a dummy for observing at least one manager with an employee relationship to
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the firm.19 In the case of R&D, the dependent variable of the probit model is a dummy
for engaging in R&D activities, included in the LIAB dataset. We apply the estimated
coefficients of the probit estimations to predict the likelihood of firms in the AFiD Panels
to invest in the two assets. The calculations are calibrated to match the share of firms
engaged in investment at the 1 digit industry level in the two datasets.

For each firm that we predict to participate in OC and R&D investment, we then
calculate the compensation paid to managerial and R&D occupations. We identify the
relevant occupations from the KldB 2010, the German pendant to ISCO 2008, and observe
their monthly wages in the LIAB data. We calculate the share of managerial and R&D
wages in total wagebill for each firm. To transfer this information to the AFiD Panels, we
construct tables by 2-digit industry, geographical region and biennium, where each cell
reports the average wage share of the relevant occupations. These tables are applied to
the AFiD table to calculate the firm-specific compensation of managers and R&D workers
by multiplying these shares with the firm wagebill.

Finally, the estimated compensations are considered investment in the relevant asset and
capitalised as described in Section 2.3.2. Note that only 20% of managerial compensation
is considered investment (following Corrado et al., 2009), whereas 100% of R&D worker
compensation is considered investment.

2.A.4 Additional descriptive tables

In Table 2.A.1 we present the list of industries included in the analysis, along with the
industry codes and description, according to the German classification of industries WZ
2008. In Table 2.A.2 we report the number of observations of the raw dataset for each 1-
digit industry and year. In Tables 2.A.3 and 2.A.4, we report the number of observations
of the raw dataset for each 2-digit industry and year, in the manufacturing and services
sectors respectively.

Finally, in Table 2.A.5 we provide additional descriptive statistics: we report the mean
and standard deviation for the stock of each KBC asset individually. We observe large
heterogeneity between industries in the breakdown of the KBC bundle into its four ele-
ments. For example, the average R&D stock in the car production sector is around e127
million, while it is e0.5 million or less in a number of other manufacturing industries.
The broadcasting and telecommunications industries stand out as having the stocks of
software and IPP at multiple millions of euros, whereas the rest of the services sectors do
not have stocks of these assets that exceed one million euro. The distribution of organisa-
tional capital across industries is the most homogeneous of the four assets, ranging from

19Many firms do not hire professional managers and are instead managed by their owners. The presence
of an owner manager is included as one of the explanatory variables in the probit model.
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a low of e10,000 in the legal and accounting services to a high of e3.7 million in the car
manufacturing industry. Finally, the large standard errors of these variables suggest large
heterogeneity also within industries.
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Table 2.A.1: 2-digit industry classification

(WZ 2008) Industry code Description

M
an

uf
ac

tu
ri

ng

C10 Food Products
C11 Beverages
C13 Textiles
C14 Wearing apparel
C15 Leather and related products
C16 Wood and of products of wood and cork, except furniture;

manufacture of articles of straw and plaiting materials
C17 Paper and paper products
C18 Printing and reproduction of recorded media
C20 Chemicals and chemical products
C21 Basic pharmaceutical products and pharmaceutical preparations
C22 Rubber and plastics products
C23 Other non-metallic mineral products
C24 Basic metals
C25 Fabricated metal products, except machinery and equipment
C26 Computer, electronic and optical products
C27 Electrical equipment
C28 Machinery and equipment n.e.c.
C29 Motor vehicles, trailers and semi-trailers
C30 Other transport equipment
C31 Furniture
C32 Other manufacturing
C33 Repair and installation of machinery and equipment

T
ra

ns
po

rt

&
L
og

is
ti
cs

H49 Land transport and transport via pipelines
H50 Water transport
H51 Air transport
H52 Warehousing and support activities for transportation
H53 Postal and courier activities

In
fo

rm
at

io
n

C
om

m
un

ic
at

io
ns J58 Publishing activities

J59 Motion picture, video and television programme production,
sound recording and music publishing activities

J60 Programming and broadcasting activities
J61 Telecommunications
J62 Computer programming, consultancy and related activities
J63 Information service activities

P
ro

fe
ss

io
na

l,
sc

ie
nt

ifi
c

&
te

ch
ni

ca
l
ac

ti
vi

ti
es M69 Legal and accounting activities

M70 Activities of head offices; management consultancy activities
M71 Architectural and engineering activities; technical testing and analysis
M72 Scientific research and development
M73 Advertising and market research
M74 Other professional, scientific and technical activities
M75 Veterinary activities

A
dm

in
is

tr
at

iv
e

&

su
pp

or
t

ac
ti
vi

ti
es N77 Rental and leasing activities

N78 Employment activities
N79 Travel agency, tour operator, reservation service and related activities
N80 Security and investigation activities
N81 Services to buildings and landscape activities
N82 Office administrative, office support and other business support activities
S95 Repair of computers and personal and household goods
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Table 2.A.2: Number of observations per 1-digit industry and year

Year M
in

in
g

M
an

uf
ac

tu
ri

ng

T
ra

ns
po

rt
at

io
n

C
om

m
un

ic
at

io
n

R
ea

le
st

at
e

P
ro

fe
ss

io
na

ls
er

vi
ce

s

A
dm

in
is

tr
at

iv
e

se
rv

ic
es

T
ot

al

2003 - - 19,084 10,975 22,174 32,271 17,011 102,066
2004 - - 19,688 11,688 23,411 33,924 17,003 106,251
2005 - - 2,056 12,602 25,081 36,426 1,729 78,418
2006 - - 20,958 13,394 25,571 38,288 17,442 116,170
2007 - - 21,848 14,026 25,428 40,629 17,985 120,416
2008 - - 20,251 15,311 15,106 48,345 26,968 129,867
2009 558 37,448 21,466 16,298 16,893 51,587 28,363 176,386
2010 564 36,868 21,869 16,985 18,091 53,831 29,345 181,299
2011 559 36,926 21,413 16,668 18,673 59,996 3,027 159,925
2012 554 38,618 22,022 17,304 19,103 62,574 32,279 195,191
2013 534 38,317 22,731 18,245 19,725 64,593 33,809 200,781
2014 522 38,030 - - - - - 38,552
The sum in the Total category exceeds the sum of the other columns because
it includes observations in 2-digit industry S95.

Table 2.A.3: Number of observations per 2-digit Industry and year (Ind. B05-C33)

2009 2010 2011 2012 2013 2014
B05 6 6 5 6 5 5
B06 5 5 5 5 5 5
B08 535 539 533 526 533 496
B09 12 14 16 17 16 16
C10 4.761 4.789 4.838 4.981 4.838 4.846
C11 514 504 495 497 495 484
C12 21 21 22 22 22 22
C13 706 673 666 681 666 660
C14 329 301 280 298 280 263
C15 140 132 131 130 131 119
C16 1.190 1.135 1.130 1.163 1.130 1.122
C17 816 801 796 813 796 785
C18 1.500 1.430 1.384 1.373 1.384 1.259
C19 42 44 47 50 47 49
C20 1.185 1.187 1.189 1.261 1.189 1.253
C21 242 246 250 277 250 271
C22 2.747 2.693 2.709 2.826 2.709 2.829
C23 1.623 1.584 1.591 1.629 1.591 1.599
C24 932 913 924 978 924 921
C25 6.762 6.653 6.626 7.029 6.626 7.123
C26 1.600 1.586 1.608 1.741 1.608 1.702
C27 1.910 1.867 1.882 2.011 1.882 1.977
C28 5.296 5.186 5.219 5.487 5.219 5.413
C29 1.078 1.056 1.040 1.056 1.040 1.037
C30 244 251 252 278 252 271
C31 974 969 963 995 963 960
C32 1.428 1.431 1.440 1.482 1.440 1.489
C33 1.408 1.416 1.444 1.561 1.444 1.57652
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Table 2.A.5: Descriptive statistics by 2-digit industry

R&D Software IPP OC N R&D Software IPP OC N
C10 0.5 0.07 0.13 0.67 10337 H51 5.75 0.09 0.11 0.42 2047

(3,72) (0,39) (2,47) (1,82) (27,91) (0,69) (1,46) (2,17)
C11 0.08 0.1 0.46 0.94 1377 H52 1.49 0.08 0.08 0.21 44767

(0,62) (0,34) (3,3) (4,47) (28,49) (1,42) (1,29) (2,17)
C13 0.65 0.05 0.04 0.41 2064 H53 0.02 0.1 0.05 0.42 11962

(3,71) (0,16) (0,28) (0,78) (0,2) (2,75) (1,35) (11,51)
C14 0.43 0.18 0.12 0.45 1103 J58 0.57 0.11 0.35 0.29 15556

(1,98) (1,39) (0,93) (1,24) (4,48) (0,67) (6,59) (1,62)
C15 0.42 0.04 0.03 0.3 495 J59 0.08 0.02 0.37 0.07 9078

(1,76) (0,1) (0,19) (0,49) (0,87) (0,41) (7,66) (0,3)
C16 0.2 0.04 0.04 0.31 2204 J60 1.38 0.55 15.45 0.97 1185

(1,21) (0,17) (0,44) (0,59) (13,66) (3,36) (143,54) (4,21)
C17 0.68 0.11 0.06 0.72 2431 J61 0.16 4.2 8.9 0.93 6180

(2,73) (0,45) (0,41) (1,36) (1,07) (47,27) (113,41) (8,42)
C18 0.48 0.08 0.03 0.4 1869 J62 0.64 0.31 0.26 0.26 62871

(7,85) (0,28) (0,22) (0,85) (11,79) (5,25) (7,8) (2,3)
C20 20.2 0.38 1.28 1.39 4524 J63 0.68 0.16 0.24 0.14 16901

(180,71) (3,45) (19,17) (7,9) (7,67) (1,6) (5,22) (1,16)
C21 74.4 0.76 5.08 2.52 986 L69 0.43 0.01 0.02 0.01 118817

(441,55) (2,83) (33,26) (8,34) (17,69) (0,11) (0,2) (0,16)
C22 3.56 0.11 0.1 0.57 4998 M70 4.77 0.09 0.2 0.23 51093

(27,64) (0,72) (0,9) (1,69) (28,29) (0,81) (4,07) (1,53)
C23 1.57 0.08 0.05 0.83 4002 M71 1.74 0.02 0.02 0.14 89018

(8,55) (0,47) (0,33) (1,75) (11,14) (0,17) (0,63) (1,1)
C24 2.45 0.14 0.19 0.69 3466 M72 0 0.08 0.12 0.17 10354

(22,29) (0,56) (2,47) (2,23) (0) (0,79) (1,9) (1,2)
C25 1.41 0.07 0.07 0.6 11552 M73 1.13 0.02 0.06 0.09 38105

(10,12) (0,29) (0,78) (1,51) (3,9) (0,2) (3,34) (0,38)
C26 21.61 0.35 0.34 1.22 4012 M74 0.35 0.01 0.01 0.05 26542

(138,85) (2,7) (2,77) (5,54) (10,81) (0,22) (0,25) (1,3)
C27 22.71 0.23 0.2 1.09 5592 M75 0 0 0 0 16666

(415,59) (1,39) (1,68) (14,58) (0,08) (0) (0,03) (0,03)
C28 14.01 0.24 0.3 0.93 12535 N77 0.49 0.04 0.14 0.05 28031

(263,1) (2,16) (5,63) (6,24) (4,33) (1,04) (6,76) (0,35)
C29 127.29 0.97 2.55 3.7 3189 N78 0.15 0.05 0.08 0.18 23531

(1242,65) (8,76) (30,85) (30,42) (5,86) (3,89) (7,15) (1,52)
C30 53.4 0.33 0.47 1.8 1082 N79 0.31 0.03 0.09 0.05 20888

(449,18) (1,04) (3,01) (7,39) (4,9) (0,39) (2,87) (0,47)
C31 1.94 0.09 0.03 0.5 2046 N80 0.03 0.01 0.02 0.22 9784

(17,89) (0,47) (0,16) (1,11) (0,8) (0,04) (0,18) (0,6)
C32 4.95 0.17 0.19 0.78 3292 N81 0.01 0 0.01 0.11 72869

(25,46) (1,03) (1,46) (2,51) (0,21) (0,04) (0,21) (0,55)
C33 2.57 0.05 0.05 0.88 3547 N82 0.7 0.08 0.07 0.16 33597

(34,08) (0,35) (0,77) (3,77) (6,41) (1,68) (0,97) (0,85)
H49 0.53 0.01 0.03 0.07 109499 S95 0.21 0 0 0.03 13514

(15,13) (0,21) (1,76) (0,91) (2,54) (0,05) (0,04) (0,28)
H50 0.35 0.02 0.09 0.04 10628

(4,83) (0,17) (2,34) (0,43)

Standard errors in parentheses; Monetary values in million e
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2.B Production function results

In Tables 2.B.1, 2.B.2 and 2.B.3 we report the results from the different GMM estimations

of the production function f(·). The first 5 lines report the coefficients and standard er-

rors from the baseline model, where f(·) is assumed to be a translog function. The

following two lines report the output elasticities of labour and capital, calculated from

Equations (2.12a) and (2.12b). The final two lines report the coefficients and standard

errors of the robustness estimation, where f(·) is assumed to be a Cobb-Douglas function.

These last coefficients can be directly interpreted as output elasticities, and can therefore

be compared to the output elasticities reported in the two preceding lines. This compar-

ison suggests that the average output elasticities of labour and capital obtained with the

translog assumption are very close to the output elasticities estimated in a Cobb-Douglas

model, and implies that our results are not sensitive to the functional form assumption

in the production function f(·).
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Table 2.B.1: Production function coefficients obtained from ACF procedure by 2-digit industry

Industry C10 C11 C13 C14 C15 C16 C17 C18 C20 C21 C22 C23 C24 C25 C26 C27

βL 2.09*** .76*** 1.24** .39 6.02*** 2.6*** 1.21* -.45 .53 -3.04*** .15 1.08*** 1.59*** .92*** -.61 1.34***
(.154) (.204) (.391) (1.299) (.428) (.27) (.472) (.525) (2.192) (.7) (3.18) (.147) (.075) (.076) (.454) (.366)

βLL .19*** .12*** -.01 -.04 .35 .14* .01 .04 .09 -.58*** .09 .03 .13*** .07 -.17** .12***
(.02) (.03) (.047) (.033) (.217) (.067) (.083) (.088) (.098) (.063) (.401) (.052) (.016) (.037) (.062) (.021)

βK -1.12*** .21 .02 -.51* 2.3* -1.54** .01 .72 .54 2.78*** .88 .13 -.07 .08 1.18 -.04
(.109) (.5) (.173) (.221) (1.143) (.474) (.149) (.416) (2.663) (.77) (2.503) (.22) (.241) (.238) (1.027) (.567)

βKK .14*** .03 .02 .03 -.02 .16*** .03* -.04 -.01 -.26*** -.04 .02 .05** .02 -.11 .04
(.009) (.03) (.01) (.029) (.097) (.03) (.016) (.04) (.198) (.045) (.255) (.013) (.016) (.012) (.064) (.042)

βLK -.16*** -.05*** -.03 .04 -.43*** -.15*** -.04 .05 -.02 .39*** 0 -.04*** -.09*** -.04** .14*** -.07**
(.008) (.006) (.021) (.082) (.063) (.01) (.048) (.052) (.152) (.052) (.32) (.009) (.01) (.012) (.013) (.024)

Output elasticity
θl .386 .542 .786 .749 .760 .800 .594 .569 .521 .845 .595 .535 .682 .671 .875 .745
θk .440 .471 .189 .042 .138 .291 .384 .260 .339 .206 .274 .326 .321 .264 .081 .177

Cobb-Douglas model
βL .4*** .56*** .78*** .76*** .78*** .77*** .58*** .61*** .54*** .68*** .62*** .53*** .68*** .68*** .82*** .78***

(.025) (.08) (.057) (.084) (.119) (.07) (.056) (.058) (.043) (.099) (.035) (.058) (.037) (.024) (.039) (.029)
βK .43*** .47*** .18** .02 .32 .28*** .39*** .27*** .34*** .35** .28*** .32*** .32*** .26*** .14** .16***

(.029) (.064) (.07) (.371) (.235) (.04) (.034) (.046) (.042) (.113) (.028) (.039) (.026) (.015) (.045) (.029)

N 9482 1297 1929 1053 469 1994 2257 1635 4222 913 4573 3763 3275 10430 3664 5063

*** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses. First panel: results of baseline model with translog assumption in production function
and in law of motion of productivity. Second panel: average output elasticity of labour and capital from baseline mode. Third panel: results of robustness
model with Cobb-Douglas assumption in production function and translog assumption in law of motion of productivity.



Table 2.B.2: Production function coefficients obtained from ACF procedure by 2-digit industry Continued

Industry C28 C29 C30 C31 C32 C33 H49 H50 H51 H52 H53 J58 J59 J60 J61

βL 1.52*** 3.45*** .12 2.01*** 1.89 -.28 2.22*** 1.61*** 3.56*** 1.48*** 1.27*** .58** 1.39 4.8** 2.99***
(.065) (.087) (5.884) (.236) (5.751) (3.41) (.137) (.254) (.315) (.111) (.157) (.188) (.811) (1.557) (.173)

βLL .05*** .27*** -.12 .07 .07 -.07 .14*** .12*** .11 .06*** -.07*** -.05* .08* .21 .2***
(.015) (.007) (17.456) (.042) (1.851) (.883) (.012) (.028) (.056) (.011) (.017) (.026) (.038) (.193) (.018)

βK .04 -2.34*** 1.04 -2.22*** -1.19 1.11 -.72*** -1.06 -3.63*** -.68*** .52 .3 -.43 -4.62*** -1.73***
(.047) (.087) (112.021) (.127) (2.802) (.644) (.17) (.606) (.615) (.104) (.533) (.189) (1.159) (1.185) (.155)

βKK .03*** .25*** -.09 .19*** .12 -.1 .11*** .1* .29*** .08*** -.01 .01 .06 .43*** .17***
(.003) (.004) (5.469) (.009) (.087) (.118) (.014) (.041) (.037) (.008) (.043) (.017) (.1) (.098) (.011)

βLK -.06*** -.26*** .09 -.11*** -.1 .1 -.15*** -.09*** -.21*** -.07*** -.05*** 0 -.08 -.35** -.19***
(.006) (.004) (4.974) (.007) (.912) (.502) (.011) (.016) (.03) (.009) (.014) (.018) (.065) (.132) (.012)

Output elasticity
θl .810 .483 .936 .637 .621 .838 .476 .439 .737 .504 .396 .437 .501 .427 .524
θk .192 .421 .051 .230 .246 .064 .469 .376 .106 .256 .261 .398 .202 .552 .446

Cobb-Douglas model
βL .81*** .4** .91*** .64*** .61*** .81*** .46*** .52*** .57*** .51*** .36*** .45*** .5*** .28 .37***

(.02) (.126) (.072) (.059) (.05) (.045) (.009) (.034) (.083) (.012) (.028) (.029) (.034) (.144) (.052)
βK .19*** .43*** .08 .23*** .25*** .13** .47*** .24*** .25*** .23*** .31*** .38*** .23*** .58** .52***

(.016) (.091) (.113) (.036) (.052) (.04) (.011) (.041) (.053) (.011) (.043) (.025) (.052) (.194) (.086)

N 11500 2974 1000 1875 3042 3171 75957 7454 1482 32179 7820 10931 5869 838 4212

*** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses. First panel: results of baseline model with translog assumption in production function
and in law of motion of productivity. Second panel: average output elasticity of labour and capital from baseline mode. Third panel: results of robustness
model with Cobb-Douglas assumption in production function and translog assumption in law of motion of productivity.



Table 2.B.3: Production function coefficients obtained from ACF procedure by 2-digit industry Continued

Industry J62 M69 M70 M71 M72 M73 M74 M75 N77 N78 N79 N80 N81 N82 S95

βL 1.53*** 1.75*** 1.36*** .96*** 1.16*** 1.22*** .65*** -.17 2.21 .76*** .6*** .77*** .3*** .45*** .32
(.086) (.142) (.049) (.047) (.134) (.105) (.125) (.279) (5.51) (.055) (.087) (.097) (.052) (.105) (.928)

βLL .15*** .21*** .11*** .03*** .03 -.05*** .09*** .13*** .17 .03** -.03* .04* 0 -.03** .09
(.011) (.014) (.007) (.007) (.017) (.014) (.022) (.035) (.398) (.01) (.015) (.016) (.007) (.012) (.089)

βK -.21** .07 -.46*** -.04 -.18** -.09 .7*** .19 -1.88 .29*** .11 .17 .8*** .64*** 1.21
(.079) (.191) (.055) (.046) (.06) (.113) (.107) (.394) (3.079) (.045) (.072) (.131) (.044) (.134) (1.007)

βKK .05*** .04* .05*** .02*** .02** .03** -.03** 0 .17 -.01*** 0 0 -.04*** -.03** -.09
(.008) (.017) (.004) (.004) (.006) (.011) (.01) (.036) (.257) (.004) (.007) (.01) (.004) (.011) (.101)

βLK -.09*** -.12*** -.09*** -.05*** -.05*** -.05*** -.02* .04 -.15 -.02* 0 -.03*** .01 .01 .02
(.009) (.013) (.004) (.005) (.01) (.011) (.012) (.027) (.403) (.007) (.009) (.01) (.005) (.01) (.093)

Output elasticity
θl .718 .723 .466 .468 .527 .463 .505 .559 .233 .678 .579 .440 .425 .449 .670
θk .257 .368 .072 .120 -.03 .200 .304 .298 .525 .062 .116 .071 .259 .228 .260

Cobb-Douglas model
βL .73*** .71*** .42*** .46*** .55*** .41*** .53*** .58*** .26*** .67*** .57*** .44*** .45*** .45*** .72***

(.01) (.01) (.01) (.009) (.033) (.017) (.016) (.02) (.023) (.01) (.017) (.024) (.009) (.015) (.028)
βK .25*** .39*** .13*** .13*** -.05* .21*** .29*** .32*** .44*** .06*** .12*** .06 .24*** .2*** .23***

(.012) (.01) (.007) (.004) (.021) (.015) (.013) (.017) (.034) (.012) (.013) (.031) (.007) (.016) (.013)

N 43097 81249 32538 59139 7208 26002 17242 11214 18494 16880 14240 6746 48348 22407 8586

*** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses. First panel: results of baseline model with translog assumption in production function
and in law of motion of productivity. Second panel: average output elasticity of labour and capital from baseline mode. Third panel: results of robustness
model with Cobb-Douglas assumption in production function and translog assumption in law of motion of productivity.
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2.C Robustness checks for the Law of motion of productivity

Tables 2.C.1, 2.C.2, and 2.C.3 provide the detailed results from the three robustness

estimations around the law of motion of productivity, g(·). The first panel reports the

point estimates and standard errors from a linear estimation of the law of motion, where

the four KBC stocks are summed. The second panel reports the point estimates and

standard errors of a linear estimation of the law of motion, where the four KBC stocks

enter seperately. The bottom panel reports the coefficients and standard errors from

an estimation of the law of motion that includes the squared and interaction terms of

past productivity and past stock of KBC. Here, only three KBC stocks (R&D, IPP and

software) are summed. The results of the first and third robustness checks are discussed

in the main text. We discuss here the results from the second robustness check, which

seeks to identify the separate contributions of each of the four KBC elements.

We observe a similar difference between the manufacturing and services sectors as in

the main results: the estimated coefficients are an order of magnitude smaller in manu-

facturing compared to services. In the manufacturing sector, the most important asset in

the majority of industries is R&D, where we observe a significantly positive effect ranging

between 0.0008 and 0.0018 in 14 of the 22 industries. In contrast, the effect of software

is in this range in 6 industries and that of IPP in 5. Finally, organisational capital has

a significantly positive effect in 8 industries (of which industry C31, which appears to be

an outlier in this respect), and significantly negative in 2.

In the services sectors, we find that all four KBC assets tend to have a positive and

significant effect on productivity, and that the two most important assets are software

and organisational capital, followed by R&D and finally IPP. We find that software has

its strongest effect, with coefficients ranging between 0.008 and 0.01 in H53, J63, N74 and

N77 (Postal activities, IT services, Professional, scientific and technical activities, and

Rental activities). Regarding organisational capital, the two industries with the highest

coefficients (0.016 and 0.019) are N79 and N80 (Travel agencies and Security and investi-

gation activities), for which the total effect of KBC was shown to be sensitive to including

organisational capital. Other industries where organisational capital is important, with

an effect around 0.008 are J59, J62, M72 and N78 (Film and music production, Computer

59



Chapter 2 Knowledge-based capital and productivity divergence

programming, Scientific R&D, and Temporary employment agencies ). Industries J59 and

N79, along with industry J60 (Broadcasting activities), are the three industies where IPP

has the highest effect on productivity, while R&D has its highest impact in industries H51,

M70 and M71 (Air transport, Management consulting and Architectural and engineering

activities), where the last two industries were highlighted as having particularly sensitive

estimates of the effect of total KBC stock.
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Table 2.C.1: Coefficients from Law of Motion by 2-digit industry

Variables C10 C11 C13 C14 C15 C16 C17 C18 C20 C21 C22 C23 C24 C25 C26 C27

Linear LoM
ωit−1 .937*** .928*** .935*** .972*** .949*** .929*** .923*** .913*** .939*** .884*** .908*** .942*** .861*** .888*** .91*** .922***

(0) (.01) (.01) (.01) (.01) (.01) (.01) (.01) (0) (.01) (.01) (.01) (.01) (0) (.01) (.01)
cit−1 .003*** .003*** 0 .004*** .002 -.001 .004*** .003*** .006*** .009*** .003*** .001 .001* .001*** .007*** .005***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
Constant 1.042*** 2.02*** .436*** .294*** .586*** 1.354*** .662*** .672*** .431*** .462*** .494*** .356*** 1.151*** 1.04*** .934*** .76***

(.05) (.24) (.05) (.06) (.15) (.14) (.06) (.07) (.04) (.06) (.03) (.03) (.06) (.04) (.07) (.05)

Sep. KBC
ωit−1 .937*** .928*** .934*** .976*** .933*** .93*** .912*** .924*** .931*** .873*** .913*** .936*** .878*** .89*** .907*** .917***

(0) (.01) (.01) (.01) (.01) (.01) (.01) (.01) (.01) (.01) (.01) (.01) (.01) (0) (.01) (.01)
rit−1 .001*** .003*** 0 0 .002 0 0 .001 .001*** .001** .001*** .001*** .001* .001*** .002*** .001***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
sit−1 .001*** 0 0 .001 .001 0 .001** .001 .001* -.001 0 0 0 .001** .002*** .002***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
zit−1 .001*** .001 .001 .002** .002 0 0 .002** 0 .002** 0 0 .001** 0 -.001 -.001*

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
oit−1 .001*** 0 0 .002** 0 -.001** .017*** .001 .002** .001 .001*** -.001** 0 .001*** .002** .001

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
Constant .958*** 1.559*** .368*** -.033*** -.24*** 1.282*** .766*** .511*** .56*** .593*** .477*** .518*** 1.205*** .994*** .978*** .764***

(.05) (.22) (.04) (.01) (.05) (.14) (.07) (.06) (.04) (.06) (.03) (.04) (.07) (.04) (.07) (.05)

No OC
ωit−1 .097 -.486 1.78*** .583*** 1.114*** 1.132** .617*** .988*** .83*** 2.564*** .816*** .898*** .567** 1.213*** -.115 .925***

(.11) (.33) (.21) (.2) (.14) (.48) (.18) (.05) (.13) (.28) (.07) (.12) (.28) (.17) (.19) (.15)
ω2
it−1 .046*** .03*** -.049*** .02* .019 -.004 .022* -.005 .009 .108*** .016 .002 .018 -.019** .072*** .002

(.01) (.01) (.01) (.01) (.02) (.01) (.01) (.01) (.01) (.02) (.01) (.01) (.02) (.01) (.01) (.01)
cit−1 .025*** .072** -.037** .027* -.011 -.003 .026** .014*** .026*** -.094*** .007** -.008 .004 -.024*** .067*** .041***

(.01) (.03) (.01) (.02) (.02) (.03) (.01) (0) (.01) (.03) (0) (.01) (.01) (.01) (.01) (.01)
c2it−1 0*** 0 0 0 .001 0 0 .001*** 0*** .001*** 0*** .001*** 0 0** .001*** 0***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
ωit−1 ∗ cit−1 -.003*** -.003** .004** -.002 -.002 0 -.003** -.008*** -.003*** -.012*** -.002** .001 -.001 .003*** -.009*** -.004***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
Constant 4.454*** 18.37*** -3.002*** 2.161** .152 -.654 1.627** .046 .821 5.687*** .476*** .558 2.419** -.336 4.322*** .602

(.51) (4.08) (.92) (.99) (.34) (5.42) (.64) (.06) (.52) (1.12) (.12) (.36) (1.18) (.76) (.71) (.72)
N 9482 1297 1929 1053 469 1994 2257 1635 4222 913 4573 3763 3275 10430 3664 5063

*** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses. Translog assumption in production function. Robustness models for law of motion.
First panel: Linear assumption with aggregated KBC stock. Second panel: linear assumption with four individual KBC stocks. Third panel: Translog
assumption with aggregated KBC stock without OC.



Table 2.C.2: Coefficients from Law of Motion by 2-digit industry

Variables C28 C29 C30 C31 C32 C33 H49 H50 H51 H52 H53 J58 J59 J60 J61

Linear LoM
ωit−1 .87*** .879*** .921*** .856*** .929*** .91*** .846*** .902*** .758*** .849*** .911*** .927*** .904*** .917*** .861***

(0) (.01) (.01) (.01) (.01) (.01) (0) (0) (.01) (0) (0) (0) (.01) (.01) (.01)
cit−1 .005*** .006*** .002** .021*** .002*** .002*** .007*** .005*** .022*** .01*** .007*** .004*** .012*** .011*** .011***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
Constant 1.018*** 2.594*** .47*** 2.931*** 1.208*** .162*** 1.633*** 1.064*** 5.306*** 2.062*** 1.18*** .308*** 1.056*** 3.189*** 2.675***

(.03) (.15) (.08) (.23) (.1) (.01) (.02) (.05) (.29) (.04) (.06) (.01) (.06) (.44) (.14)

Sep. KBC
ωit−1 .864*** .888*** .904*** .821*** .927*** .904*** .847*** .902*** .777*** .848*** .884*** .927*** .901*** .901*** .878***

(0) (.01) (.01) (.01) (.01) (.01) (0) (0) (.01) (0) (0) (0) (.01) (.01) (.01)
rit−1 .001*** .002*** .001 .001** .001*** .001*** .002*** .002 .022*** .001*** -.001 .001* -.001 .003 -.001*

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
sit−1 .001* 0 0 0 0 .001 .004*** .003** .005 .005*** .012*** .001 .005*** -.002 .003***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
zit−1 .001** 0 0 .002*** 0 0 .001** .001 -.002 .002*** .003*** .001** .005*** .007*** .002***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
oit−1 0 .001 .001 .042*** .001 0 .005*** .001 -.006* .006*** .002*** .003*** .008*** .002 .006***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
Constant 1.156*** 2.297*** .595*** 3.832*** 1.187*** -.221*** 1.487*** .968*** 4.073*** 2.048*** 1.528*** .444*** 1.435*** 4.523*** 2.357***

(.03) (.14) (.09) (.25) (.1) (.02) (.02) (.04) (.24) (.04) (.06) (.02) (.08) (.53) (.14)

No OC
ωit−1 1.235*** -1.671*** .896*** 3.449** -.05 1.043*** 1.924*** 3.093*** 4.322*** 1.365*** .769*** 1.03*** 1.335*** 1.255*** -.002

(.14) (.45) (.25) (1.49) (.36) (.05) (.05) (.1) (.17) (.08) (.05) (.03) (.12) (.36) (.27)
ω2
it−1 -.023*** .063*** .006 -.061* .032*** -.016*** -.045*** -.065*** -.052*** -.018*** .005* -.007*** -.016*** -.004 .024***

(.01) (.01) (.03) (.03) (.01) (.01) (0) (0) (0) (0) (0) (0) (0) (0) (.01)
cit−1 -.028*** .155*** .005 -.053 .011 -.001 -.046*** -.038* .229*** .005 -.033*** .01*** -.03** .149* .044*

(.01) (.03) (.01) (.05) (.02) (.01) (.01) (.02) (.08) (.01) (.01) (0) (.01) (.08) (.02)
c2it−1 0*** .001*** .001*** .001*** .001*** 0** 0*** 0 .005*** 0* -.001 .001*** 0 .003*** .001***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
ωit−1 ∗ cit−1 .003*** -.008*** -.002 .002 -.001 0 .004*** .002* -.007*** 0 .005*** -.003*** .003*** -.004** -.003**

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
Constant -.299 28.58*** .353 -24.53 8.676*** .121 -4.564*** -16.75*** -52.43*** -1.618*** 1.691*** .102 -1.52* -3.565 10.43***

(.6) (4.65) (.52) (15.87) (2.72) (.12) (.3) (.85) (2.79) (.58) (.22) (.09) (.79) (6.66) (2.54)
N 11500 2974 1000 1875 3042 3171 75957 7454 1482 32179 7820 10931 5869 838 4212

*** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses. Translog assumption in production function. Robustness models for law of motion.
First panel: Linear assumption with aggregated KBC stock. Second panel: linear assumption with four individual KBC stocks. Third panel: Translog
assumption with aggregated KBC stock without OC.



Table 2.C.3: Coefficients from Law of Motion by 2-digit industry

Variables J62 J63 M69 M70 M71 M72 M73 M74 M75 N77 N78 N79 N80 N81 N82 S95

Linear LoM
ωit−1 .841*** .882*** .867*** .855*** .707*** .767*** .875*** .858*** .826*** .892*** .735*** .852*** .853*** .856*** .902*** .848***

(0) (0) (0) (0) (0) (.01) (0) (0) (.01) (0) (0) (0) (.01) (0) (0) (.01)
cit−1 .017*** .006*** .004*** .025*** .098*** .098*** .012*** .01*** .003*** .01*** .01*** .016*** .018*** .004*** .008*** .001***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
Constant 1.314*** .574*** .732*** 1.294*** 2.129*** 1.976*** 1.142*** .711*** 1.031*** 2.332*** 2.37*** 1.09*** 1.365*** .712*** .602*** .488***

(.02) (.02) (.01) (.03) (.02) (.07) (.03) (.02) (.03) (.07) (.04) (.03) (.06) (.01) (.02) (.02)

Sep. KBC
ωit−1 .829*** .859*** .867*** .868*** .719*** .851*** .875*** .868*** .823*** .89*** .737*** .831*** .852*** .856*** .898*** .841***

(0) (0) (0) (0) (0) (.01) (0) (0) (.01) (0) (0) (0) (.01) (0) (0) (.01)
rit−1 .001*** -.001*** -.001*** .015*** .084*** .006*** .001*** -.006* .005*** .003*** .001 -.002 .001 0 .003***

(0) (0) (0) (0) (0) (.) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
sit−1 .003*** .009*** .004*** .003*** .005*** .006*** .005*** .008*** .003*** .008*** .003*** .007*** .004*** .005*** .006*** .005***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
zit−1 0 .003*** .001*** .002*** .003*** .002*** .002*** .002*** .001 .004*** .001 .005*** .002* .002*** .002*** .001

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
oit−1 .01*** .006*** .001** .003*** .002*** .008*** .002*** .004*** 0 .001** .008*** .016*** .019*** .003*** .005*** -.002***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
Constant 1.658*** 1.047*** .745*** 1.235*** 2.136*** 2.087*** 1.233*** .652*** 1.113*** 2.266*** 2.311*** 1.252*** 1.384*** .703*** .628*** .641***

(.03) (.03) (.01) (.03) (.02) (.09) (.03) (.02) (.03) (.07) (.04) (.03) (.06) (.01) (.02) (.02)

No OC
ωit−1 1.137*** 1.452*** 1.281*** .346*** -.918*** -.121 .447*** .691*** 2.456*** .919*** 1.294*** 2.358*** .83*** .79*** .736*** .76***

(.05) (.04) (.03) (.04) (.05) (.13) (.05) (.04) (.19) (.12) (.06) (.08) (.08) (.03) (.02) (.01)
ω2
it−1 -.016*** -.045*** -.026*** .022*** .129*** .056*** .023*** .022*** -.095*** -.001 -.036*** -.087*** .001 .007** .02*** .085***

(0) (0) (0) (0) (0) (.01) (0) (0) (.01) (0) (0) (0) (.01) (0) (0) (.01)
cit−1 .003 -.035*** -.002 .152*** .589*** .261*** .036*** .029*** -.079*** .004 -.004 -.045*** .004 .004 .017*** .009***

(0) (.01) (0) (.01) (.02) (.06) (.01) (0) (.02) (.01) (.01) (.01) (.01) (0) (0) (0)
c2it−1 0*** .002*** -.001*** .016*** .059*** .028*** .006*** .001*** -.001 .001*** .002*** 0 0 0** .001*** .001***

(0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
ωit−1 ∗ cit−1 -.001 .003*** .001*** -.018*** -.106*** -.041*** -.007*** -.005*** .01*** 0 0 .006*** 0 0 -.003*** -.013***

(0) (0) (0) (0) (0) (.01) (0) (0) (0) (0) (0) (0) (0) (0) (0) (0)
Constant .112 -.942*** -.583*** 4.73*** 8.156*** 6.192*** 3.166*** .909*** -5.512*** 2.026 -.085 -5.243*** 1.129*** .776*** .761*** .106***

(.24) (.15) (.12) (.27) (.19) (.45) (.21) (.08) (.81) (1.24) (.25) (.35) (.28) (.06) (.05) (0)
N 43097 10904 81249 32538 59139 7208 26002 17242 11214 18494 16880 14240 6746 48348 22407 8586

*** p<0.01, ** p<0.05, * p<0.1. Standard errors in parentheses. Translog assumption in production function. Robustness models for law of motion.
First panel: Linear assumption with aggregated KBC stock. Second panel: linear assumption with four individual KBC stocks. Third panel: Translog
assumption with aggregated KBC stock without OC.



Chapter 2 Knowledge-based capital and productivity divergence

2.D Characteristics of Frontier firms

Table 2.D.1 reports average characteristics of frontier firms in comparison to the industry

average, according to both the productivity and the output frontier.

The first 4 columns show that firms on the productivity frontier are more productive

(by definition), larger and have higher KBC stocks than the industry average. In the

manufacutring sector, frontier firms are 2.4 times more productive, 9 times larger, and

have KBC stocks 118 times larger than the average. They are not much more capital

intensive than the average, given that their capital-labour ratio is only 1.2 times that of

the average firm. In the services sector, firms on the productivity frontier are 6.3 times

more productive, 28 times larger and have capital stocks almost 4000 times larger than

the average firms, while having a capital-labour ration that is only twice as large.

The sixth to ninth columns of Table 2.D.1 suggest that these ratios are more accentuated

on the output frontier. In the manufacturing sector, frontier firms are 1.8 times more

productive, 28 times larger, have capital-labour ratios 1.5 times larger and KBC stocks

350 times larger than the average. In the services sector, frontier firms are 4 times more

productive, 75 times larger, have capital-labour ratios 2.4 times larger and KBC stocks

5,700 times larger than the average firm.

Finally, comparing the fifth and tenth columns of Table 2.D.1 shows that persistence

is higher on the output frontier than on the productivity frontier. In these columns, we

report the average ratio of the number of years that a firm is on the frontier (in the period

2009-2013) if it is on the frontier in t, over the number of years that the firm is in the

sample (in this same period).20 Manufacturing firms that are on the productivity frontier

in one year stay on the this frontier on average 3.75 years over the 5 year period. However,

manufacturing firms on the output frontier stay on average 4.4 years on the that frontier.

In services, firms on the productivity frontier stay on average 4 years on the frontier, and

firms on the output frontier stay on average 4.3 years on the frontier.

20We need to report persistence as a share of years in the sample given the important resampling taking
place in the years 2008 and 2011 for services and 2012 for manufacturing.
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Table 2.D.1: Ratio of average characteristic of frontier firms over average characteristics
of other firms, 2009-2013

Productivity frontier Output frontier
Value Share of years Value Share of years

Industry ω Added K/L KBC on Frontier ω Added K/L KBC on Frontier

C10 2.46 9.25 1.18 104.11 .83 2.04 22.31 1.65 317.75 .87
C11 2.68 1.46 .48 2.47 .85 1.3 29.51 1.44 56.16 .9
C13 2.04 5.26 1.34 10.65 .73 1.7 12.53 1.43 39.27 .86
C14 4.24 13.16 1.3 108.98 .88 3.16 25.55 1.36 396.84 .94
C15 4.71 8.12 1.53 207.18 .87 3.72 10.94 1.17 179.06 .69
C16 1.74 1.12 .56 .19 .65 1.02 15.25 2.15 110.63 .8
C17 1.67 2.51 1 2.52 .69 1.4 16.1 2.06 22.54 .85
C18 2.08 2.87 .87 7.69 .68 1.46 13.44 1.33 101.47 .85
C20 2.34 9.47 1.69 19.06 .79 1.88 38.04 1.9 90.44 .91
C21 2.7 14.62 .81 120.04 .74 1.95 53.67 1.08 389.48 .91
C22 1.94 8.51 1.3 103.15 .72 1.66 21.46 1.3 294.95 .89
C23 2.33 12.38 1.17 54.01 .83 2.09 19.69 1.29 56.45 .88
C24 1.7 1.49 .89 .5 .59 1.22 30.24 1.45 229.54 .88
C25 1.76 3.71 .92 24.26 .64 1.44 17.25 1.42 474.5 .86
C26 2.16 7.15 1.47 19.93 .71 1.71 28.87 1.93 126.59 .88
C27 1.96 10.77 1.24 30.71 .73 1.72 32.9 1.48 171.13 .91
C28 1.87 7.71 1.06 24.86 .71 1.56 26.7 1.37 159.18 .88
C29 2.57 29.16 1.41 539.52 .85 2.11 72.53 1.39 1070.32 .89
C30 2.3 21.87 1.46 148.48 .74 1.95 71.09 1.25 1501.33 .91
C31 1.83 4.36 1.02 5.77 .63 1.47 17.4 1.44 40.98 .85
C32 2.79 19.68 1.45 922.21 .85 2.42 33.07 2.5 1373.25 .91
C33 2.22 7.26 1.86 140.24 .8 1.79 24.55 1.1 533.52 .91
H49 3.17 6.99 .71 558.71 .77 2.08 29.25 3.25 11780.55 .83
H50 5.96 4.76 .92 2.37 .63 2.19 41.11 1.27 28399.99 .74
H51 7.44 190.31 .55 84831.2 .77 5.06 375.48 .74 81223.02 .89
H52 3.59 14.67 .8 163.06 .82 2.62 38.26 2.73 383.37 .82
H53 13.57 31.91 1.22 5754.2 .85 9.16 40.5 .92 7037.73 .81
J58 4.46 18.71 .88 29.11 .82 2.97 50.39 2.5 83.54 .92
J59 7.44 17.42 .92 141.39 .79 4.41 33.58 .92 128.49 .79
J60 12.99 42.82 3.34 64.59 .79 6.63 405.19 3.27 403.59 .91
J61 4.47 49.44 .67 236.48 .77 3.18 278.13 9.52 1253.82 .91
J62 2.69 4.24 2.17 4.02 .71 1.59 40.53 2.03 44.88 .87
J63 4.35 28.79 4.12 67.63 .78 3.13 55.16 1.36 157.86 .89
M69 2.57 2.38 .81 7.87 .79 1.38 19.03 .96 1602.95 .88
M70 10.15 37.22 1.27 117.61 .88 6.32 47.45 3.45 85.06 .84
M71 6.45 27.13 .79 44.65 .89 5.26 28.37 1.02 33.61 .83
M72 13.99 40.14 1 60.06 .94 8.69 42.31 .82 36.07 .84
M73 6.91 21.18 1.85 204.24 .85 5.13 26.38 2.5 171.19 .82
M74 4.1 12.59 2.78 1453.59 .77 2.44 18.74 2.52 2800.23 .8
M75 2.09 1.86 .79 2.87 .71 1.17 8.66 1.2 88.85 .85
N77 6.47 18.17 1.29 1273.73 .79 3.51 76.12 10.09 3189.37 .88
N78 3.96 9.95 1.94 39.18 .74 2.68 24.5 .56 238.26 .85
N79 5.78 29.96 1.56 262.65 .85 3.99 53.33 1.26 140.57 .8
N80 9.91 41.67 1.79 120.31 .88 8.69 42.29 1.14 115.9 .88
N81 3.64 16.57 2.54 487.29 .8 2.84 30.25 1.46 3131.16 .88
N82 7.52 31.49 7.46 426.23 .84 5.16 45.32 2.36 745.02 .86
S95 3.02 7.69 5.53 26.64 .75 1.88 21.85 1.96 389.98 .83
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Chapter 2 Knowledge-based capital and productivity divergence

2.E Correlation of productivity gap with measures of KBC im-

portance

Figures 2.E.1 and 2.E.2 illustrate the details of the correlation coefficients reported in

Table 2.5.7, for the productivity frontier and the output frontier respectively. In each

Figure, the first column of plots shows the correlation between productivity divergence

and the KBC stock of the average firm in the industry, taken from the final column

of Table 2.3.1. The second column of plots shows the correlation between productivity

divergence and the average θc, the marginal effect of KBC on productivity, taken from the

first column of Tables 2.5.2 and 2.5.3. The third column of plots shows the correlation

between productivity divergence and βc2 , taken from the sixth column of Tables 2.5.2 and

2.5.3. Finally, the fourth column of graphs shows the correlation between productivity

divergence and the difference between θc in the group of frontier firms and θc in the

middle quintile. In the first row of each Figure, productivity divergence is calculated for

manufacturing industries over the period 2009-2013, in the second row of each Figure,

productivity divergence is calculated for service industries over the period 2009-2013, and

in the final row of plots of each Figure, productivity divergence is calculated for service

industries over the period 2003-2013.
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Figure 2.E.1: Relationship between gap in productivity growth on productivity frontier
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Figure 2.E.2: Relationship between gap in productivity growth on output frontier

10 1113

14

16
17

18

20

21

22 2324
25

26

27

28

29

30

31

32

33
-2

-1

0

1

2

3

P
ro

du
ct

iv
ity

 g
ap

 2
00

9-
20

13
 - 

M
an

uf
ac

tu
rin

g

10 11 12 13 14 15
Average KBC stock

Gap in TFP growth Fit

101113

14

16
17

18

20

21

222324
25

26

27

28

29

30

31

32

33
-2

-1

0

1

2

3

P
ro

du
ct

iv
ity

 g
ap

 2
00

9-
20

13
 - 

M
an

uf
ac

tu
rin

g

0 .005 .01 .015
Marginal effect of KBC on productivity

Gap in TFP growth Fit

101113

14

16
17

18

20

21

22 2324
25

26

27

28

29

30

31

32

33
-2

-1

0

1

2

3

P
ro

du
ct

iv
ity

 g
ap

 2
00

9-
20

13
 - 

M
an

uf
ac

tu
rin

g

0 .0005 .001 .0015 .002
Coefficient on squared KBC

Gap in TFP growth Fit

1011 13

14

16
17

18

20

21

22 2324
25

26

27

28

29

30

31

32

33
-2

-1

0

1

2

3

P
ro

du
ct

iv
ity

 g
ap

 2
00

9-
20

13
 - 

M
an

uf
ac

tu
rin

g

-.005 0 .005 .01
Difference in KBC effect between top 5% and median

Gap in TFP growth Fit

49
50

51

52

53

58
59

61

62

63
69

73

74

75

77

78
79

80

81

82
95

-4

-2

0

2

4

P
ro

du
ct

iv
ity

 g
ap

 2
00

9-
20

13
 - 

S
er

vi
ce

s

0 5 10 15
Average KBC stock

Gap in TFP growth Fit

49
50

51

52

53

58
59

61

62

63
69

73

74

75

77

78
79

80

81

82
95

-4

-2

0

2

4

P
ro

du
ct

iv
ity

 g
ap

 2
00

9-
20

13
 - 

S
er

vi
ce

s

0 .01 .02 .03 .04
Marginal effect of KBC on productivity

Gap in TFP growth Fit

49
50

51

52

53

58
59

61

62

63
69

73

74

75

77

78
79

80

81

82
95

-4

-2

0

2

4

P
ro

du
ct

iv
ity

 g
ap

 2
00

9-
20

13
 - 

S
er

vi
ce

s

-.002 0 .002 .004 .006
Coefficient on squared KBC

Gap in TFP growth Fit

49
50

51

52

53

58
59

61

62

63
69

73

74

75

77

78
79

80

81

82
95

-4

-2

0

2

4

P
ro

du
ct

iv
ity

 g
ap

 2
00

9-
20

13
 - 

S
er

vi
ce

s

-.02 0 .02 .04 .06
Difference in KBC effect between top 5% and median

Gap in TFP growth Fit

49
50

51

52

53

58

59

61

62

63

69

73

7475

77

78

79

80

81

82
95

-1

0

1

2

3

P
ro

du
ct

iv
ity

 g
ap

 2
00

3-
20

13
 - 

S
er

vi
ce

s

0 5 10 15
Average KBC stock

Gap in TFP growth Fit

49
50

51

52

53

58

59

61

62

63

69

73

7475

77

78

79

80

81

82
95

-1

0

1

2

3

P
ro

du
ct

iv
ity

 g
ap

 2
00

3-
20

13
 - 

S
er

vi
ce

s

0 .01 .02 .03 .04
Marginal effect of KBC on productivity

Gap in TFP growth Fit

49
50

51

52

53

58

59

61

62

63

69

73

7475

77

78

79

80

81

82
95

-1

0

1

2

3

P
ro

du
ct

iv
ity

 g
ap

 2
00

3-
20

13
 - 

S
er

vi
ce

s

-.002 0 .002 .004 .006
Coefficient on squared KBC

Gap in TFP growth Fit

49
50

51

52

53

58

59

61

62

63

69

73

7475

77

78

79

80

81

82
95

-1

0

1

2

3

P
ro

du
ct

iv
ity

 g
ap

 2
00

3-
20

13
 - 

S
er

vi
ce

s

-.02 0 .02 .04 .06
Difference in KBC effect between top 5% and median

Gap in TFP growth Fit

Source: Authors’ calculations, AFiD data.

68





CHAPTER 3

Cross-country estimates of employment and invetsment

in organisational capital: A task-based methodology us-

ing the PIAAC database1

3.1 Introduction

Organisational capital (OC) is an elusive concept whose importance is nevertheless widely
acknowledged, as it is found to correlate positively with firm performance and productivity
(e.g. Hansen and Wernerfelt (1989); Brynjolfsson et al. (2002)). The numerous definitions
that exist generally emphasise the knowledge and information-based systemic nature of
organisational capital, its role in linking tangible and intangible assets, and its strategic
importance (e.g. Prescott and Visscher (1980); Black and Lynch (2005)).

Several studies have engaged in quantifying firms’ investments in this important type
of knowledge-based capital (KBC), in uncovering the relationship linking investment in
OC and in other types of KBC to differences in firms’ performance (e.g. Aral and Weill
(2007)), and in assessing the extent to which investment in KBC shapes entrepreneurial
dynamics and productivity. These studies often follow an expenditure-based approach
and rely on selling, general and administrative (SGA) expenses, or on managerial wages
data to proxy investment in OC. Examples are Eisfeldt and Papanikolaou (2013), who use
SGA figures and find that firms having a higher ratio of OC to book assets are more pro-
ductive, have higher Tobin’s Q, higher risk adjusted returns and higher levels of executive
compensation. Lev et al. (2009) SGA-based figures also suggest organisational capital to
be positively related to executive compensation, and to long term operating and stock
performance. Corrado et al. (2009) (henceforth CHS) rely on managers’ compensation
and on the revenues of the management consulting industry to proxy own account and

1This chapter is based on a paper with Mariagrazia Squicciarini which was published as OECD Science,
Technology and Industry Working Paper 2015/08. Mention the funding from SPINTAN.
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Chapter 3 Task-based measurement of organisational capital

purchased OC respectively, and investigate the role of KBC in driving aggregate US pro-
ductivity growth.

While significantly contributing to a better understanding and measurement of KBC
in general, and of OC in particular, these approaches nevertheless do not provide a clear
definition of what organisational capital is or does, and may overestimate (in the case
of SGA) or underestimate (in the case of Corrado et al. (2009)) such investment. On
the one hand, SGA expenses encompass a wider category of assets than OC alone. SGA
expenditures, which are used by e.g. Lev et al. (2009) to proxy the outlays related
to building OC, in fact include expenses such as training, advertising and information
technology (IT) that other scholars, e.g. Corrado et al. (2009), identify as separate KBC
items. On the other hand, the literature has long suggested that firms’ organisational
capabilities reside in a number of occupations including but not limited to managers.

The increasing prevalence of distributed leadership (von Krogh et al. (2012)), coupled
with jobs being interpreted as organisational building blocks arising out of the bundles of
tasks performed under different administrative job titles (Cohen (2013)) call for the use of
task-based rather than occupational title-based criteria when identifying and measuring
investment in OC (Prescott and Visscher (1980); Black and Lynch (2005)).

The present work capitalises on the task-based approach first presented in Squicciarini
and Le Mouel (2012) and proposes a definition of organisational capital and a measure-
ment approach that builds on the organisational, management and economics literatures.
It defines organisational capital as the firm-specific organisational knowledge resulting
from the performance of tasks affecting the medium and long-term functioning of firms.
The tasks considered involve, to varying degrees: developing objectives and strategies; or-
ganising, planning and prioritising work; building teams, matching employees to tasks, and
providing training; supervising and coordinating activities; and communicating across and
within groups to provide guidance and motivation. In Squicciarini and Le Mouel (2012)
this task-based definition was operationalised using Occupational Information Network
(O*NET) data to identify the occupational categories that most perform OC-related
tasks, and Current Population Survey (CPS) and Occupational Employment Statistics
(OES) data to calculate investment in OC. This was done both at the macro and at the
2-digit industry level for the United States.

The task-based methodology of Squicciarini and Le Mouel (2012) is here implemented
on novel cross-country data available in the OECD Programme for the International
Assessment of Adult Competencies (PIAAC) survey. This is done to validate the results
first obtained using O*NET data and to gain further insights on the extent to which
organisational knowledge is generated by managers and other occupations and about the
possible differences that may exist across countries.
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To this end information relating to tasks performed at work by different occupations,
available in the PIAAC survey for 20 countries, is exploited to identify those occupations
carrying out OC-related tasks to the highest extent. In total, around 20 broad occupa-
tional classes of the International Standard Classification of Occupations (ISCO 2008),
including managerial, professional and associate professional occupations in business ad-
ministration, science and engineering, health, and education, are identified as contributing
to generate and accumulate own-account2 OC.

Secondly, exploiting the cross-country nature of the PIAAC dataset, this analysis tests
the ‘homogeneity’ assumption implicitly made by the OC measurement literature whereby
cross-country estimates, when they exist, are based on methodologies devised for and
tested on one country only - typically the United States - and then replicated on other
countries (e.g. INTAN-Invest estimates). Doing so entails implicitly assuming that coun-
tries are broadly similar in their industrial structures and framework conditions, and that
organisational practices and investment are to a great extent homogeneous across coun-
tries. However, recent literature, including a number of studies led by Bloom and Van
Reenen (e.g. Bloom and Van Reenen (2007), Bloom and Reenen (2010), Bloom et al.
(2012)), provides compelling evidence on the existence of cross-country differences in
management practices and organisational arrangements. The PIAAC data offer a unique
opportunity to explore the country-specific nature of OC.

Thirdly, OC-related employment and investment figures for the year 2012 are estimated
using the labour force participation and earnings information contained in the PIAAC sur-
vey. This is done following existing definitions of own-account or in-house investment in
OC (especially from CHS), whereby 20% of the earnings of OC-related occupations is
considered own-account investment in OC. The resulting estimates suggest that at the
aggregate level, employment in all OC-related occupations and total OC investment fig-
ures thus obtained are on average 2.5 times higher than those resulting from considering
managerial occupations only. This implies that estimates based on managers might under-
estimate OC. Also, thanks to the wealth of information contained in the PIAAC database,
OC employment and investment figures have been estimated at levels which had not been
hitherto considered due to data limitations: by industry, by firm size (micro firms; small
and medium enterprises; and large firms), and by the public or private nature of the firm.

The remainder of this paper gives a brief survey of the literature related to measuring
OC, followed by a discussion of the proposed definition of organisational capital and of
the way in which it is operationalised - discussion that builds importantly on Squicciarini
and Le Mouel (2012). The data and analytical methodology used to select the relevant

2Differently from Squicciarini and Le Mouel (2012), the present work focuses on own-account investment
in OC, thus overlooking the purchased component and the depreciation of investments in organisational
capital.
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OC-related occupations using PIAAC data are then presented, followed by the estimated
economy-wide and sectoral level investment figures. The final section discusses how these
novel estimates compare with existing ones, summarises the main contributions of the
paper, and highlights some limitations and possible avenues of future research.

3.2 Defining organisational capital

The very nature of OC has made it one of the more challenging KBC assets to quantify
convincingly. This is reflected by the different, albeit often complementary, definitions
and measurement approaches that have emerged in economics, organisation science, man-
agement, and accounting.

OC has been defined as the firm-specific information that affects the production possibil-
ity set and is augmented through output-related learning processes (Prescott and Visscher
(1980)); the know-how needed to create systems of production combining human skills
and physical capital (Evenson and Westphal (1995)); and the ability to integrate individ-
ual members’ specialised knowledge, which serves as the basis upon which firms establish
their long-term strategies (Grant (1996)). Black and Lynch (2005) further highlight the
importance of OC-related firm practices like workforce training, ‘employee voice’ and work
design, and their relation with higher productivity.

The economics literature has often modelled OC as a firm specific information asset,
whose conceptualisation rests on a notion of the firm that goes beyond the representative
production function. Prescott and Visscher (1980) argue that OC is a type of business
knowledge which is able to affect a firm’s production possibility set and that gets accumu-
lated jointly with output. OC’s main information-related components concern employee
and task characteristics; the quality of their match, and the quality of the match of em-
ployees to teams; and the knowledge embodied in employees in the form of firm-specific
training. Such knowledge, they argue, represents the source of a firm’s comparative ad-
vantage to create and maintain revenue streams. Prescott and Visscher (1980) and Bailey
et al. (2001) further suggest that the following sets of tasks are essential in generating a
firm’s organisational knowledge: developing objectives and strategies; organising, plan-
ning and prioritising work; building teams, matching employees to tasks, and providing
training; supervising and coordinating activities; communicating across and within groups
to provide guidance and motivation.

The approach to OC proposed by Prescott and Visscher (1980) can be found in a number
of models, including: firms’ internal learning processes and the creation and accumulation
of this KBC (Rosen (1972)); the difficulty of matching employees to jobs and the resulting
employee turnover dynamics (Jovanovic (1979)); the impact of investment in this KBC
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on firm growth and size distribution (Prescott and Visscher (1980)); and more recently,
the rents accruing to firm owners from the returns on OC (Atkeson and Kehoe (2005)).

The managerial and organisational science literature has conversely tended to emphasise
the role of OC and of organisational capabilities as sources of competitive advantage, and
as key firm-specific resources. As Teece et al. (1997) highlight, earlier explanations of
firm-specific rents were mainly based on industrial organisation theories related to market
dynamics like the ease of entry into a market and bargaining power, or on game theoretic
approaches modelling the strategic decisions of players (e.g. predatory pricing to deter
entry).

Conversely, more recent explanations of sustained competitive advantage focus on the
ability of firms to exploit scarce and non-imitable firm-specific resources. This Resource
Based View (RBV) of the firm underlines the need to understand a firm’s capabilities
in terms of the organisational structure and managerial processes that underpin its pro-
ductive activity, rather than in terms of balance sheet items. Teece et al. (1997) further
argue that in a dynamic context of Schumpeterian creative destruction, a firm’s ability
to react and adapt to an ever changing business environment and to up-grade its activity
in a global value-chain context rests mainly on its flexible organisational structure and
its superior managerial knowledge and qualities. This organisational knowledge emerges
from interactions between individuals within the firm and is formalised and articulated
into routines by specific functions within the organisation (Nonaka (1994)). Looking
beyond the role of central, upper-echelon leadership, von Krogh et al. (2012) propose
a model of organisational knowledge creation that emphasises the distributed nature of
organisational knowledge within a firm.

In this respect, Aral and Weill (2007) study of IT assets and organisational capability
shows that differences in performance emerge when firms invest in both assets jointly.
Kapoor and Adner (2011) highlight the importance of a firm’s organisational structure for
its ability to manage technological change, while Nocke and Yeaple (2014) argue that OC
can affect firms’ export status and product diversification through its effect on marginal
costs.

Recently, sociological approaches to organisation theory have further set aside the stan-
dard economic notion of rational profit-seeking individuals and emphasised the intercon-
nectedness of actors and the power struggles involved in their relationships (Lounsbury
and Ventresca (2003)). In particular, embeddedness has emerged as a key concept in the
analysis of organisations. It places the focus on the network of relationships within which
a firm’s employees are engaged, or embedded, and that allow for relevant knowledge to
be shared and integrated both in formal organisations and in the dispersed practices of
individuals (Agterberg et al. (2010)).
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Whether aimed at investigating structural embeddedness, i.e. organisational knowledge
contained in the network as a whole, or relational embeddedness, i.e. individuals and their
relations, social network analysis has become increasingly popular in many fields, and finds
a natural application in the context of organisation theories (Borgatti and Foster (2003)).
Its use has led to research on management performance and impact on a number of
dynamics, including innovation (Moran (2005)), job turnover (Allen (2006); Clinton et al.
(2012)), individual career paths (Ng and Feldman (2009)), and perceived organisational
support (Hayton et al. (2012)).

The concepts of OC and embeddedness have sometimes been interpreted to include a
firm’s external network of suppliers and customers and used to analyse joint ventures and
inter-firm alliances (see Gulati (1998) for a review; and Gulati (2007)). In particular, the
specific operational challenges faced by multinational companies have spurred important
research on the interaction of a firm’s internal and external networks and the possibility to
combine local networks with transnational cultures and practices (Meyer et al. (2011) and
Agterberg et al. (2010)). These notions are likely to be closely linked, as managing more
complex networks of suppliers and customers might indeed require a deeper organisational
apparatus.

Scholars concerned with the definition and measurement of OC (e.g. Johnson (1999);
Bounfour (2010)) however generally tend to distinguish OC from relational capital, in-
tended as the set of relationships a firm has with its suppliers and customers, and to use
different approaches to measuring them.

Finally, a broad literature - from psychology to finance - underlines the positive rela-
tionship between performance on the job and workforce endowments in terms of skills
and competencies that are relevant to the tasks to be accomplished (e.g. Kaplan et al.
(2012); Ng and Feldman (2009)). Consensus seems to exist about the fact that employee
skills and abilities, as well as other characteristics, are related to outcomes at both the
level of the individual employee and of the firm (see Ployhart and Moliterno (2011), for a
discussion). Also, recent survey-based evidence from Bloom et al. (2012) further confirms
management quality to be related to both managers’ and employees’ educational levels.

The concepts and lessons drawn from the various fields above lend support to a view of
OC that emphasises its key role in the activity of firms and in their success: OC consists
of knowledge, know-how and business practices, and is embedded in a firm’s workforce.
However, while much literature discusses what is meant by OC, attempts to measure how
much OC is generated and accumulated are less apparent.
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3.3 Measuring organisational capital

3.3.1 Existing approaches to measuring organisational capital

Existing OC measurement-related studies can be broadly subdivided into three main
groups, depending on the approach followed. The first group relies on non-monetary
survey-based measures and attempts to capture the adoption, presence and quality of
organisational and managerial practices. The second group is concerned with obtaining
monetary estimates of the value of organisational practices in terms of output, and in
particular of increased firm performance. Finally, a third group of studies measures in-
vestment in OC by means of assessing the value of the inputs devoted to building up such
KBC.

Studies carried out in the early 2000s rely on a somewhat narrow definition of OC,
intended mainly as organisational change aimed at introducing novel work practices such
as decentralisation (Caroli and Reenen (2001)), High Performance Work Systems (HPWS,
see Bailey et al. (2001)), autonomy over work tasks, and the opportunity to communicate
with employees outside the work group. Analysis relying on such a definition has focused
on learning organisations giving firm’s employees the opportunity to use and develop their
skills and knowledge (e.g. Greenan (2012)); and on ‘new’ organisation features, such as
flat hierarchy, empowered workers, self-governing teams, use of temporary structures and
lateral communications enabled by the adoption of ICTs (see, e.g. van Alstyne (1997);
Birkinshaw and Hagstrom (2000); and Hales (2002)).

Although narrow, the above definition of OC makes measurement of organisational
practices tractable, and significant efforts have been made in designing business surveys
aiming to assess the implementation and quality of organisational practices (see e.g. Black
and Lynch (2005), for a survey). These measures of OC have been widely used to un-
derstand the impact of organisational practices and organisational change on firm perfor-
mance (Black and Lynch (2001), Miyagawa et al. (2010)); on the demand for skills (Caroli
and Reenen (2001)); on wage levels, wage inequalities and employment dynamics (Bailey
et al. (2001); and Black et al. (2004)); and about the determinants of management quality
(Bloom and Van Reenen (2007)).

Noteworthy in this respect is the line of work of Bloom et al. (2012), who have designed
and carried out a survey of middle level managers in over 10 000 organisations in twenty
countries to investigate management practices related to processes, monitoring, targets
and incentives, with the aim of assessing overall management quality at the firm level.

In a second group of studies, OC is defined as a firm-specific knowledge asset, and
its effect on measures of firm performance such as gross output, sales and revenues is
quantified, in a similar fashion to other balance sheet assets. Such literature generally
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relies on the estimation of firm level production functions, as in Lev and Radhakrishnan
(2005) and Lev et al. (2009) for the United States, Miyagawa and Kim (2008) for Japan,
and Ludwig and Sadowski (2009) for Germany. Lev et al. (2009), for instance, estimate
firms’ OC in terms of profit surplus accruing from increased revenue and decreased costs,
as compared to the predicted profits that would be obtained in the absence of such KBC.
To this end, investment in OC is proxied by firms’ spending on SGA expenses, whereas
predicted profits are derived from industry-level figures.

Miyagawa and Kim (2008) conversely estimate OC in terms of excess returns to in-
vestment in complementary assets such as R&D and advertising. This methodology is
generally followed to estimate the value - at both the firm and the aggregate level - of bun-
dles of intangibles. SGA expenses can in fact be used as firm-level proxies for investment
in many types of KBCs, as they include R&D, marketing and software expenditures, as
well as management fees (Che (2009)). However, relying on a production function-based
approach to estimate Total Factor Productivity (TFP) makes it difficult to determine the
mechanism picked up in the residual, i.e. whether it is the effect of OC, or of KBC more
broadly, or even of other factors such as technological progress.

A third approach to measuring OC relies on quantifying the value of the resources
used to build it and has been suggested by CHS. The authors assume own-account OC
to amount to the time that managers spend on developing a firm’s business model and
its corporate culture. They estimate it to correspond to 20% of executives’ time, as
managers are assumed to use on average 80% of their time in day-to-day management
activities. Purchased OC is conversely estimated to correspond to 80% of the turnover of
the management consulting services industry.

This methodology has proven very useful in providing first estimates of OC at the
macroeconomic level and, more recently, at the industry level, and has contributed to
highlighting the importance of such KBC. Following this approach, the INTAN-Invest
work - based on the EU COINVEST and INNODRIVE projects and on efforts by the US
Conference Board - has led to the publication of macro level and industry estimates for
the United States and for some European countries.

3.3.2 A novel task-based approach for the definition and measurement of
organisational capital

Linking the findings of the literature above, it can be concluded that OC is embodied in
a firm’s employees - including but not limited to managers - accomplishing a set of tasks
related to the long term functioning of a firm, and that labour cost measures of OC may
be used to quantify investment in OC at both the micro and macro levels. The set of
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tasks that existing studies suggest to be essential for the generation and accumulation of
organisational knowledge and capital relate to:

• developing objectives and strategies;

• organising, planning and prioritising work;

• building teams, matching employees to tasks, and providing training;

• supervising and coordinating activities;

• communicating across and within groups to provide guidance and motivation.

Most of these tasks, traditionally carried out by managers, have been progressively
devolved upon non-managerial occupations, due to the decentralisation of authority and
the delayering of managerial functions (as underlined in Caroli and Reenen (2001) and
von Krogh et al. (2012)). Focusing on a task-based approach rather than a priori selecting
employees based on their occupational titles, it should thus be possible to more precisely
identify that part of the workforce that contributes to the long-term functioning of firms.

3.4 Operationalising the task-based approach to measuring hu-

man resources related to OC

The task-based approach proposed in Squicciarini and Le Mouel (2012) is implemented
here to estimate investment in OC. In a first step, the tasks that are more likely to
correspond to OC-related activities are identified. In a second step information on the
frequency with which workers perform OC-relevant tasks is used to identify those occu-
pations performing OC-related activities to the highest extent. Finally, individual level
employment and earnings data are exploited to estimate OC-related employment and in-
vestment in organisational capital. This is done at the national and sectoral level, for
different firm sizes, and for the private and the public sectors. An important objective
of this work is also to assess the extent of cross-country differences in the performance
of OC-related tasks and to compare results with those derived from the US-based survey
O*NET.

3.4.1 Data: The PIAAC background questionnaire

This analysis uses data from the Programme for the International Assessment of Adult
Competencies (PIAAC) developed by the OECD. Designed in a comparable way to the
Programme for International Student Assessment (PISA), this programme consists of a
household survey and tests seeking to assess the skill level of the working-age population in
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the areas of literacy, numeracy and problem-solving. In addition to performing this test,
survey respondents also provide detailed information on their educational, professional
and family background in a complementary questionnaire.

The background questionnaire of PIAAC is the main data source for the present anal-
ysis, in particular, the chapter providing internationally comparable information on the
tasks performed at work. Mainly carried out in the winter of 2011-2012, the first round
of PIAAC data covers average samples of 5,000 adults aged between 16 and 65, in 24 par-
ticipating OECD member and partner countries. Since their publication, these data have
been used to investigate e.g. skill mismatch, using information on skill proficiency, re-
ported skill mismatch and skill use (Pellizzari and Fichen (2013), and Allen et al. (2013)),
as well as returns to skills (Hanushek et al. (2015)). A further round, using the same
tests and questionnaire, was carried out in 9 additional countries and will be published
in 2016. Subsequent waves of the Programme are scheduled to add further countries and
dimension of testing.

The PIAAC questionnaire contains information on 15 general tasks, such as ‘sharing
information with colleagues’ or ‘working physically’, as well as 25 tasks related to skill use
in literacy, numeracy and ICT, such as ‘reading letters, memos or emails’ or ‘calculating
prices, costs or budgets’. The full list of tasks is provided in Table A1 in the Appendix.
While the interpretation might to some extent differ between general tasks and tasks re-
lated to skill use, these 40 items are all included in the analysis as they provide additional
information and improve the precision of the clustering analysis. They are treated ho-
mogenously since the tasks needed to identify OC-related activities all fall into the first
category and results are thus unlikely to be biased.

For each of these 40 items, respondents are asked how often they perform these tasks
or use these skills, on a scale of 1 (‘Never’) to 5 (‘Every day’). The task ‘cooperating and
collaborating’ is a partial exception to this practice, as the labelling of its scale differs.
Its 5 point scale is expressed in terms of proportions of time (‘half of the time’...) instead
of regularity. However, the information contained in this task is not discarded, as its
definition suggests that it does belong to organisational capital and its answers can be
easily converted into usable information as they are provided on a 5 point scale, similarly
to those of the other tasks.3

We restrict our analysis to countries where occupational information is available at
the 3 digit level of the ISCO classification. This occupational breakdown is comparable
to, albeit slightly less detailed, than that of the O*NET data used in previous analysis

3Robustness tests show that removing this task from the list does not greatly affect the final selection of
OC-related occupations.
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focusing on the United States. Given this restriction, our dataset covers 20 countries and
112 occupational categories.

The wealth of worker- and firm-specific information related to age, gender, firm size, na-
ture of the employer (i.e. whether public or private), and status of workers (i.e. employed
or self-employed) contained in PIAAC, in addition to its extensive country coverage, make
this data source unique and well suited to the current exercise.

For every country and occupation, an average answer for each of the 40 tasks is con-
structed, based on the assumption that workers are homogenous within occupations in
terms of the tasks they perform, and that task performance differs across occupations.
This index represents the main building block of the analysis.

A first look at this index reveals a feature of the PIAAC questionnaire which is relevant
to the present analysis. For occupations at the top of the ISCO classification, correspond-
ing to managers, professionals and associate professionals, the average response over all
40 tasks is persistently above 3 (at least once a month). On the other hand, for occu-
pations listed towards the end of the classification, such as clerical workers, crafts and
trades workers and plant and machine operators, the average response is below 2. This
implies that they report never performing many of the tasks listed in the questionnaire.
In turn this warns about the fact that the daily activities of these occupations are not
fully captured in the PIAAC data, while those of managers and professionals seem to be
better captured, as can be seen in Figures 3.A.8 and 3.A.9 in the Appendix.

Such a possible shortcoming is irrelevant in the context of the present analysis, as the
methodology proposed relies not only on cluster analysis but also on a distribution-based
approach, whereby only the top quartile of the distribution is taken into account when
identifying OC-related occupation. Also, in so far as OC-related tasks can be identified
in the list of tasks detailed in PIAAC, this should not bias our results.

3.4.2 Identifying the tasks related to OC

The selection of tasks that will serve to discriminate OC-relevant occupations is identified
on the basis of a semantic analysis of their description. Three overlapping sets of tasks
are thus determined according to the closeness with which they align to the theoretical
definition of OC as stated in the previous section. The smallest and core set of tasks
encompasses the 3 tasks that explicitly mention organisational activities plus a fourth task
relating to teaching and instructing. This list is presented in the third column of Appendix
Table A1. It corresponds to a restrictive definition of OC, and ignores the team-building,
communication and problem-solving dimensions of organisational activities, which the
literature suggests are key components of OC. A broader list of 9 tasks, encompassing
these latter activities, is presented in the fourth column of Appendix Table A1. Finally,
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a more exhaustive list, consisting of 11 tasks, adds a further set of activities that can be
associated with communication and instruction and is presented in the final column of
Appendix Table A1.

The main analysis in this paper uses the list of 9 tasks, because it captures enough
dimensions of OC while remaining parsimonious. The alternative selections of tasks are
used for robustness analysis. Table 1 compares the list of 9 OC-related tasks based on the
PIAAC data, in the first 2 columns, with the list of 14 OC-related tasks based the O*NET
data4, in the last 2 columns. Both datasets capture the concept of organisational capital
in its broader sense as they contain information on tasks relating to organisation and
planning, but also to team-building, communication and problem solving. Subsequent
results on the selection of occupation suggest that the list of 9 tasks performs strongly
when it comes to capturing occupations which can be a priori associated with OC, such
as managers and supervisors.

4Previous analysis based on ONET reported an additional 14 skills and 3 knowledge areas to be associated
with organisational capital. While part of the tasks described in PIAAC are implicitly related to skill
use, there is no information concerning knowledge areas.
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3.4.3 From tasks to occupations: A distribution-based and cluster approach

The selection of occupations is based on the overlap between two distinct criteria. The
first relies on information contained only in the 9 tasks identified above, while the second
uses information from the full set of tasks to cluster occupations into groups. The analysis
is performed for each country separately, and the results suggest that while there is a core
group of occupations (mainly managers) which can be associated with the formation of
OC in all countries, differences across countries exist with respect to the other occupations
contributing to the generation and accumulation of organisational capital.

3.4.3.1 A distribution-based approach

In a first step, a distribution-based approach relying only on the answers to the 9 OC-
related tasks identified above is applied. For each occupation in each country, the average
and the minimum responses for the 9 OC tasks are calculated. Occupations are then
ranked by country according to these two measures, and the country-specific cut-off values
are defined as the first quartile of occupations that show the highest scores in the answers
related to the OC tasks. The cut-off values for the average response range from 3.37 in
Germany to 3.99 in Ireland, with an average of 3.62 across the countries considered, which
corresponds to performing these tasks between every month (answer 3) and every week
(answer 4). The cut-off values for the minimum response range from 1.92 for the Czech
Republic to 2.87 for the United Kingdom, with an average of 2.36 across all countries.
This corresponds to performing OC-related tasks between less than once a month (answer
2) and at least once a month (answer 3).

The final selection of occupations is restricted to the overlap between both criteria. An
occupation is considered as contributing to the generation of firm-specific OC if workers in
that occupation perform all the 9 OC tasks on average almost every week and there is no
single task that they perform with a regularity of less than once a month. By definition,
the average and the minimum criteria pick up the top quartile of occupations (around 28
occupations). For most countries, the overlap selects one fifth of occupations (around 22
occupations). A notable exception is Korea, where the overlap between the average and
the minimum criteria is lower than for the other countries, and only 16 occupations are
thus selected.

3.4.3.2 Clustering analysis

The distribution-based approach is complemented with country-specific hierarchical clus-
tering analyses of the occupations. This second approach retains the information on all
the tasks to allocate occupations into groups and uses the complete linkage (i.e. farthest
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neighbour) method and the Euclidian measure of distance. The country-specific optimal
number of clusters is obtained from the Duda and Hart (1973) criterion. For each cluster,
the average response on the 9 OC tasks is then calculated, and the cut-off point defined
as the value corresponding to the top quartile. The cut-off values range between 3.39 in
Germany and 4.06 in the United Kingdom, with an average of 3.64, and are very similar
to the cut-off values that emerge from the distribution-based analysis.

3.4.3.3 Combining the two for a final selection

Table 2 presents the final list of OC-related occupations for each country, resulting from
the overlap of the selections using the two criteria described above. On average, 19 occu-
pations are identified in each country, with country-specific sets of OC-related occupations
that range from 14 occupations in Korea to 24 occupations in Poland. The results confirm
the importance of managers in contributing to the formation and accumulation of OC in
firms, as they consistently appear in the selection across countries. In addition, a number
of other occupational categories, especially professionals and associate professionals in
science and engineering, health, education, and business administration, are identified as
being OC-related in many countries.

It is comforting to see that these results are in line with those obtained using the O*NET
database (Squicciarini and Le Mouel, 2012), and this suggests that the methodology
proposed is robust and results are not sensitive to using information from different sources.
Appendix Table A2 presents the detailed comparison, and lists the occupations selected
using the O*NET and the PIAAC databases for the United States, in the third and fourth
columns respectively. The results for the managerial and health occupations are identical,
while they differ in the detail for the other professional occupations.

The importance of professional and associate professional occupations, especially in the
field of science and engineering, suggests that the creation and accumulation of OC is likely
to overlap with the building up of other knowledge-based assets, such as R&D, design and
computerised information. This is likely to be a source of spillovers with respect to the
generation and accumulation of other KBC types, but also of double-counting, when the
estimates of the resources devoted to the creation of these different assets uses a labour
cost approach à la CHS. Unlike in the O*NET data, the tasks contained in the PIAAC
data do not allow for the identification of tasks relating to these other KBC assets, and
we cannot bring further evidence on the extent of this overlap.

The comparison of results across countries shows that the main hypothesis concerning
the importance of non-managerial occupations for the construction of OC holds, as does
the one about the difference in the importance of particular categories across countries.
These differences can in part be driven by cross-country heterogeneity in the sectoral
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composition of the economy, in the organisation of firms and in the understanding of
what occupations do and how job titles are consequently classified, in line with Bloom
et al. (2012). Our estimates of employment and investment at the sectoral level will shed
more light on this issue.

3.4.4 Robustness checks using stricter and broader definitions of OC

The sensitivity of the results to the choice of tasks is tested by both restricting and
broadening the definition of OC. Firstly, using the narrow definition mentioned above, we
keep only 4 tasks (see the fourth column of Table A1 in the Appendix), and replicate the
analysis spelled out above. Table 3 summarises the results of this robustness test. In the
second column, we show the total number of occupations selected with the 9 tasks, and in
the third column the results of using only 4 tasks. The fourth column shows the number
of occupations that are the same with both methodologies, and the final column shows the
total number of occupations in each country. The overlap between using 9 and 4 tasks is
very high in most countries. Korea and the Netherlands are notable exceptions, as there
are only 6 and 12 occupations, respectively, that are identified by both criteria. In terms
of occupations, there seems to be a bias concerning the ISCO category 230 ‘Teaching
professionals’, as many more are selected when using only 4 tasks than when using 9
tasks. This is to be expected as in the restricted definition of OC, the task ‘instructing
and teaching others’ has a more important weight than in the broader definition. This
confirms that the broader definition of OC is more appropriate, as it is better able to
discriminate between occupations.

Secondly, we broaden the definition of OC, to include 11 tasks: we drop task 10 ‘Co-
operating and collaborating’, and add three communication tasks (see the fifth column
of Table A1 in the Appendix). The results are summarised in Table 4, and show very
little difference with those obtained with the main analysis. Looking at the occupations,
there seems to be no occupational category that is favoured by one or the other criteria.
This suggests that including the communication related tasks does not add substantial
information to the analysis. Hence, since the inclusion of such additional tasks, while
justifiable on the basis of the definition of OC, does not add anything to the analysis, it
is preferable to remain parsimonious and limit the number of tasks used for the analysis
to 9.
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3.5 Quantifying the human resources contributing to OC

Given the identification of those occupations that contribute to the generation and ac-
cumulation of organisational knowledge, this study quantifies their importance in the
economy. Using the employment and earnings information contained in the PIAAC sur-
vey OC-related employment and investment for each of the 20 countries are calculated.
To this end, survey weights are recalibrated to be representative of the aggregate and in-
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dustry employment structure, according to external labour force surveys and following a
methodology described in Squicciarini et al. (2015). Given these adjusted sample weights,
total employment, including both employees and the self-employed, is calculated for each
country, and according to a number of breakdowns, such as industry, public vs. private,
or firm size.

Investment in OC is also calculated applying the methodology of CHS whereby in-
vestment in OC consists of 20% of the wages paid to the relevant occupations. For
comparability, investment figures are presented as a ratio of value-added, obtained from
the OECD STAN database. The assumption that 20% of wages represent investment in
OC is derived from the management literature where it is suggested that managers spend
around one fifth of their time of activities that affect the long-term functioning of firms
(Corrado et al. (2009)). This assumption, which is not tested in the context of the present
paper due to the lack of relevant information, would deserve further investigation in the
future.

Figure 3.5.1 plots the proportion of total OC-related and of managerial employment in
the economy for the year 2012. The latter figures reflect the results that would be obtained
by following the CHS methodology, which looks exclusively at managerial occupations.
While the share of managers in total employment ranges from 2% in Korea to 10% in the
United Kingdom, the United States and Canada, the share of all OC-related employees
ranges from 9.5% in Denmark to 26% in the United Kingdom. Across countries, the share
of managers in total employment averages 6.5% while the share of non-managerial OC
occupations averages 10%. The proposed measure of OC-related employment is on average
2.7 times higher than the number of managerial workers only. These figures suggest that in
all countries, non-managerial workers account for the majority of OC related activities and
that overlooking them entails substantially underestimating investment in organisational
capital.

Figure 3.5.2 depicts investment in OC, as a share of total value-added, for the year
2012, again separating out the fraction attributable to managerial occupations from that
attributable to non-managerial occupations. Investment in OC as a share of value-added
attributable to managerial occupations ranges from 0.4% in Korea to 1.8% in the United
Kingdom, while total investment in OC as a share of value-added ranges from 1.4% in the
Czech Republic to 3.7% in the United Kingdom. Across countries, these values are 1%
and 2.2% respectively. Hence, including non-managerial occupations results in estimates
of investment in OC that are on average 2.3 times higher than those obtained considering
only managerial occupations.

Figure 3.5.3 shows the breakdown between the manufacturing sector (ISIC Revision 3,
sectors 15 to 37) and the services sector (ISIC Revision 3, sectors 50 to 93) separately.
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Figure 3.5.1: OC-related workers, 2012

Source: Authors’ own calculations based on publicly available PIAAC data, extracted
June 2015.

For many countries, the share of managers in manufacturing and in services is similar,
while the share of non-managerial OC occupations differs greatly. With the exception
of Japan, Germany, Belgium and Italy, investment in OC is higher in services than in
manufacturing. This is in line with what could be expected given the industrial structure
of these countries.

Figure 3.5.4 shows the breakdown of OC investment for small (1 to 50 employees),
medium (51 to 250 employees) and large (more than 251 employees) firms. In the services
sector, small firms account for on average half of OC investment in that sector, while in
manufacturing, 45% of OC investment comes from large firms.

Figure 3.5.5 shows the role of the self-employed in OC. The dark blue line shows their
share in OC employment, and the light blue line in OC investment. The black diamonds
represent the benchmark share of self-employed in total employment. In seven of the
twenty countries, the share of the self-employed in OC employment is smaller than their
share in total employment. Norway is the country where the self-employed represent the
smallest share of total employment and investment in OC, at only 7%. While Korea has
the highest share of self-employed in total employment (24%), it is in Italy that they drive
the largest share of OC investment (34%).
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Figure 3.5.2: Investment in OC, as a percentage of total value-added in the economy,2012

Source: Authors’ own calculations based on publicly available PIAAC data and OECD
STAN database, extracted June 2015.

Figure 3.5.6 offers a more detailed view of the industry level and shows the distribution
of OC investment across countries for each sector. Median investment in OC ranges from
0.5% of value-added for real estate activities, to 6% in education. Some sectors display
very high dispersion across countries. This is true especially in renting of machinery; coke,
refined petroleum products and nuclear fuel; and electrical machinery and apparatus,
where the ratio of the top 10% of OC investors to the bottom 10% of OC investors is
higher than 15. The sectors with the smallest dispersion, where this ratio is smaller than
3, are wholesale and retail trade, and R&D and business activities.

3.5.1 Organisational capital in the public sector

Despite the importance of the non-market (or public) sector in many OECD economies,
KBC investment in general and OC investment in particular in this sector have received
little attention. Ongoing research undertaken in the context of the SPINTAN project aims
to fill this gap by estimating KBC investments for this sector of the economy (Corrado
et al. (2014)) and by addressing the differences that may exist in the nature of many
intangible assets in relation to whether they are produced for use by the private or the
public sector.
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Figure 3.5.3: OC investment in manufacturing and services, 2012

Source: Authors’ own calculations based on publicly available PIAAC data and OECD
STAN database, extracted June 2015.
Legend : ‘Manufacturing OC’ and ‘Services OC’ refer to those occupations contributing
to the generation of Organisational Capital other than managers, in manufacturing and
services, respectively. Countries are sorted in descending order of OC investment intensity
for the total economy, as in Figure 3.5.2.

In the case of organisational capital, while its purpose might differ according to whether
sustained competitive advantage is an objective or not, the more general nature of organ-
isational knowledge remains comparable in both the public and private sectors. Indeed,
the continued ability of workers to work together to produce output, be it sold at mar-
ket prices or not, requires organisational know-how, team-building and communication.
Hence, the task-based definition of OC can be applied in the context of the public sector
without further modification, and OC-related occupations can be identified as those who
perform organisational tasks at a comparatively high level, as done in the case of the
private sector.

OC investment in the public and private sectors is thus estimated using the same
methodology as detailed above. Results are shown in Figure 3.5.7 and the sectoral break-
down follows the definition of non-market industries proposed by Corrado et al. (2014).
The public sector refers to public entities, as reported in the PIAAC data, operating
in ISIC revision 3 sectors 73 and 75 to 93. The private sector refers to private entities
operating in the business sector (ISIC revision 3 codes 01 to 72 and 74).
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Figure 3.5.4: OC investment by firm size, 2012

Source: Authors’ own calculations based on publicly available PIAAC data and OECD
STAN database, extracted June 2015.
Legend : ‘Manufacturing OC’ and ‘Services OC’ refer to those occupations contributing
to the generation of Organisational Capital other than managers, in manufacturing and
services, respectively. Countries are sorted in descending order of OC investment intensity
for the total economy, as in Figure 3.5.2.

With the exception of Belgium and the Netherlands, investment in OC, as a share of
value-added, is higher in public entities in the public sector than in private entities in the
private sector. This is largely driven by non-managerial occupations, such as health and
education professionals, that form a large share of employment in the public sector.

3.6 Conclusion

The present work proposes a definition of organisational capital and a measurement ap-
proach that builds on the organisational, management and economics literatures and is
operationalised using novel cross-country data collected by the OECD PIAAC survey. It
capitalises on the task-based approach first proposed in Squicciarini and Le Mouel (2012),
who use data from O*NET to calculate investment in OC at macro and 2-digit sectoral
levels for the United States.

Organisational capital is defined as the firm-specific human capital performing a set of
tasks affecting the medium and long-term functioning of firms, including developing objec-
tives and strategies; organising, planning and prioritising work; building teams, matching
employees to tasks, and providing training; supervising and coordinating activities; and
communicating across and within groups to provide guidance and motivation.
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Figure 3.5.5: Share of the self-employed in OC employment, OC investment and total
employment, 2012

Source: Authors’ own calculations based on publicly available PIAAC data and OECD
STAN database, extracted June 2015.
Legend : Countries are sorted in descending order of OC investment intensity for the total
economy, as in Figure 3.5.2.

The task-based methodology is implemented on the PIAAC data covering 20 coun-
tries and consists in combining the ranking of occupations according to the frequency
with which they perform OC-related tasks, with a clustering analysis of occupations sum-
marising all activities carried out at work. Results suggest that on average 20 broad
occupational classes of the International Standard Classification of Occupations (ISCO
2008) are identified as OC-related in each country. This varies across countries and spans
from 14 occupations in Korea to 24 occupations in Poland, supporting the hypothesis of
cross-country heterogeneity in OC. Despite these differences, a core group of managerial
occupations are consistently identified as OC occupations across countries. Differences
arise in the selection of professionals and associate professionals in science and engineering,
health, education, and business administration.

OC-related employment and investment figures for the year 2012 are estimated using
the labour force participation and earnings information contained in the PIAAC survey.
This is done following existing definitions of own-account investment in OC (especially
from Corrado et al. (2009)), whereby 20% of the earnings of OC-related occupations is
considered own-account investment in OC. At the aggregate level, the share of all OC
occupations in total employment represents between 9.5% in Denmark to 26% in the
United Kingdom, with an average of 16%. Total investment in OC, as a share of value-
added, ranges from 1.4% in the Czech Republic to 3.7% in the United Kingdom, with
an average 2.2% across all countries. Splitting the share attributable to managers from
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Figure 3.5.6: OC investment by industry, 2012

Source: Authors’ own calculations based on publicly available PIAAC data and OECD
STAN database, extracted June 2015.
Legend : ‘Manufacturing OC’ and ‘Services OC’ refer to those occupations contributing
to the generation of Organisational Capital other than managers, in manufacturing and
services, respectively.

that attributable to non-managerial OC occupations reveals that managers account for
less than half of total employment and investment in OC. This suggests that measuring
OC by looking only at managers is likely to lead to an underestimation of the resources
devoted to OC.

The wealth of information contained in the PIAAC database allows for a detailed break-
down of OC employment and investment. We find that for most countries considered,
total investment in OC is higher in services than in manufacturing, in line with the indus-
trial structure of the economy. We also find that in the services sector, small firms account
for on average half of OC investment in that sector, while in manufacturing, 45% of OC
investment comes from large firms. Finally, we look at the importance of OC investment
in the public sector and find that, with only few exceptions, investment in OC is higher
in the public sector than in the private sector.

These estimates however need to be taken as such, as a number of underlying assump-
tions still need to be validated. Firstly, detailed time use surveys would provide important
evidence to support the CHS assumption used to convert OC employment into investment.
Indeed, it is likely that the amount of time spent on activities contributing to the long-
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Figure 3.5.7: OC investment in the public and private sectors, 2012

Source: Authors’ own calculations based on publicly available PIAAC data and OECD
STAN database, extracted June 2015.
Legend : Countries are sorted in descending order of OC investment intensity for the total
economy, as in Figure 3.5.2.

term functioning of firms differs between occupations and that the 20% capitalisation
factor does not apply homogenously. Secondly, the information on the occupational cat-
egory of survey respondents is provided at a relatively aggregated level. A more detailed
breakdown of this information would allow for a finer understanding of who contributes to
the generation and accumulation of OC. Both of these limitations are likely to result in an
overestimation of the amount of own-account OC investment undertaken in the economy.

Conversely, the estimates presented in this paper offer only a partial picture of OC
investment, as firms dedicate important resources to purchasing organisational knowledge
from external sources, especially the management consulting industry. Corrado et al.
(2005) find that in the United States, the purchased component of OC investment repre-
sented around 25% of total OC investment for the period 1998-2000.

As investment in other KBC assets can also be estimated on the basis of labour cost in-
formation, special attention should be paid to avoid double-counting the time (and hence
the cost) of employees working on tasks related to several KBC assets at the same time.
The existence of clear complementarities between assets has been confirmed by several
studies in the past, in particular between organisational capital and ICT or computerised
information (e.g. Bresnahan et al. (2002)). Overlaps in employment and complementari-
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ties between R&D, OC, design and computerised information have also been explored in
OECD (2013). Future work will therefore need to address complementarities and double
counting issues, especially when expenditure-based approaches are pursued.

These results bring a new perspective on the importance of OC in the economy. They
highlight large country and sectoral differences in the intensity of OC investment, which
have not yet been documented. In addition, the role of OC in economic growth, as
evidenced in previous growth accounting exercises, would need to be revised to take
into account the size of OC investment once non-managerial OC-related occupations are
included. Finally, these updated estimates of OC investment can be used to analyse its
role with respect to skill use and mismatch, its impact on the routinisation of tasks and
resulting polarisation of wage distribution, and its role in integrating and upgrading global
value chains (GVC).
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3.A Appendix
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Figure 3.A.8: Distribution of average answers by occupation
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Figure 3.A.9: Distribution of average answers by occupation, Continued
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CHAPTER 4

Managerial knowledge spillovers and firm productivity1

4.1 Introduction

In the knowledge-based view of the firm put forward by Prescott and Visscher (1980), firms
are characterised by organisational knowledge that allows them to combine their various
inputs to produce output and effectively compete on the market. This production-relevant
knowledge accumulates with output and is embedded in the workers of the firm. From the
empirical perspective, the World Management Survey provides wide-ranging evidence of
the importance of managerial capabilities for various measures of firm performance, from
productivity to survival (Bloom and Van Reenen (2007), Bloom et al. (2016)). These
authors have documented large heterogeneity in managerial quality across countries and
industries, where very well managed firms coexist with very poorly managed ones.

The present paper seeks to understand how this managerial knowledge can be transmit-
ted throughout the economy, and how laggard firms can learn from more advanced firms.
In particular, we are interested in exploring whether the labour mobility of managers is a
useful vector for the transmission of managerial knowledge between firms. Learning-by-
Hiring has been shown to be instrumental for the transmission of knowledge, especially
concerning technological knowledge (Parrotta and Pozzoli (2012)) or information relating
to export markets (Mion and Opromolla (2014)).

The implementation of our research question is based on identifying firm-level produc-
tivity, and analysing how it responds to the mobility of managers. We explore whether
hiring managers from other firms leads to higher productivity and which characteristics
of movers and sending firms result in stronger effects. We compare this to the departure

1Acknowledgments: The author would like to thank Mika Maliranta from the Research Institute of the
Finnish Economy (ETLA) for access to the data, and Tomaso Duso, Florin Maican, Pierpaolo Parrotta,
Hannes Ullrich, Alexander Schiersch and Caroline Stiel for useful comments and suggestions. This
paper has also benefited from useful comments and discussion with seminar and conference participants
in Berlin, Coimbra and Maastricht.
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of managers to other firms, to the internal promotion of incumbent staff to managerial
positions, and to non-managerial hires.

Our analysis uses the Finnish Linked Employer-Employee Data (FLEED), for the period
2003-2012, which allows us to identify all hires of managers and to link sending and
hiring firms. We use the production data relating to turnover, labour, capital stock and
intermediary inputs to estimate a structural model of production, following Ackerberg
et al. (2015). We depart from the literature on Learning-by-Hiring where spillovers are
considered to be an additional input, and instead follow Doraszelski and Jaumandreu
(2013) by including the spillover variables directly within the process of productivity, and
by controlling for its impact on the probability of survival.

Our results broadly suggest that on average managerial hires have a positive effect
on firm productivity, which is accentuated when managers have experience, advanced
qualifications and come from firms with high human capital. We find that replacing half
of a firm’s managers with externally hired managers is associated with an increase in
productivity of 2% and can reach 4% for firms in the bottom quartile of productivity. For
these laggard firms, most managerial hires have beneficial effects, in particular hires from
the frontier of the distribution, whereas firms at the frontier only gain from hiring well
qualified managers coming from firms with important human capital.

The paper is structured as follows. Section 4.2 provides an overview of the differ-
ent strands of literature on which this paper builds. Section 4.3 presents the data and
provides reduced form evidence consistent with the presence of Learning-by-Hiring. Sec-
tion 4.4 discusses the theoretical model and empirical strategy used to estimate firm-level
productivity and the impact of managerial mobility thereon. Finally, Sections 4.5 and
4.6 present the results and conclude.

4.2 Literature review

The present analysis is firmly grounded in the knowledge-based theory of the firm of
Prescott and Visscher (1980) and Grant (1996). The former argue that firm boundaries
are determined by the accumulation and application of relevant knowledge to production.
A firm is defined by its organisational capital, the information it has concerning the quality
of its workforce, the appropriateness of the matches between employees and tasks, and
the human capital of workers. The authors’ model of the accumulation of such knowledge
within firms explains observed patterns of firm size distributions and growth patterns.
Grant (1996) emphasises a view of the firm as an ‘institution for integrating knowledge’
and argues that the organisational capital of firms mainly resides within the individuals
working for them. To secure its competitive advantage, a firm must set up the relevant
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organisational practices for the distribution of decision-making authority in order to apply
its knowledge most effectively.

From the empirical perspective, the presence, quality and impact of firms’ organisational
knowledge has been explored with the development of surveys relating to the implementa-
tion of various practices. Examples cover the development of learning organisations that
create opportunities for employees to use and develop their competencies, flat hierarchies,
the empowerment of workers, self-governing teams, and the use of temporary structures
and lateral communications as enabled by the adoption of ICTs (see, e.g. van Alstyne
(1997); Birkinshaw and Hagstrom (2000); and Hales (2002)). In their comprehensive sur-
vey of the practices intended under organisational capital Black and Lynch (2005) argue,
contrary to Prescott and Visscher (1980), that organisational capabilities do not accumu-
late as a by-product of production, but are the result of explicit investment decisions and
implementation of practices, such as workforce training, employee voice and work design.

The seminal paper of Bloom and Van Reenen (2007) introduced the World Manage-
ment Survey (WMS), which has become a benchmark for many subsequent analyses of
the importance of management quality. The paper details the methodology of the survey,
carried out in manufacturing firms in the Unites States, the United Kingdom, France
and Germany. In particular, management quality is defined as adopting practices in four
areas: operations management, monitoring individual performance, setting and enforcing
targets, and using career incentives to attract and retain talent. The authors find that
their constructed measure of management quality is positively associated with productiv-
ity, profitability, Tobin‘s Q, sales growth and survival, and that differences in competitive
pressure and ownership structure explain the majority of the gap in management quality
between the United States and the European countries. Furthermore, through a Ran-
domised Control Trial, Bloom et al. (2013) show that the positive relationship between
management quality and firm performance can be interpreted as a causal one.

Bloom et al. (2016) make both an empirical and theoretical contribution. The au-
thors discuss the extension of the WMS to 11,000 firms across 34 countries and multiple
industries including services, health care and education. They also develop a model of
management as a technology. This model assumes that there is a monotonic relation-
ship between management quality and firm performance, and that management quality
is the result of an optimising decision process by firms who trade-off adjustment costs,
depreciation and marginal product. They recover the adjustment costs and depreciation
rate of managerial capital from the WMS panel data and find that these are higher than
for physical capital. Finally, they replicate the results of Bloom and Van Reenen (2007),
by showing that the management quality variable is strongly positively associated with
measures of firm performance.
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On par with other technological knowledge, managerial knowledge explains a significant
part of performance. The present analysis seeks to build on these findings by exploring a
particular avenue through which firms can acquire this productivity enhancing knowledge,
namely labour mobility. Indeed, a large literature has exploited linked employer-employee
data to look at the transmission of knowledge through Learning-by-Hiring. The effect of
hiring workers from other firms on the recipient firm’s productivity has been explored
by authors such as Stoyanov and Zubanov (2012) and Parrotta and Pozzoli (2012) for
Denmark, Maliranta et al. (2009) for Finland and Stockinger and Wolf (2016) for Germany.

Stoyanov and Zubanov (2012) estimate the effect of the productivity gap between hiring
and sending firms on the hiring firm’s labour productivity. The authors find that hiring
workers from more productive firms has an immediate positive effect of around 0.35%,
and lasts for around 4 years. They also find that this effect is more pronounced when the
workers are more educated or occupy managerial functions. Parrotta and Pozzoli (2012)
find comparable results from estimating a structural model according to Ackerberg et al.
(2015), where they introduce Learning-By-Hiring as an additional input into production.
The Learning-By-Hiring variable is based on the hiring of tertiary educated workers, who
obtain at least a 5% wage increase from the move, resulting in a wage that is higher than
both the one they had in the past 3 years and the average wage of the hiring firm, and
who did not spend more than 3 months in unemployment. In addition, they test for the
importance of the technological proximity of the sending and hiring firms using patent
data. They find that the recruitment of knowledge carriers increases a firm’s value-added
by 1%-2%.

Estimating a structural model where hires from firms with “Spillover Potential” (SP)
are included as additional inputs, Stockinger and Wolf (2016) find, on the contrary, that
the evidence for the existence of spillovers strongly decreases when controlling for the
selection of workers into firms. In particular, the authors rank firms according to their
median wage, and individuals according to their rank in the firm’s wage distribution, and
define SP-hires as coming from firms better ranked in the wage distribution. In Fin-
land, Maliranta et al. (2009) classify a firm’s workforce according to their hiring status,
age, former position, and current position, to explore their effect on various measures of
firm performance. In particular, the authors look at the role of hires from employees in
Research and Development (R&D) positions into similar R&D positions and into alter-
native non-R&D positions. They look at three types of dependent variables: growth in
profitability, growth in labour productivity, and wage growth. Their main finding is that
there seems to be no productivity spillovers when workers move from R&D positions into
R&D positions, while there are spillovers when they move into non-R&D positions.
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Following a different approach, authors such as Poole (2013) and Mion and Opromolla
(2014) have explored the distribution of potential spillover gains by looking at the effect
of labour mobility on wages. Poole (2013) compares the effect of new hires with and
without experience in foreign multinational enterprises (MNE) on individual wages of
workers in Brazilian domestic firms. The author finds that a 10% point increase in the
share of workers with experience in MNEs increases individual wages by 23$ per year.
She also finds that larger effects are found in knowledge-intensive industries and in less
unionised industries. Finally, she finds that spillovers increase in the education level of
both the MNE workers and domestic workers. In a similar vein, Mion and Opromolla
(2014) estimate Mincerian wage regressions integrating mobility of managers and their
past experience in exporting firms. They find that the only occupational category to
witness a wage premium from export experience are managers. In a second step, the
authors also model the firm’s entry and continuation in export markets, as a function of
hiring managers with export experience. They find no effect on entry into export markets,
but a positive effect on continuation, suggesting that these spillovers affect the marginal
costs of exporting more than its sunk costs.

At the intersection of these two strands of literature, the present paper seeks to provide
evidence of the importance of managers for production, and especially of their mobility
across firms as a source of knowledge transmission. The findings presented above suggest
that both the characteristics of the movers, in particular their education level, and the
characteristics of the sending firm, such as productivity, export status and human capital,
are important to pin down the presence of spillovers.

4.3 The Finnish Linked Employer-Employee Data

4.3.1 The data

The dataset used in the present analysis is the Finnish Linked Employer-Employee Data
(FLEED). The Employee data cover all residents aged between 15 and 70 and contain both
personal information such as age, gender, qualification, and family status, and professional
information. Of particular importance is the firm identifier, recorded in the last calendar
week of each year, registering the individual’s main employer, as well as their occupation,
recorded following the International Standard Classification of Occupations (ISCO). This
latter piece of information allows us to easily identify which employees occupy managerial
functions, interpreted in a broad sense to encompass middle managers and supervisors,
as these are the individuals who are likely to be directly involved in the implementation
of high performance practices and to be repositories of managerial knowledge (Le Mouel
and Squicciarini (2015)). This departs from the literature which focuses on top CEOs
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and their impact on the company strategy and corporate culture (Bertrand and Schoar
(2003), Gabaix and Landier (2008)).2 Information concerning the highest qualification
obtained is used to control for the quality of human capital of both individuals and
firms. We observe three levels of qualification: high school graduation, Higher Education
(HE, covering vocational and bachelor degrees), and advanced HE (covering masters and
doctoral degrees).

On the Employer side, the dataset covers all firms in the economy, and contains infor-
mation on production variables, such as turnover, labour input in Full-Time Equivalent
(FTE), capital stock, investment and expenditure on intermediary inputs. The unavail-
ability of firm-level prices for either inputs or outputs restricts our ability to measure
quantity productivity, and we will recover revenue productivity instead.3 Small firms of
less than 5 employees are dropped from the analysis because of their different production
structures compared to larger firms. As seen in Table 4.3.1 they account for a negligible
fraction of managerial recruitment in the economy, as many are in practice managed by
their owners, and therefore their exclusion from the analysis should not bias our results.
Firms in their first year of appearance are also dropped, to avoid the particular dynamics
involved in firm creation, mergers, and acquisitions, as are firms in the Mining and Real
Estate sectors. In total, the data cover around 30,000 firms per year, for the period 2003
to 2012.

4.3.2 Constructing the spillover variable

Our main variables of interest seek to measure the spillover potential that hiring firms
are exposed to. We construct yearly flow matrices Ft, where element fist counts the
numbers of workers transitioning from sending firm s in t − 1 to hiring firm i in t. We
restrict our attention to firm-to-firm transitions, and acknowledge that we cannot measure
whether there were short unemployment periods or short employment spells in a third firm
between 2 records, as these are measured in the last calendar week of the year. From the
flow matrices, we count the number of hires that move into managerial or non-managerial
positions, and the number of departing managers and non-managers, and construct two
vectors of variables. The first vector measures the spillover potential in hiring firm i

coming from managerial hires, spillit, and the second captures other mobility measures
in the firm, mobilityit, included in all specifications of the model as controls.

2An additional consideration to motivate our choice is the change in ISCO classification that took place
in 2011. Using a broader definition of managers is less subject to measurement error in the transition
year.

3All nominal production variables are deflated using industry-level price deflators from the OECD STAN
database. Further details are provided in the Data Appendix.
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In the baseline version of the model, spillit is constructed as the share of current man-
agers that are newly hired, irrespective of profile and origin. The different specifications
of the model correspond to the different splits of the managerial hire variable by char-
acteristics of the mover or the sending firm. Firstly, the share of newly hired managers
is split by managerial experience: we distinguish between managers who were already a
manager in the sending firm, and call them experienced managers, from those who did
not occupy managerial functions before the transition, which we refer to as external pro-
motions. Secondly, we look at industry experience and identify managers who come from
the same narrow 2-digit industry as the hiring firm (eg. Computer manufacturing), from
other industries within the broad 1-digit industry (eg. Manufacturing), and those who
come from outside the broad industry. Thirdly, we focus on the qualification of managers
and classify managerial hires into three groups: up to high school qualification (noHE),
Higher Education (HE) qualification and advanced Higher Education (advHE). Fourthly,
we look at the human capital in the sending firms by calculating the average share of HE
qualified and advanced HE qualified workers in the firms of origin of newly hired man-
agers. Finally, we split the share of hired managers according to the productivity quartile
of the sending firms (where productivity is recovered from the structural model).

The vector mobilityit encompasses three control variables. The departure of managers
to other firms in the previous period takes into account the disruptive effects of managerial
mobility and gives an estimate of the costs in terms of lost productivity to the sending
firms. Internal promotions, identified as employees who change their occupational status
from non-managerial to managerial while remaining in the same firm, provide the baseline
effect of having more managers. In comparison to the effect of external hires, this gives a
benchmark for the value of external knowledge transmitted by the mobility of managers.
Finally, the hiring of non-managerial workers serves as a control for the employment
dynamics within the firm.

4.3.3 Descriptive statistics

Tables 4.3.1 and 4.3.3 summarise the patterns of labour mobility, by firm size and industry
respectively. The first five columns show the yearly shares of firms that have experienced
at least one mobility event (hire or departure of managers and non-managers and internal
promotions). The subsequent columns report the share of managers in the total workforce,
the survival rate and the number of firms. Table 4.3.1 shows that very micro firms (with
less than 5 employees) differ from the rest of the firm population on the share of managers
they employ, the fraction of managers hired externally and survival rates. For the firms
included in our analysis, we observe a positive relationship between firm size and all
mobility events. For example, the share of firms that hire a manager from outside is
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only 5.6% for micro firms and reaches 70% for large firms. This is associated with similar
increases in the share of managerial departures, resulting in a very stable ratio of managers
in total employment across firms of different sizes, from a minimum of 5.8% in large firms
(more than 250 employees) to a maximum of 8.1% in medium small firms (20 to 49
employees). We also note that survival rates are very constant, at around 95.5%.

In Table 4.3.2 we compare the propensity of firms to hire managers from other firms
compared to promoting internal staff, according to whether they experienced the depar-
ture of their managers in the previous period. Panel A shows the share of firms where
at least one manager was hired or promoted in firms where no manager departed to an-
other firm. Firms have a slightly higher tendency to internally promote managers than
to hire them externally, with the exception of large firms. Panel B shows the case where
firms did experience the departure of at least one manager, and paints a different picture.
In these circumstances, the share of firms hiring external managers is around 10% points
higher than that of firms replacing managers through internal promotion. We also observe
twice as many firms engaging in hiring and promotions in years where they experienced
the departure of managers compared to years where they did not. Results from this ta-
ble highlight the importance of controlling for the departure and internal promotions of
managers in our model.

Table 4.3.3 provides the same information as Table 4.3.1, broken down by 1 digit in-
dustry, the level at which the production function is estimated. We observe important
heterogeneity in the share of managers in total employment, ranging from a low of 3.5%
in the Logistics sector (Transport and Warehousing) and of 3.9% in the Construction sec-
tor to a high of 10.6% in the Hospitality (Hotels and Restaurants) and of 14.2% in ICT
services. This heterogeneity is reflected in the heterogeneity in mobility patterns: the sec-
tors with the lowest mobility of managers are Logistics and Construction, and those with
the highest mobility are ICT services and Hospitality. Sectors with the highest survival
rate are Utilities, Agriculture and Logistics, while those with the lowest survival rates are
Hospitality, Administrative Activities and ICT services.

Finally, Table 4.3.4 describes the average production variables, highest market share
and proportion of HE and advanced HE qualified workers by 1 digit industries. The sectors
with the highest labour productivity are Utilities, Manufacturing and ICT services. These
are also the most concentrated sectors, where the largest firms have the highest market
share (calculated as the share of sales of the 2-digit industry). Finally, ICT services
and Professional services stand out as the sectors with the highest human capital: the
share of workers with advanced qualification is 18.9% and 19.5% respectively, and the
share of workers with HE is 36.6% and 40.6% respectively. On the other end of the
spectrum, Construction, Logistics and Hospitality have the lowest human capital: the
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share of workers with advanced HE is no larger than 1%, and the share of workers with
HE is around 10%.

Table 4.3.1: Employee mobility by firm size

% of firms with at least one % Managers
Manager Non-Manager in Firm

Sizeclass Empl. Hire Depart. Int. Promo. Hire Depart. Tot. Empl. Survival N. Obs

Very Micro 0-4 1.2 1.2 1.2 48.9 28.8 2.4 84.3 993588
Micro 5-9 5.6 5.7 6.3 76.2 63.6 6.9 96.3 152518
Small 10-19 10.4 11.1 11.4 87.6 77.1 7.4 96.4 81569
Med. Small 20-49 20.5 21.4 21.4 94.1 85.3 8.1 96.2 48662
Medium 50-99 35.0 35.1 33.8 97.5 88.6 7.5 95.6 14187
Med. Large 100-249 46.9 46.6 42.7 98.7 89.5 6.2 95.1 8315
Large 250+ 70.0 67.2 61.7 99.7 89.7 5.8 95.9 5743

Table 4.3.2: Mobility by firm size and departure of managers

Panel A: Firm where no manager left
% of firms at least

one Manager
Sizeclass Empl. Hire Int. Prom. N. Obs

Very Micro 0-4 0.8 1.0 866991
Micro 5-9 3.7 5.4 141877
Small 10-19 6.8 9.5 71895
Med. Small 20-49 13.0 16.7 38034
Medium 50-99 22.5 26.5 9176
Med. Large 100-249 29.7 32.0 4436
Large 250+ 42.5 40.9 1884

Panel B: Firms where at least 1 Manager left
% of firms at least

one Manager
Sizeclass Empl. Hire Int. Prom. N. Obs

Very Micro 0-4 37.6 19.8 10048
Micro 5-9 36.1 22.1 8615
Small 10-19 39.7 27.2 9021
Med. Small 20-49 48.1 38.3 10383
Medium 50-99 58.1 47.4 4960
Med. Large 100-249 66.6 54.9 3864
Large 250+ 83.4 71.8 3855

4.3.4 Reduced form evidence

We first present reduced form evidence of the relationship between managerial hiring and
labour productivity, measured as value-added per Full-Time Equivalent. The transition
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Table 4.3.3: Employee mobility by industry

% of firms with at least one % Managers N. Obs
Manager Non-Manager in Firm

Hire Departure Int. Promo. Hire Departure Tot. Empl. Survival

Agriculture 7.5 8.7 7.1 81.8 67.2 7.1 96.8 7,982
Manufacturing 13.3 15.2 16.9 81.1 72.2 7.4 95.6 62,917
Utilities 13.7 12.8 13.6 81.5 64.6 8.6 97.6 4,407
Construction 5.5 5.6 8.9 82.5 68.7 3.9 94.8 54,222
Trade 12.3 14.2 13.2 82.1 68.9 9.2 95.1 75,294
Logistics 6.6 6.9 7.8 85.6 72.3 3.5 96.5 29,117
Hospitality 18.6 20.5 17.2 88.7 76.9 10.6 93.9 18,983
IT & Telcos 25.3 25.2 22.7 85.3 69.7 14.2 94.5 16,021
Prof. Services 15.3 15.0 14.6 83.0 67.0 9.5 94.8 28,997
Admin. Activities 17.3 16.8 13.4 89.9 76.3 5.7 94.3 19,931
Non-Mkt. Services 9.8 9.6 10.4 87.6 73.0 4.9 94.9 25,103

Table 4.3.4: Average production variables, by industry

Sales Capital Materials Labour Labour Highest HE Adv HE
Stock Prod. Mkt share Workers Workers
in million e FTE in e/FTE %

Agriculture 3.82 2.91 2.73 19.9 43,905 49.4 14.9 1.6
Manufacturing 25.30 8.65 19.24 56.2 65,831 85.7 16.8 3.5
Utilities 21.66 33.90 16.88 38.2 105,148 51.6 22.7 4.6
Construction 3.47 0.58 2.41 20.7 47,755 6.8 11.1 0.8
Trade 14.47 1.90 12.45 29.8 56,609 6.0 23.6 4.4
Logistics 5.51 3.39 3.65 36.6 51,687 10.8 9.6 1.0
Hospitality 2.16 0.65 1.43 22.2 30,799 8.6 10.7 0.8
IT & Telcos 9.83 7.64 5.67 48.5 60,131 36.6 30.0 18.9
Prof. Services 3.20 1.75 1.98 23.5 53,175 40.6 36.2 19.5
Admin. Activities 3.33 1.71 1.66 46.4 40,142 6.6 14.1 2.8
Non-Mkt. Services 2.65 0.91 1.34 23.7 39,643 50.4 26.2 6.4
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Table 4.3.5: Firm transitions between quartiles of labour productivity, by managerial hir-
ing

Panel A: Firms without a managerial hire
Destination

Origin Quartile Bottom 2nd 3rd Top
of Labour Productivity Exit Quartile Quartile Quartile Quartile

Bottom Quartile 9.2 57.3 22.6 7.2 3.8
2nd Quartile 2.7 21.4 48.8 22.3 4.9
3rd Quartile 2.6 7.1 22.0 49.8 18.5
Top Quartile 3.7 4.0 4.9 18.8 68.6

Panel B: Firms with a managerial hire
Destination

Origin Quartile Bottom 2nd 3rd Top
of Labour Productivity Exit Quartile Quartile Quartile Quartile

Bottom Quartile 2.5 65.8 18.8 7.9 5.0
2nd Quartile 1.5 22.0 47.6 23.0 5.9
3rd Quartile 1.6 9.1 19.6 51.0 18.7
Top Quartile 1.8 3.9 3.7 15.2 75.4

matrix presented in Table 4.3.5 shows, for each quartile of the labour productivity dis-
tribution, the share of firms moving to other quartiles or out of the market. Firms are
split according to their hiring status, with firms with no managerial hires displayed in
Panel A, and firms with managerial hire displayed in Panel B. Managerial hiring seems
to have a strong impact on firm survival, especially for firms in the bottom quartile of
the distribution. Compared to an average exit rate of 4.5% at the economy level, the
exit rate of firms in the bottom quartile who did not hire managers is 9.2%, whereas it is
reduced to 2.5% for firms in the bottom quartile who did hire managers. We observe no
clear pattern for the role of managerial hiring on the destination of surviving firms in the
middle two quartiles. In both the bottom and top quartile however, hiring managers leads
to a much higher share of firms who stay in their quartile of origin. This is particularly
striking for firms in the top quartile: the share of firms who remain in the top quartile is
75.4% compared to 68.6% for firms with and without managerial hiring respectively.

Table 4.3.6 presents results of OLS regressions of log labour productivity on the spillit−1

and mobilityit−1 variables, controlling for one lag of labour productivity and the prob-
ability of survival. Results suggest that managerial hiring is positively associated with
labour productivity. In the baseline model, if a firm replaces half of its managers with
externally hired managers, this is associated with an increase in labour productivity of
1% in the following period4. In the subsequent models, we find that managers with ex-

4The variable of interest is measured as the share of managers that joined the firm in the previous period.
The interpretation of the coefficient is such that if a firm replaces all of its managers with externally
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perience have a stronger effect than first-time managers, that industry experience in the
narrow 2-digit industry has a weaker effect than experience outside that same industry,
and that the size of the effect strongly depends on the qualification level of the managers.
Furthermore, we find that the departure of managers has a strong disruptive effect on
labour productivity: if a firm looses half of its managers it can expect a drop in labour
productivity of 2.25%. The internal promotion of managers is associated with a 0.68%
increase in labour productivity the year following the promotion, and firms who replace
half of their employees observe a drop in labour productivity of 3.6%.

These reduced form results support the hypothesis that managerial hiring is a source
of Learning-by-Hiring, which helps firms improve their future productivity. However,
these results do not take into account the endogeneity in production decisions that affect
productivity measurement, nor do they adequately control for the potential for selection of
managers into firms. The following section presents the theoretical model and associated
empirical strategy used to address these issues.

4.4 Methodology

4.4.1 Model

4.4.1.1 Production function

We assume a translog revenue-generating function of the form

yit =f(lit, kit,mit;α) + ωit + ϵit

=αllit + αkkit + αmmit + αl2l
2
it + αk2k

2
it + αm2m2

it+

αlklitkit + αlmlitmit + αkmkitmit + ωit + ϵit

(4.1)

where yit is turnover, lit is labour input, kit is capital stock, and mit is expenditure on
intermediary inputs such as materials5. ωit is the firm-specific unobserved productivity
that is the focus of our estimation, and ϵit is an i.i.d shock that picks up measurement error
in sales and unanticipated production shocks (e.g. machine breakdown, strikes etc...).

As argued in Olley and Pakes (1996), reduced-form estimates of the production coeffi-
cients suffer from an endogeneity bias which stems from productivity being an observable
state variable that firms take into account when making production decisions. Higher pro-
ductivity firms are more likely to decide to produce more output and employ more inputs.
This implies that the production coefficient of flexible inputs, like labour and materials,

hired ones, it will observe a 2.1% increase in labour productivity. If it replaces only half of its managers
with externally hired ones, it can expect 2.1*0.5=1.05% increase in labour productivity

5All variables are in logs and corrected for the industry-year mean. Labour input is measured in Full-Time
Equivalents
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Table 4.3.6: OLS regressions of Labour Productivity on spillover and mobility variables

Dependent Variable (1) (2) (3) (4)
Log Labour Productivity Baseline Experience Ind. Origin Qualif.

Log Labour Productivity 0.731*** 0.731*** 0.731*** 0.730***
(0.00163) (0.00163) (0.00163) (0.00163)

Prob. Survival 0.0191*** 0.0191*** 0.0191*** 0.0187***
(0.00130) (0.00130) (0.00130) (0.00130)

Man. Hire 0.0210***
(0.00450)

Exp Man. Hire 0.0346***
(0.00802)

Ext. Promotion 0.0183***
(0.00582)

Same det. Industry 0.0159**
(0.00754)

Same broad industry 0.0247***
(0.00944)

Diff broad industry 0.0231***
(0.00657)

No HE Man. Hire -0.00359
(0.00656)

HE Man. Hire 0.0274***
(0.00716)

Adv HE Man. Hire 0.0767***
(0.0113)

Int. Promotion 0.0136*** 0.0135*** 0.0137*** 0.0134***
(0.00345) (0.00345) (0.00345) (0.00345)

Man. Departure -0.0450*** -0.0450*** -0.0451*** -0.0443***
(0.00408) (0.00406) (0.00408) (0.00408)

Non-Man. Hire -0.0739*** -0.0741*** -0.0738*** -0.0729***
(0.00422) (0.00421) (0.00422) (0.00422)

Observations 214,579 214,579 214,579 214,579
R-squared 0.493 0.493 0.493 0.493
All independent variables are lagged one period. Standard errors obtained from
block bootstrap in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01

114



Chapter 4 Managerial knowledge spillovers and firm productivity

are going to be upward biased, while the sign of the bias on fixed inputs, like capital
stock, is more difficult to determine a priori. We follow the approach pioneered by Olley
and Pakes (1996) and further developed by Levinsohn and Petrin (2003) and Ackerberg
et al. (2015), which relies on the timing of input decisions to find a proxy for productivity.
A flexible input of production, decided after current productivity has been observed by
the firm, such as intermediary inputs or labour, will therefore contain information about
productivity, and can be used as a proxy. In the present analysis, intermediary inputs
are assumed to be flexible and decided in period t, taking state variables as given, while
labour is considered to have some adjustment costs and to be decided in t − 1. The
productive stock of capital is a fixed dynamic input that results from the accumulation
and depreciation of investments. 6

4.4.1.2 Demand for intermediary inputs

The demand for intermediary inputs depends on the following state variables: labour and
capital inputs, which have adjustment costs and are decided prior to intermediary inputs
and the stock of human capital (HCit) of incumbent workers measured as the average age,
the share of men and the shares of high school graduates, HE graduates and advanced
HE graduates. In addition, firm-level prices are part of the firm’s state space, but are
unobserved in our dataset. The market share of the firm (sit) is included to control for
general demand conditions and thus output prices, and firm-level average log wages (wit)
control for all input prices, such as the prices of intermediary inputs. Finally, we allow the
demand for intermediary inputs to depends on the arrival of new managers (spillit) and
other mobility patterns (mobilityit) in the current period, because these changes affect
production decisions through the impact on the employment structure, the allocation
and performance of tasks. By controlling for the contemporaneous effect of hires and
departures, we ensure that the estimated effect on productivity picks up an effect beyond
this additional manpower. The demand for intermediary inputs is thus given by

mit = h(kit, lit, ωit,HCit, sit,wit, spillit,mobilityit) (4.2)

We obtain an expression for productivity by inverting this equation following the proof
set out in Levinsohn and Petrin (2003). We need to assume that productivity is the only
unobservable that enters the demand for intermediary inputs and does so monotonically.

ωit = h−1(kit, lit,mit,HCit, sit,wit, spillit,mobilityit) (4.3)

6The use of fixed-effects estimation does not fully address the issue in the case of time-varying productivity.
Furthermore, the Arrellano-Bond first difference estimator is nested within our model, when we assume
an AR(1) process for productivity. The full structural model allows for a more flexible law of motion.
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4.4.1.3 Law of motion of productivity

Following the literature, we assume that productivity follows a first-order Markov process
and model managerial hires as an action that firms can undertake to directly affect their
productivity process, in a similar fashion to how exporting or investing in R&D have
been modelled (Olley and Pakes (1996), De Loecker and Warzynski (2012), Doraszelski
and Jaumandreu (2013), Ackerberg et al. (2015)). The law of motion of productivity
takes the following form

ωit = g(ωit−1, Pit−1, spillit−1,mobilityit−1) + ξit (4.4)

where ξit is an i.i.d shock. The presence of these variables, lagged by one period, in
the productivity process reflects our assumption that a firm’s workforce, especially the
managers, are repositories of production-relevant knowledge affecting firms’ ability to
successfully combine labour, capital and material inputs to obtain higher turnover. We
can therefore test whether there is a Learning-by-Hiring effect that takes time and happens
in addition to the immediate effect on sales arising from the performance of daily tasks,
and included in the demand for intermediary inputs. Finally, the firm’s probability of
survival Pit−1, which is positively correlated with both firm productivity and the spillover
and mobility variables, is included to capture the endogeneity between these variables.

4.4.2 Estimation strategy

Productivity ωit is recovered using a three-step estimation strategy. The first stage allows
us to net out the effect of the shock to production ϵit by controlling for productivity with
the proxy variable. In the second stage, we estimate the probability of survival of the
firm. Finally, the third stage allows us to identify the unbiased production coefficients 7,
and to recover the law of motion of productivity.

4.4.2.1 Estimation of the first stage

In the first stage, we substitute ωit in the production function (4.1) by its expression in
(4.3) to get the following expression

yit = f(lit, kit,mit;α) + h−1(kit, lit,mit,HCit, sit, wit,wit, spillit,mobilityit) + σt + ϵit

= ϕ(kit, lit,mit,HCit, sit, wit,wit, spillit,mobilityit) + σt + ϵit

(4.5)

7We have 9 production coefficients to estimate: αl, αk, αm, αl2 , αk2 , αm2 , αlk, αlm, αkm.
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where σt are time fixed effects. We estimate ϕ(.) with a polynomial of order 3, and recover
the fitted value ϕ̂, which provides estimates of productivity ωit up to the production
coefficients, which still need to be estimated. The expression for ωit on which the moment
conditions are built in the third stage is

ω̂it = ϕ̂(kit, lit,mit,HCit, sit, wit,wit, spillit,mobilityit)− f(lit, kit,mit;α) (4.6)

4.4.2.2 Estimation of the second stage

We run a probit model to predict the probability of survival of the firm, which depends on
capital stock, a dummy for large firms above 250 employees, spillit, mobilityit, firm-level
wages, the human capital of incumbent workers, and industry and time fixed effects. We
also add the yearly industry shares of start-ups that were dropped in the data preparation
stage to account for industry dynamics that likely affect the survival of incumbents.
Predicted survival probabilities P̂it are included in the law of motion of productivity
as described below.

4.4.2.3 Estimation of the third stage

The unbiased production coefficients and ωit are recovered using GMM estimation. Our
moment condition is built around ξit, the i.i.d shock of the law of motion of productivity,
which is observed by firms in t and uncorrelated with past productivity

E[ξit | Iit−1] = 0

E[ω̂it − g(ω̂it−1, P̂it−1, spillit−1,mobilityit−1) | Iit−1] = 0
(4.7)

where ω̂it and ω̂it−1 are obtained from Equation (4.6).
In practice, we assume two specifications for the law of motion of productivity (4.4).

In the first specification spillit−1 and mobilityit−1 enter linearly as such

ωit = δ1ωit−1 + δ2ω
2
it−1 + δ3Pit−1 + δ4P

2
it−1 + δ5ωit−1Pit−1

+γ1spillit−1 + γ2mobilityit−1 + ξit
(4.8)

and in the second specification, these variables are interacted with the firm’s produc-
tivity as such

ωit = δ1ωit−1 + δ2ω
2
it−1 + δ3Pit−1 + δ4P

2
it−1 + δ5ωit−1Pit−1

+ γ1spillit−1 + γ2ωit−1spillit−1 + γ3mobilityit−1 + γ4ωit−1mobilityit−1 + ξit
(4.9)
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This latter specification tests whether managerial hiring has heterogenous effects, and
leads to estimating firm-specific marginal effects of hiring on productivity.

The instruments used to estimate the production coefficients are chosen in accordance
with our the timing assumptions. We use the current value of capital because its value was
determined one period ahead. The adjustments costs to labour arising from the rigidities
in the Finnish labour market lead us to use both current and lagged values of the labour
input. Finally our assumption regarding the static nature of intermediary inputs implies
using its past values as instruments. However, we find that adding the current value
of expenditures on intermediary inputs drastically improves our ability to pin down the
capital coefficient, which suggests that intermediary inputs might also have adjustments
costs. We therefore use current and lagged values of both labour and intermediary inputs
and their respective squared and interaction terms.8

4.4.3 Discussion of identification

The assumptions stated above embed our analysis in the framework of Ackerberg et al.
(2015) and allows us to argue that our production coefficients are identified. However,
the identification of the law of motion of productivity, in particular of the spillover effects
emerging from the mobility of managers requires further attention. The literature on
sorting in the labour market finds evidence of the presence of selection in labour mobility,
suggesting that ‘better’ managers are attracted and more likely to be hired by ‘better’
firms (Abowd et al. (1999)). Important motivations for this effect are better career and pay
prospects offered by more productive firms. Our analysis seeks to account for potential
sorting by controlling for observable characteristics of both the movers and the hiring
firm. On the manager side, we split managerial hiring according to mover characteristics,
as explained above. On the side of hiring firms, we control for the average wage paid
by the firm and the human capital of its workforce. Furthermore, the structure of the
model ensures that we also control for past productivity, which captures unobservable
level differences between firms, and survival probability, which captures differences in
firm dynamics, and thereby allows for unobserved managerial quality to be correlated
with these factors. Bias can still arise if there is correlation between the unobserved
managerial quality and the error term of the law of motion of productivity ξit, but this
shock is assumed to be unpredictable by the hiring firms themselves.

8The full list of instruments used is the following: constant term,
kit, lit,mit, lit−1,mit−1, k

2
it, l

2
it,m

2
it, l

2
it−1,m

2
it−1, litkit, litmit, kitmit, lit−1kit, lit−1mit, litmit−1, lit−1mit−1, kitmit−1.
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4.5 Results

4.5.1 Structure of the Finnish economy

The production function is estimated at the 1 digit industry level, allowing for industry-
specific production technologies. Average output elasticities of labour, capital and inter-
mediary inputs are reported in Table 4.5.7. Sectors with the highest output elasticity of
labour are Non-Market services, ICT services, Administrative activities and Professional
services, which have the highest share of qualified personnel. The sector with the high-
est output elasticity of intermediary inputs is the Trade sector, followed by Utilities and
Hospitality. The recovered output elasticities of capital are very low overall, around 0.02
for most sectors with the exception of Non-Market services (0.07), Agriculture (0.10) and
Utilities (0.29). The Utilities sector is the only sector with increasing returns to scale, at
1.22.

Table 4.5.8 shows the marginal effects of the various managerial hiring variables on
survival probabilities, estimated from our second stage probit models.9 Overall, manage-
rial hiring increases survival probabilities by around 1 percentage point, from an average
survival probability of 95.5%. We find a stronger effect on survival from inexperienced
managers, managers coming from the same narrow industry or outside the broad 1 digit
industry and better qualified managers. The characteristics of the sending firms, measured
as either the share of qualified workers or the position in the productivity distribution do
not seem to affect the probability of survival in a significant way. These results confirm
the pattern observed in the transition matrix and emphasise the importance of controlling
for survival probabilities in the law of motion of productivity, as explained in Olley and
Pakes (1996).

Tables 4.5.9 and 4.5.10 summarise our core results and provide the coefficients recovered
from the law of motion of productivity of Equations (4.8) and (4.9), according to mover
and sender characteristics. These are coherent with results obtained from the reduced
form estimations.

4.5.2 Mover Characteristics

The first column of Table 4.5.9 suggests that on average, replacing half of a firm’s man-
agers with hires from another firm increases productivity by 2%. This effect is statistically
significant and higher than the effect of replacing managers through internal promotions,
which is associated with a 0.5% increase in productivity. Yet, both effects do not com-
pensate for the loss in productivity associated with the departure of managers: if half of

9The full results of the probit estimations of survival probability are reported in Appendix Table A4.B.1.
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Table 4.5.7: Average output elasticities estimated in the baseline model, by industry

θl θk θm Observations

Agriculture 0.36 0.10 0.49 4,400
Manufacturing 0.31 0.02 0.68 40,505
Utilities 0.24 0.29 0.69 2,896
Construction 0.34 0.03 0.63 33,043
Trade 0.20 0.01 0.77 47,170
Logistics 0.33 0.02 0.63 18,859
Hospitality 0.29 0.02 0.68 11,240
IT & Telcos 0.45 0.01 0.57 9,698
Prof. Services 0.45 0.00 0.53 17,622
Admin. Activities 0.52 -0.01 0.49 11,563
Non-Mkt. Services 0.46 0.07 0.42 14,683

Table 4.5.8: Marginal effects of managerial hiring on survival probabilities

Marginal Standard
Effect Error t-stat p-value

Man. Hire 0.0105 0.0018 5.75 0.000

Exp. Man Hire 0.0093 0.0032 2.92 0.004
Ext. Promotion 0.0135 0.0025 5.42 0.000

Same det. Industry 0.0105 0.0031 3.42 0.001
Same broad industry 0.0063 0.0036 1.75 0.081
Diff broad industry 0.0130 0.0029 4.5 0.000

No HE Man. Hire 0.0078 0.0027 2.92 0.003
HE Man. Hire 0.0126 0.0030 4.14 0.000
Adv HE Man. Hire 0.0135 0.0046 2.94 0.003

Share HE Sender 0.0132 0.0050 2.63 0.009
Share advHE Sender 0.0059 0.0081 0.72 0.469
HE Man. Hire 0.0083 0.0033 2.54 0.011
Adv HE Man. Hire 0.0076 0.0049 1.56 0.119

Q1 ω Sender 0.0083 0.0048 1.74 0.081
Q2 ω Sender 0.0022 0.0054 0.4 0.689
Q3 ω Sender 0.0020 0.0056 0.35 0.725
Q4 ω Sender 0.0042 0.0050 0.84 0.399
HE Man. Hire 0.0111 0.0038 2.89 0.004
Adv HE Man. Hire 0.0121 0.0053 2.28 0.023
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a firm’s managers depart to other firms, this is associated with a loss of productivity of
3.8%. When the spillit−1 and mobilityit−1 variables are interacted with productivity, the
point estimates of the average effects remain stable, and we observe a significantly nega-
tive relationship with productivity for all variables except internal promotions, as shown
in the second column of Table 4.5.9. Figure 4.5.1 goes into the details of the relationship
between managerial hiring and managerial departures and productivity, by plotting aver-
age marginal effects for these two variables by industry and quartile of productivity. The
results suggest that in all quartiles except the bottom, the lost productivity resulting from
managerial departures outweighs the gains from managerial hiring. We observe net gains
only for firms in the bottom quartile of productivity in Agriculture, Utilities, Professional
services and Non-market services.

The third and fourth column of Table 4.5.9 report the results of managerial experience.
The effect on productivity of hiring managers who already occupied such positions in
their previous firm is twice as high as hiring managers without managerial experience.
However, the boost to productivity from experience decreases faster with productivity
than the boost from inexperienced managers, as can be seen in Figure 4.5.2. We measure
a disruptive effect of hiring experienced managers for firms in the frontier quartile of
the productivity distribution in Utilities, ICT services, Professional services and Non-
market services. Finally, when comparing external promotions to internal promotions,
we find a statistically significant positive difference in favour of the former, supporting
the hypothesis that experience in other firms brings additional productivity-enhancing
knowledge. Looking at industry experience, we find that firms can reap the highest
benefit from hiring managers who previously worked in the same broad 1 digit industry.
This positive difference is statistically significant for hires of managers from both the same
narrow 2-digit industry or outside the broad sector.

Comparing the effect of hiring managers with different qualification levels suggests that
even the arrival of managers with no higher education is associated with an increase
in productivity. However, this effect is far outweighed by the arrival of more qualified
managers. If a firm hires half of its managers with higher education, it will observe an
increase in productivity of 1.9% and if these managers have advanced higher education
the increase in productivity will be of 4.2%. While the point estimates of the interaction
terms are not significant, we do observe a pattern in Figure 4.5.3, where the average
marginal effects are plotted according to industry and productivity quartile. The return
to first-level higher education seems higher than that of the other qualification levels,
but decreases sharply with productivity. For firms in the top quartile of the productivity
distribution, the managers with advanced higher education have the strongest effect on
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productivity, and in the ICT services, Professional services and Non-market services, these
are the only managers to have a positive effect on productivity.

Additional industry results are reported in Appendix Tables A4.B.2 to A4.B.5, allow-
ing us to compare the magnitude of the average effects across industries. Table A4.B.2
presents the baseline model, and suggests that firms in the IT and Professional services
experience the strongest average effects of managerial hires, followed by firms in Man-
ufacturing, Trade and Non-Market services, whereas in the Utilities, Construction and
Logistics sectors, we do not measure a significant effect of managerial hires. Managerial
departures on the other hand lead to strongly significant negative effects on productivity
across sectors. A similar pattern of effects can be seen across industries when focusing
on managerial experience and qualification, as reported in Tables A4.B.3 and A4.B.5.
Regarding industry experience as displayed in Table A4.B.4, only in ICT services is expe-
rience in the same narrow industry of a higher importance than other industry experience.
In Professional services, Hospitality and Trade, experience in the same narrow industry
boosts productivity to the same extent as experience in the broader services industry, and
narrow industry experience has a smaller effect on productivity than any other type of in-
dustry experience in the Manufacturing sector. Finally, in sectors where managerial hires
are significant on average, experience outside the broad 1 digit industry has a significant
and positive effect on productivity, with the only exception being the Hospitality sector.
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Table 4.5.9: Law of motion of productivity, by mover characteristics

Dep. variable Baseline Experience Industry of origin Qualification
ω (1) (2) (3) (4) (5) (6) (7) (8)

Man. Hire 0.0405*** 0.0336***
(0.00194) (0.00336)

Exp Man. Hire 0.0634*** 0.0409***
(0.00446) (0.0107)

Ext. Promotion 0.0289*** 0.0231***
(0.00241) (0.00339)

Same det. ind. 0.0338*** 0.0183***
(0.00388) (0.00664)

Same broad ind. 0.0489*** 0.0448***
(0.00415) (0.00741)

Diff broad ind. 0.0385*** 0.0336***
(0.00293) (0.00341)

No HE Man. Hire 0.0198*** 0.0156***
(0.00270) (0.00398)

HE Man. Hire 0.0377*** 0.0287***
(0.00308) (0.00664)

Adv HE Man. Hire 0.0849*** 0.0740***
(0.00702) (0.00769)

Man. Hire -0.0637**
×ω (0.0325)
Exp Man. Hire -0.190*
×ω (0.0978)
Ext. Promotion -0.0582**
×ω (0.0287)
Same det. ind. -0.200**
×ω (0.0932)
Same broad ind. -0.0478
×ω (0.0559)
Diff broad ind. -0.0332
×ω (0.0236)
No HE Man. Hire -0.0438
×ω (0.0352)
HE Man. Hire -0.0942
×ω (0.0776)
Adv HE Man. Hire -0.0574
×ω (0.0416)
Int. Promotion 0.0113*** 0.00999*** 0.0117*** 0.01000*** 0.0103*** 0.00913*** 0.0105*** 0.00973***

(0.00121) (0.00190) (0.00135) (0.00175) (0.00138) (0.00191) (0.00132) (0.00186)
Man. Departure -0.0756*** -0.0799*** -0.0740*** -0.0789*** -0.0765*** -0.0813*** -0.0766*** -0.0811***

(0.00196) (0.00277) (0.00202) (0.00266) (0.00198) (0.00267) (0.00218) (0.00267)
Non-Man. Hire 0.0119*** -0.00305 0.0130*** -0.00110 0.0123*** -0.00209 0.00871*** -0.00420

(0.00219) (0.00345) (0.00199) (0.00317) (0.00219) (0.00318) (0.00242) (0.00362)
Int. Promotion -0.0151 -0.0209 -0.0143 -0.00972
×ω (0.0207) (0.0170) (0.0168) (0.0193)
Man. Departure -0.0542* -0.0607* -0.0574** -0.0517*
×ω (0.0289) (0.0314) (0.0253) (0.0270)
Non-Man. Hire -0.171*** -0.162*** -0.172*** -0.143***
×ω (0.0293) (0.0239) (0.0244) (0.0327)

Observations 211,679 211,679 211,679 211,679 211,679 211,679 211,679 211,679
R-squared 0.748 0.750 0.766 0.769 0.755 0.757 0.708 0.710

All independent variables are lagged one period. All models include a polynomial of order 2 in lagged
productivity and survival probability, unreported. Standard errors obtained from block bootstrap in
parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01
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Figure 4.5.1: Marginal effect of managerial hiring and departures, by productivity quartile
of origin and industry
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4.5.3 Sender Characteristics

The results displayed in Table 4.5.10 show that characteristics of the sending firms also
matter for the ability of hiring firms to reap productivity benefits, controlling for the
qualification of the moving managers. In the first two columns, we observe that hiring
managers from firms with higher shares of employees with higher education and advanced
higher education is associated with higher productivity. The results show that hiring
managers from firms with a 10% points higher share of advanced higher education workers
results in a productivity increase of 0.8%. This magnitude is relatively small, considering
that the share of advanced higher educated workers is around 5% in all sectors outside IT
and Professional services. However, this effect comes in addition to the boost associated
with hiring managers who themselves have advanced higher education qualifications. The

124



Chapter 4 Managerial knowledge spillovers and firm productivity

Figure 4.5.2: Marginal effect of managerial hiring, by experience of movers productivity
quartile of origin and industry
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marginal effects shown in Figure 4.5.4 nevertheless suggest that firms in the bottom
quartile of the distribution, across sectors, do observe an increase in productivity of at
least 1% when they hire managers from firms with 10% points more workers with advanced
higher education. The share of workers with lower level higher education does not seem
to play a large role in the ability of firms to experience Learning-by-Hiring.

The last two columns of Table 4.5.10 present results concerning the importance of
the position of the sending firms in the productivity distribution, in particular, whether
managers were hired from firms in the top or in the bottom productivity quartile. On
average, hires from the bottom quartile of the productivity distribution have a disruptive
effect on the productivity of the hiring firm, whereas hires from the frontier quartile have
no significant effect. In Figure 4.5.5, we see that managerial hires from the frontier have a
positive effect in firms in the bottom quartile, especially in Agriculture, Utilities, Logistics,
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Figure 4.5.3: Marginal effect of managerial hiring, by qualification of movers, productivity
quartile of origin and industry
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ICT services, Professional services, Administrative activities and Non-Market services. In
all sectors, the effect of hiring managers from the frontier becomes disruptive for firms
that are themselves on the frontier. Figure 4.5.10 confirms that hiring managers from the
bottom quartile has negative effects on productivity in all sectors and for all productivity
quartiles, but it also suggests that this effect is dampened for the best performing firms.
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Table 4.5.10: Law of motion of productivity, by sender characteristics

Dependent variable Human Capital ω Quartiles
ω (1) (2) (3) (4)

Share HE Sender 0.0126** 0.0219***
(0.00570) (0.00645)

Share advHE Sender 0.0879*** 0.0733***
(0.0117) (0.0109)

Sender in Laggard Quartile -0.0317*** -0.0212**
(0.00612) (0.00906)

Sender in Frontier Quartile -0.000558 -0.00870
(0.00742) (0.00886)

Share HE Sender*ω 0.0266
(0.0879)

Share advHE Sender*ω -0.194
(0.124)

Laggard*ω 0.0922
(0.0747)

Frontier*ω -0.215
(0.165)

HE Man. Hire 0.0297*** 0.00984 0.0302*** 0.0160**
(0.00380) (0.0102) (0.00416) (0.00765)

Adv HE Man. Hire 0.0670*** 0.0575*** 0.0863*** 0.0761***
(0.00656) (0.00748) (0.00767) (0.00967)

Int. Promotion 0.0120*** 0.00725*** 0.0110*** 0.00561***
(0.00130) (0.00191) (0.00141) (0.00216)

Man. Departure -0.0721*** -0.0792*** -0.0717*** -0.0783***
(0.00198) (0.00352) (0.00219) (0.00278)

Non-Man. Hire 0.00939*** -0.0184*** 0.00977*** -0.0129***
(0.00207) (0.00308) (0.00233) (0.00452)

HE Man. Hire*ω -0.209* -0.147*
(0.118) (0.0809)

Adv HE Man. Hire*ω -0.0515 -0.0784
(0.0582) (0.0642)

Int. Promotion*ω -0.0644*** -0.0793***
(0.0231) (0.0295)

Man. Departure*ω -0.0797** -0.0737**
(0.0369) (0.0297)

Non-Man. Hire*ω -0.292*** -0.235***
(0.0257) (0.0410)

Observations 186,435 186,435 160,767 160,767
R-squared 0.683 0.688 0.734 0.739

All independent variables are lagged one period. All models include a polynomial of order 2 in lagged
productivity and survival probability, unreported. Standard errors obtained from block bootstrap in
parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01
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Figure 4.5.4: Marginal effect of managerial hiring, by human capital of sender, productiv-
ity quartile of origin and industry
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Figure 4.5.5: Marginal effect of managerial hiring, by productivity quartile of sender, pro-
ductivity quartile of origin and industry
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4.6 Conclusion

Overall our results provide strong evidence of the presence of Learning-by-Hiring from
managerial mobility. Firms seem to benefit most from hiring managers with experience
and advanced qualifications, and who come from sending firms with high human capital,
both in terms of higher survival probabilities and higher revenue productivity. We find
heterogenous effects depending on the position of the hiring firm in the productivity
distribution. At one extreme, laggard firms consistently seem to benefit from managerial
hiring, in particular if the hired managers come from the best performing firms. At the
other extreme, frontier firms only seem to witness productivity gains from hiring highly
qualified managers, and managers who come from firms with high human capital. In
particular, we find no evidence that firms already on the frontier benefit from hiring
managers from their peers. Taken together, this suggests that managerial mobility can
be a mechanism for laggard firms to catch-up in the productivity distribution, thereby
reducing productivity dispersion.

However, we also find that these spillovers come at a cost, and that overall welfare
effects are not straightforward to determine. Indeed, we consistently find that firms seem
to experience a 3.8% drop in productivity when their managers are poached by other
firms, and it is not clear whether internal promotions or hiring managers from other
firms compensates this loss. Promotions of own staff and non-managerial hires are only
associated with small increases in productivity if any.

The results shed light on one particular mechanism through which firms can acquire
productivity-enhancing knowledge, which seems to be especially beneficial for firms that
are falling behind. Frontier firms, on the contrary, need to look to sources other than
improved management to reap productivity gains. Commonly studied factors associated
with strong performance at the frontier are investments in technological knowledge and
innovation. Future research will look into the interplay of these investments with man-
agerial learning.
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4.A Data Appendix

The present appendix provides further details regarding the construction and cleaning of
the database.

4.A.1 Deflation

All nominal monetary values are converted into real 2005 euros by applying deflators
from the OECD STAN database. Values in the manufacturing sector are kept as they
are, while values in the services sector are adjusted using country-level PPPs for 2005,
from the Eurostat-OECD PPP Programme.10

4.A.2 Capital stock

The main measure of capital stock used in the analysis is built according to the PIM
methodology. The initial value of capital stock is set to the capital stock reported by the
firm in the initial year. The depreciation rate is also obtained from the STAN database,
as consumption of fixed capital divided by the sum of consumption and net capital stock
(CCFC/(CCFC+CAPN)). We use the reported value of capital for the robustness checks,
and the correlation between these two measures is 0.78.

4.B Additional results

10For more information, see www.oecd.org/std/ppp/manual
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Table 4.B.1: Results of Probit estimations of survival

Dependent Variable (1) (2) (3) (4) (5) (7)
Survival Baseline Exp. Ind. Ori Qualif. HC ω Quart.

Man. Hire 0.196***
(0.0341)

Exp Man. Hire 0.173***
(0.0593)

Ext. Promotion 0.253***
(0.0466)

Same det. Industry 0.197***
(0.0575)

Same broad industry 0.118*
(0.0678)

Diff broad industry 0.242***
(0.0538)

HE Man. Hire 0.237*** 0.155** 0.0900***
(0.0570) (0.0611) (0.0347)

Adv HE Man. Hire 0.253*** 0.143 0.0394
(0.0862) (0.0916) (0.0396)

Share HE Sender 0.247***
(0.0942)

Share advHE Sender 0.110
(0.152)

Q1 ω Sender 0.0136
(0.0422)

Q2 ω Sender 0.0472
(0.0493)

Q3 ω Sender 0.0430
(0.0475)

Q4 ω Sender 0.109***
(0.0390)

Man Departure -0.493*** -0.495*** -0.493*** -0.490*** -0.495*** -0.513***
(0.0157) (0.0157) (0.0157) (0.0156) (0.0157) (0.0158)

Non-Man.Departure -0.494*** -0.493*** -0.494*** -0.494*** -0.492*** -0.480***
(0.0173) (0.0173) (0.0173) (0.0173) (0.0173) (0.0182)

Int. Prom 0.151*** 0.150*** 0.151*** 0.150*** 0.144*** 0.120***
(0.0189) (0.0189) (0.0189) (0.0189) (0.0190) (0.0190)

Non-Man. Hire 0.505*** 0.505*** 0.505*** 0.506*** 0.505*** 0.503***
(0.0135) (0.0135) (0.0135) (0.0135) (0.0135) (0.0142)

Observations 253,744 253,744 253,744 253,744 253,744 227,135

Standard errors obtained from block bootstrap in parentheses. All models include the following controls:
Log Labour, Log Capital, Log wages, industry share of startups, mean age, share of males, share of high
school, higher education and advanced higher education graduates, and industry and time fixed effects.
* p < 0.1, ** p < 0.05, *** p < 0.01.
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Table 4.B.2: Baseline model of law of motion of productivity, by industry

Dependent (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
variable: Agriculture Manufacturing Utilities Construction Trade Logistics Hospitality IT & Telcos Admin. Non-Mkt Prof.
ω Activities Services Services

ω -1.467 1.070** -0.222 -0.0609 -0.860* -0.0725 -0.180 2.307*** -0.705 1.540* 0.239
(1.267) (0.431) (0.721) (0.601) (0.520) (0.642) (0.312) (0.607) (0.489) (0.806) (0.605)

ω2 -0.181** 0.187*** -0.0111 0.0388 0.0263 -0.114*** 0.113*** 0.167*** 0.153*** 0.112*** 0.0829
(0.0895) (0.0240) (0.00741) (0.0586) (0.0472) (0.0364) (0.0302) (0.0364) (0.0338) (0.0235) (0.0567)

Prob.Surv -2.387*** 0.164*** 0.377* -0.223*** 0.0608 -0.115 -0.0985*** 0.272** -0.250** 0.351*** 0.0441
(0.887) (0.0504) (0.208) (0.0657) (0.0399) (0.104) (0.0330) (0.127) (0.117) (0.102) (0.0856)

Prob.Surv 2 2.144** -0.184*** -0.387* 0.206*** -0.0768* 0.102 0.0908*** -0.277** 0.213* -0.384*** -0.0497
(0.895) (0.0516) (0.212) (0.0669) (0.0412) (0.106) (0.0345) (0.131) (0.120) (0.104) (0.0877)

ω*Prob.Surv 1.953 -0.388 1.162 0.670 1.735*** 0.873 0.873*** -1.679*** 1.471*** -0.753 0.537
(1.249) (0.446) (0.727) (0.618) (0.536) (0.654) (0.323) (0.627) (0.496) (0.823) (0.620)

Int. Promotion -0.00491 0.0125*** 0.0279*** -0.000567 0.00935*** -0.0115** 0.00321 0.0146** 0.0239*** -0.00517 0.0210***
(0.0117) (0.00234) (0.00939) (0.00286) (0.00179) (0.00511) (0.00298) (0.00703) (0.00578) (0.00516) (0.00404)

Man. Departure -0.0817*** -0.108*** -0.0432*** -0.0506*** -0.0528*** -0.0344*** -0.0290*** -0.207*** -0.0486*** -0.0357*** -0.125***
(0.0276) (0.00351) (0.0168) (0.00603) (0.00350) (0.00658) (0.00442) (0.00905) (0.00825) (0.00673) (0.00609)

Non-Man. Hire -0.00581 0.0141*** -0.00351 0.00844* 0.00778** 0.0120** -0.00897* -0.0754*** -0.0117 -0.00205 -0.0226**
(0.0132) (0.00407) (0.0188) (0.00445) (0.00357) (0.00578) (0.00536) (0.0198) (0.00794) (0.00695) (0.00920)

Man. Hire 0.0291* 0.0335*** 0.00639 -0.00388 0.0294*** 0.00357 0.0176*** 0.0901*** 0.0174*** 0.0277*** 0.0850***
(0.0167) (0.00269) (0.0221) (0.00523) (0.00277) (0.00656) (0.00401) (0.00853) (0.00669) (0.00768) (0.00624)

Observations 4,400 40,505 2,896 33,043 47,170 18,859 11,240 9,698 11,563 14,683 17,622
R-squared 0.957 0.610 0.957 0.389 0.752 0.755 0.567 0.527 0.656 0.671 0.649

All independent variables are lagged one period. All models include a polynomial of order 2 in lagged productivity and survival probability, unreported. Standard errors obtained
from block bootstrap in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01



Table 4.B.3: Experience model of law of motion of productivity, by industry

Dependent (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
variable: Agriculture Manufacturing Utilities Construction Trade Logistics Hospitality IT & Telcos Admin. Non-Mkt Prof.
ω Activities Services Services

ω -1.908 1.035** 0.412 -0.0387 -0.833 -0.201 -0.209 2.226*** -0.701 1.689* 0.236
(1.225) (0.483) (0.787) (0.624) (0.532) (0.708) (0.333) (0.553) (0.492) (0.868) (0.533)

ω2 -0.155* 0.186*** -0.0134* 0.0410 0.0262 -0.122*** 0.112*** 0.158*** 0.159*** 0.114*** 0.0912**
(0.0871) (0.0251) (0.00760) (0.0598) (0.0398) (0.0369) (0.0307) (0.0230) (0.0364) (0.0248) (0.0415)

Prob.Surv -2.523*** 0.164*** 0.339 -0.220*** 0.0653* -0.111 -0.105*** 0.255** -0.264** 0.353*** 0.0286
(0.809) (0.0583) (0.231) (0.0663) (0.0352) (0.118) (0.0317) (0.130) (0.113) (0.103) (0.0915)

Prob.Surv 2 2.329*** -0.183*** -0.348 0.203*** -0.0812** 0.0996 0.0974*** -0.260* 0.227** -0.386*** -0.0334
(0.821) (0.0597) (0.235) (0.0674) (0.0363) (0.120) (0.0333) (0.134) (0.115) (0.105) (0.0939)

ω*Prob.Surv 2.490** -0.355 0.522 0.647 1.704*** 1.012 0.907*** -1.595*** 1.466*** -0.907 0.530
(1.215) (0.498) (0.793) (0.642) (0.550) (0.721) (0.345) (0.568) (0.500) (0.886) (0.547)

Int. Promotion -0.00478 0.0122*** 0.0294*** -0.00110 0.00918*** -0.0113** 0.00252 0.0148* 0.0217*** -0.00565 0.0213***
(0.0107) (0.00230) (0.0105) (0.00291) (0.00178) (0.00568) (0.00332) (0.00760) (0.00601) (0.00598) (0.00369)

Man. Departure -0.0662** -0.108*** -0.0434** -0.0502*** -0.0521*** -0.0333*** -0.0287*** -0.207*** -0.0453*** -0.0328*** -0.126***
(0.0259) (0.00331) (0.0187) (0.00614) (0.00351) (0.00604) (0.00409) (0.00879) (0.00852) (0.00709) (0.00600)

Non-Man. Hire 0.00149 0.0149*** -0.00894 0.00889** 0.00685* 0.0128** -0.00854 -0.0671*** -0.00938 -0.00249 -0.0237***
(0.0116) (0.00455) (0.0223) (0.00380) (0.00355) (0.00595) (0.00563) (0.0187) (0.00796) (0.00791) (0.00904)

Exp. Man. Hire 0.0432*** 0.0367* -0.0244** 0.0456*** 0.0173 0.0242*** 0.148*** 0.000115 0.0292* 0.143***
(0.00600) (0.0218) (0.0122) (0.00529) (0.0148) (0.00785) (0.0127) (0.0100) (0.0151) (0.00971)

Ext. Promoition 0.00360 0.0215*** 0.00624 -0.00531 0.0232*** -0.00667 0.0145*** 0.0540*** 0.00400 0.0175** 0.0588***
(0.0189) (0.00385) (0.0304) (0.00595) (0.00314) (0.00804) (0.00486) (0.0120) (0.00901) (0.00812) (0.00782)

Observations 4,355 40,505 2,896 33,043 47,170 18,859 11,240 9,698 11,563 14,683 17,622
R-squared 0.960 0.607 0.954 0.387 0.747 0.742 0.570 0.523 0.652 0.669 0.653

All independent variables are lagged one period. All models include a polynomial of order 2 in lagged productivity and survival probability, unreported. Standard errors obtained
from block bootstrap in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01



Table 4.B.4: Industry of origin model of law of motion of productivity, by industry

Dependent (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
variable: Agriculture Manufacturing Utilities Construction Trade Logistics Hospitality IT & Telcos Admin. Non-Mkt Prof.
ω Activities Services Services

ω -1.665 1.035** 0.0616 -0.0731 -0.858 0.908* -0.185 2.268*** -0.676 1.637* 0.298
(1.337) (0.433) (0.719) (0.673) (0.545) (0.551) (0.342) (0.617) (0.503) (0.870) (0.646)

ω2 -0.182** 0.188*** -0.0115 0.0382 0.0250 -0.0107*** 0.120*** 0.164*** 0.154*** 0.113*** 0.0852
(0.0895) (0.0260) (0.00749) (0.0627) (0.0406) (0.00210) (0.0327) (0.0351) (0.0333) (0.0254) (0.0585)

Prob.Surv -2.575*** 0.161*** 0.423* -0.224*** 0.0648* -0.0517 -0.0991*** 0.311** -0.255** 0.357*** 0.0313
(0.937) (0.0524) (0.227) (0.0638) (0.0342) (0.142) (0.0319) (0.128) (0.113) (0.111) (0.101)

Prob.Surv 2 2.333** -0.181*** -0.433* 0.207*** -0.0810** 0.0337 0.0912*** -0.318** 0.217* -0.390*** -0.0376
(0.943) (0.0535) (0.231) (0.0652) (0.0355) (0.144) (0.0332) (0.132) (0.116) (0.113) (0.103)

ω*Prob.Surv 2.152 -0.355 0.874 0.683 1.733*** -0.0398 0.875** -1.639** 1.438*** -0.853 0.471
(1.314) (0.449) (0.724) (0.694) (0.565) (0.557) (0.353) (0.638) (0.514) (0.888) (0.659)

Int. Promotion -0.00443 0.0123*** 0.0276** -0.000623 0.00913*** -0.0185*** 0.00307 0.0143* 0.0238*** -0.00546 0.0208***
(0.0111) (0.00234) (0.0109) (0.00304) (0.00192) (0.00485) (0.00320) (0.00760) (0.00573) (0.00634) (0.00413)

Man. Departure -0.0815*** -0.108*** -0.0452** -0.0507*** -0.0527*** -0.0571*** -0.0290*** -0.207*** -0.0503*** -0.0359*** -0.126***
(0.0266) (0.00356) (0.0178) (0.00543) (0.00343) (0.00819) (0.00403) (0.0102) (0.00766) (0.00658) (0.00598)

Non-Man. Hire -0.00668 0.0144*** -0.00477 0.00841** 0.00837** 0.0251*** -0.00909* -0.0750*** -0.0131* -0.00301 -0.0240***
(0.0129) (0.00442) (0.0201) (0.00392) (0.00329) (0.00629) (0.00495) (0.0192) (0.00771) (0.00748) (0.00911)

Same 2D industry 0.0406 0.0139** 0.0289 -0.00600 0.0245*** -0.00967 0.0219*** 0.108*** 0.00727 0.0331 0.0635***
(0.0343) (0.00609) (0.0345) (0.00975) (0.00342) (0.0101) (0.00529) (0.0137) (0.0138) (0.0204) (0.0108)

Same 1D industry 0.0437*** 0.0356*** 0.000307 0.0211** 0.0631*** 0.0216** -0.0818 0.0692***
(0.00661) (0.00667) (0.0117) (0.00930) (0.0144) (0.00905) (0.0706) (0.0115)

Outside 1D industry 0.0228 0.0365*** 0.00525 -0.00260 0.0328*** -0.00413 0.00597 0.106*** 0.0228** 0.0300*** 0.105***
(0.0211) (0.00398) (0.0210) (0.00589) (0.00382) (0.0166) (0.00727) (0.0153) (0.00963) (0.00731) (0.00814)

Observations 4,400 40,505 2,887 33,043 47,170 18,859 11,240 9,698 11,563 14,683 17,622
R-squared 0.956 0.605 0.957 0.389 0.753 0.938 0.566 0.526 0.652 0.669 0.640

All independent variables are lagged one period. All models include a polynomial of order 2 in lagged productivity and survival probability, unreported. Standard errors obtained
from block bootstrap in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01



Table 4.B.5: Qualification model of law of motion of productivity, by industry

Dependent (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)
variable: Agriculture Manufacturing Utilities Construction Trade Logistics Hospitality IT & Telcos Admin. Non-Mkt Prof.
ω Activities Services Services

ω -1.546 1.070** -1.282 -0.0501 -0.892* 0.0980 -0.0761 2.241*** -0.687 1.543* -0.0485
(1.404) (0.487) (0.911) (0.580) (0.511) (0.607) (0.329) (0.622) (0.489) (0.887) (0.603)

ω2 -0.181** 0.190*** -0.00736 0.0401 0.0261 -0.118*** 0.113*** 0.169*** 0.158*** 0.110*** 0.0827
(0.0908) (0.0288) (0.00524) (0.0539) (0.0457) (0.0329) (0.0350) (0.0349) (0.0335) (0.0228) (0.0556)

Prob.Surv -2.519** 0.152*** 0.0966 -0.225*** 0.0555 -0.0940 -0.0937*** 0.279** -0.278** 0.339*** 0.0536
(0.982) (0.0569) (0.323) (0.0618) (0.0363) (0.0970) (0.0343) (0.131) (0.115) (0.102) (0.0783)

Prob.Surv 2 2.276** -0.172*** -0.101 0.208*** -0.0717* 0.0819 0.0859** -0.284** 0.241** -0.371*** -0.0592
(0.995) (0.0581) (0.328) (0.0629) (0.0374) (0.0986) (0.0359) (0.135) (0.118) (0.104) (0.0803)

ω*Prob.Surv 2.031 -0.391 2.238** 0.658 1.764*** 0.697 0.769** -1.617** 1.449*** -0.759 0.825
(1.394) (0.503) (0.919) (0.598) (0.530) (0.620) (0.342) (0.642) (0.499) (0.907) (0.620)

Int. Promotion -0.0867*** -0.109*** -0.0454** -0.0506*** -0.0515*** -0.0349*** -0.0257*** -0.206*** -0.0435*** -0.0346*** -0.123***
(0.0253) (0.00354) (0.0187) (0.00512) (0.00359) (0.00615) (0.00362) (0.00982) (0.00771) (0.00706) (0.00588)

Man. Departure -0.00438 0.0120*** 0.0247** -0.000674 0.00927*** -0.0110** 0.00176 0.0127* 0.0234*** -0.00474 0.0207***
(0.0114) (0.00213) (0.0122) (0.00290) (0.00178) (0.00467) (0.00305) (0.00729) (0.00602) (0.00519) (0.00337)

Non-Man. Hire -0.00515 0.0150*** 0.00102 0.00822** 0.00899** 0.00925* -0.00717 -0.0720*** -0.0129* -0.00458 -0.0201**
(0.0139) (0.00399) (0.0197) (0.00405) (0.00368) (0.00548) (0.00584) (0.0201) (0.00765) (0.00738) (0.00998)

HE Man Hire 0.0239 0.0297*** -0.0187 -0.00522 0.0415*** 0.00532 0.0206*** 0.0723*** 0.0214** 0.0541*** 0.0498***
(0.0231) (0.00387) (0.0322) (0.00780) (0.00458) (0.00934) (0.00671) (0.0143) (0.00870) (0.0109) (0.00790)

Adv HE Man Hire 0.177 0.0442*** -0.00923 -0.0386 0.0748*** 0.118* 0.0293 0.127*** 0.0527*** 0.0669*** 0.141***
(0.124) (0.00837) (0.0529) (0.0317) (0.0107) (0.0625) (0.0340) (0.0189) (0.0190) (0.0210) (0.0110)

Observations 4,400 40,505 2,896 33,043 47,170 18,859 11,240 9,698 11,563 14,683 17,622
R-squared 0.957 0.601 0.960 0.388 0.749 0.731 0.569 0.523 0.653 0.669 0.644

All independent variables are lagged one period. All models include a polynomial of order 2 in lagged productivity and survival probability, unreported. Standard errors obtained
from block bootstrap in parentheses. * p < 0.1, ** p < 0.05, *** p < 0.01
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