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Abstract 

The use of digital communication media in both private and professional environments 

represents a major trend of the last decade. By using applications like email, Instant Messaging 

or Wikis, social network structures emerge, often unconsciously. This communication between 

individuals or colleagues leaves digital footprints, thereby generating enormous amounts of 

data. This data provides a solid foundation for the exploration of research questions within the 

behavioural domain of Information Systems Research (ISR) or Social Network Analysis (SNA). 

The widespread availability of computers and the increases in computational power both set 

the frame for this work. The goal of this research is the development of a suitable approach 

and a toolset that enable and facilitate the analysis of such social network structures, in 

particular regarding the influence and dissemination of parameters or facets of 

communication hereinafter referred to as general link attributes. These link attributes can 

represent anything from social aspects like trust or family affiliation to other issues like 

communication channel within the enterprise or keyword occurrence in electronic messages 

and can therefore, for example, result in insights on communication modes or information 

dissemination within enterprise communication structures. To ensure the flexibility of this 

approach, particular attention was devoted to realize as many degrees of freedom as possible 

both regarding the link attribute type definition as well as regarding the analysable network 

data. 

To provide the research results and position the work within the ISR body of knowledge, the 

Information System Research Framework as a robust research methodology by Hevner et al. 

was used. Motivated by business needs and informed by the existing knowledge base, central 

aspect of the work was the development of novel design science artefacts. 

As a result of this work, two artefacts, both focused on the Analysis of Link Attributes in 

Networks (ALADIN) have been developed. The first artefact is a theoretical analysis framework 

called ALADINF, consisting of nine individual analysis parts whose results can be evaluated 

together to derive meaningful insights regarding the presence, influence and dissemination of 

arbitrary link attributes in both enterprise context and other social network environments. The 

second artefact is a software instantiation of this analysis framework called ALADINSA to prove 

the general feasibility of the approach and to facilitate its application. 
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Both artefacts have been evaluated conducting two case studies analysing different types of 

link attributes. Also, following Hevner et al.’s research suggestion, a selection of corresponding 

publications in international and peer-reviewed outlets was added to the ISR knowledge base.  

The first large case study is focused on influence and dissemination of sentiments in different 

types of online social networks based on discussion forums, chat conversations or micro-

blogging messages. To prove the flexibility of the analysis approach with regard to the 

definition of various link attribute types, the role and propagation of agreement and 

disagreement in online discussion groups have been analysed in a second case study. 

Based on the analysis of social network structures derived from digital communication, this 

work can be located in the in the field of Knowledge Management and Enterprise 2.0 with a 

focus on Social Network Analysis. The developed artefacts, ALADINF and ALADINSA, can be used 

together to explore multiple facets of link attribute dissemination and represent a powerful 

combination for the analysis of communication structures and can be used to measure 

influence and dissemination effects in electronic social networks. This work can be located at 

the intersection between Design Science and Behavioural Science research paradigms from the 

ISR discipline, as the research activities in this study are rooted in design science resulting in a 

toolset for addressing behavioural science research questions in the context of link attribute 

analysis in electronic networks. 

  



 

 

Link Attribute Dissemination in Electronic Social Networks 

 

Robert Hillmann  iv 

 

Zusammenfassung 

Die Verwendung von digitalen Kommunikationsmedien im privaten und beruflichen Umfeld 

stellt einen wichtigen Trend des letzten Jahrzehnts dar. Durch die Verwendung von 

Anwendungen wie E-Mail, Instant Messaging oder Wikis entstehen, oft auch unbewusst, 

soziale Netzwerkstrukturen. Diese Kommunikation zwischen Privatpersonen oder unter 

Kollegen hinterlässt digitale Spuren, wodurch enorme Datenmengen entstehen. Diese Daten 

bilden eine solide Grundlage für die Beantwortung von Fragestellungen im Bereich der 

Verhaltensforschung in Information Systems Research oder der Sozialen Netzwerkanalyse. 

Die allgemeine Verfügbarkeit von Computern und deren gestiegene Rechenleistung setzen den 

allgemeinen Rahmen für diese Arbeit. Das Ziel dieser Forschung ist die Entwicklung eines 

geeigneten Analyseansatzes sowie die Implementierung eines dazugehörigen 

Softwarewerkzeuges zur Analyse solcher sozialen Netzwerkstrukturen, insbesondere in Bezug 

auf den Einfluss und die Verbreitung von Parametern oder Facetten von Kommunikation, im 

Folgenden allgemein als Link-Attribute bezeichnet. Diese Link-Attribute können beliebige 

Dinge repräsentieren, wie z.B. soziale Aspekte wie Vertrauen oder Familienzugehörigkeit hin 

zu anderen Themen wie Kommunikationsmedien innerhalb eines Unternehmens oder dem 

Auftreten von Stichwörtern in elektronischen Nachrichten. Sie können daher zum Beispiel 

Einblicke in verschiedene Kommunikationsformen oder die Ausbreitung von Informationen 

innerhalb der Kommunikationsstrukturen eines Unternehmens liefern. Um die Flexibilität des 

Ansatzes zu gewährleisten, wurde besondere Aufmerksamkeit darauf verwendet, so viele 

Freiheitsgrade wie möglich, in Bezug auf die Definition der Link-Attribute sowie hinsichtlich der 

analysierbaren Netzwerkdaten, zu realisieren. 

Um die Forschungsergebnisse entsprechend bereitzustellen und um die Arbeit in die 

bestehende Wissensbasis zu integrieren, wurde das Information Systems Research Framework 

von Hevner et al. als robuste Forschungsmethodik eingesetzt. Motiviert durch Anforderungen 

aus dem geschäftlichen Umfeld und fundiert durch die vorhandene Wissensbasis, war der 

zentrale Aspekt der Arbeit die Entwicklung von neuartigen Artefakten der 

Konstruktionsforschung. 

Als Ergebnis dieser Arbeit wurden zwei Artefakte entwickelt, die beide auf die Analyse von 

Link-Attribut Ausbreitung in Netzwerken fokussiert sind. Das erste Artefakt ist ein 

theoretisches Analyseframework namens ALADINF bestehend aus neun individuellen 

Analyseteilen, deren Ergebnisse gemeinsam ausgewertet werden können, um aussagekräftige 
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Erkenntnisse über das Vorhandensein, den Einfluss und die Ausbreitung von beliebigen Link-

Attributen im beruflichen Umfeld sowie in anderen sozialen Netzwerkumgebungen abzuleiten.  

Das zweite Artefakt ist eine Softwareimplementierung dieses Analyseframeworks namens 

ALADINSA mit dem Ziel, die generelle Machbarkeit des Ansatzes zu belegen und dessen 

Anwendung zu erleichtern. 

Beide Artefakte wurden mit Hilfe zweier Fallstudien evaluiert, welche jeweils verschiedene 

Arten von Link-Attributen analysieren. Dem Vorschlag Hevner’s ebenfalls folgend, wurde eine 

Auswahl an entsprechenden Publikationen auf internationalen, peer-reviewed Konferenzen 

veröffentlicht und so der ISR Wissensbasis hinzugefügt.  

Die erste, umfangreiche Fallstudie ist fokussiert auf Einfluss und Ausbreitung von Meinungen 

und Stimmungen in verschiedenen Arten von sozialen Online-Netzwerken basierend auf 

Diskussionsforen, Chat-Konversationen oder Mikro-Blogging Nachrichten. Um die Flexibilität 

des Analyseansatzes in Bezug auf die Definition unterschiedlicher Link-Attribut Typen zu 

verdeutlichen, wurden die Rolle und Ausbreitung von Zustimmung und Ablehnung in Online-

Diskussionsgruppen in einer zweiten Fallstudie analysiert. 

Ausgehend von der Analyse sozialer Netzwerkstrukturen auf Basis digitaler Kommunikation 

kann diese Arbeit dem Bereich Wissensmanagement und Enterprise 2.0 mit dem Schwerpunkt 

auf sozialer Netzwerkanalyse zugeordnet werden. Die entwickelten Artefakte, ALADINF und 

ALADINSA, können zusammen verwendet werden, um verschiedene Aspekte von Link-Attribut 

Ausbreitung zu erforschen und repräsentieren eine leistungsfähige Kombination für die 

Analyse von Kommunikationsstrukturen und für die Messung von Einfluss- und 

Ausbreitungseffekten in elektronischen sozialen Netzwerken. Diese Arbeit ist an der 

Schnittstelle zwischen verhaltensbasierter Forschung und Konstruktionsforschung der ISR 

Disziplin angesiedelt. Die Forschungsaktivitäten dieser Studie sind in der 

Konstruktionsforschung verwurzelt, liefern jedoch einen Ansatz zur Adressierung von 

verhaltensbasierten Forschungsfragen im Kontext der Link-Attribut Analyse in elektronischen 

Netzwerken. 
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Style Guide  

To facilitate the readability and comprehensibility of the text, certain terms are only used in 

the masculine form, but refer gender neutral to the female form as well.   
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1                                                                                             
Introduction 
The use of communication tools based on 

Internet technology has experienced an 

enormous increase in recent years. This 

modern way of communication is 

complementing the traditional offline media 

like telephone, letters or fax. This trend is 

not only observable in the private use of the 

Internet. Even at work, online 

communication media are becoming 

increasingly important and represent an 

essential part of modern working 

environments and Knowledge Management 

(KM). This electronic communication 

creates digital traces, left when co-workers 

communicate via these online media types, 

and social network structures are emerging 

over time. 

This chapter describes the motivation for 

the conducted research and introduces the 

corresponding research questions. The 

Information Systems Research Framework 

by Hevner et al. (2004) serves as the 

methodical course of action. Motivated by 

business needs and informed by the existing 

knowledge base, central aspect of this work 

is the development of novel design science 

artefacts. 

Two of these artefacts have been developed 

in the frame of this work both dealing with 

the  

Analysis of Link Attribute 

Dissemination In Networks (ALADIN) 

including a theoretical framework (ALADINF) 

as well as a software application (ALADINSA) 

as its corresponding implementation. 

To evaluate and demonstrate the universal 

applicability of both artefacts, two case 

studies have been conducted analysing 

different kinds of link attributes from 

varying social network discourses, whose 

results have been disseminated in the ISR 

community with publications on several 

scientific conferences as additions to the 

existing knowledge base. 

To provide an overview on the diversity of 

possible application scenarios of ALADIN, 

several corresponding examples are given. 

Furthermore, the approach is demarcated 

and put into context of existing related 

work in the field of dissemination processes 

in networks. The chapter closes with a guide 

to content covering all chapters. 
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1.1 Motivation and Context 

The study Link Attribute Dissemination in Electronic Social Networks – An Approach for 

Measurement of Influence and Dissemination Effects in Social Networks is intended to enhance 

the understanding of online communication as part of Social Software and Enterprise 2.0 

applications. Such communication tools like email, discussion forums, chats, wikis or micro-

blogging services are growing in importance and becoming an important communication tool 

in private as well as business environments (Koch and Richter 2009:1-22; Neuberger 2011:33-

56). Electronic communication, especially email, has become the most widespread 

communication mean in companies (Fallows 2002; McAfee 2006). 

The electronic communication among people leaves digital footprints. The widespread 

adoption of such communication tools generates enormous amounts of data (Juergens 2012). 

Through the analysis of such data, insights such as individual social behaviour, relationship 

formation or community efficacy of Computer-mediated Communication (CMC) could be 

derived (Hansen, Rotman et al. 2009; Wilson, Gosling et al. 2012). However, the data is often 

very large, noisy and dynamic (Barbier and Liu 2011). Hence, there is an urgent need for 

corresponding approaches and tools to assist researchers in extracting useful information from 

the rapidly growing volumes of digital data (Fayyad, Piatetsky-Shapiro et al. 1996). Such tools 

are essential for enabling researchers to study and nurture meaningful and sustainable social 

interaction (Hansen, Rotman et al. 2009). 

The usage of electronic tools for communicating and collaborating in the context of Social 

Software and Enterprise 2.0 applications inevitably leads to increased networking and the 

emergence of underlying social networks (Cross and Parker 2004; Krackhardt 1994). Such 

networks can be obtained from the data by extracting them from event logs (Slaninova, 

Martinovic et al. 2010; van der Aalst, Reijers et al. 2005). The application of network theory 

and network analysis in social science has been proven to be a suitable combination (Borgatti, 

Mehre et al. 2009; Otte and Rousseau 2002) that has been applied in many studies over the 

past decade (Bliss, Kloumann et al. 2012; De Choudhury, Sundaram et al. 2009; Garton 1997; 

Watts and Strogatz 1998) and is known under the name Social Network Analysis (SNA). 

Within the past decade, two significant trends have emerged within the context of Social 

Network Analysis. The first trend is the extension towards dynamic network analysis. Focus is 

not only on the static network topology, but also on the dynamic process of network 

emergence and topology changes over time. With the analysis of longitudinal network data, 
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Kosinetts and Watts (2006) have shown, that network evolution is dominated by a 

combination of effects arising from network topology itself and the organizational structure in 

which the network is embedded. Appropriately, Trier and Bobrik (2008) have shown that the 

measurement of network metrics based on cumulated network data, which hide the temporal 

development, can lead to incorrect assumptions.  

In 2008, Trier suggested a new approach to enable the dynamic analysis of online social 

networks. His approach is based on an event-based data model capturing the network 

communication as separate interaction events with a sender-recipient relationship and a 

specific timestamp. The decomposition of network links to single communication events allow 

for a fine grained analysis of networks with respect to community formation processes, 

network lifecycles or network reactions to external events (Trier 2008). The dynamic analysis 

of social networks helps to unveil properties and characteristics of these networks that cannot 

be discovered by focusing on cumulated static network structures and helps to improve the 

understanding of dynamic phenomena in online communication. 

The second major trend in Social Network Analysis is the combination of network and content 

analysis. Especially in the context of Enterprise 2.0, emerging social networks can be 

interpreted as knowledge networks (Hrastinski 2009). Software tools and Information and 

Communication Technology (ICT) enabled services facilitate both communication and 

collaboration in business environments and the usage of appropriate tools can support the 

formation of Communities of Practise (COP) (Corso, Martini et al. 2009). Several research 

studies deal with such combined analysis of network structure and the content of the 

communication. For example, Bobrik has developed a content-based clustering approach for 

social corpora to identify expertise and knowledge in social networks. The content of 

exchanged email messages have been analyzed with text mining techniques to cluster 

knowledge workers represented by network nodes according to their knowledge profile 

(Bobrik 2012). 

In the context of SNA, both trends set the frame for this work. To provide an addition to the 

ISR body of knowledge and to useful complement and extend previous work focused on SNA 

and KM at the Chair of Systems Analysis and IT at the TU Berlin, this work is a combination of 

both dynamic social network analysis and content analysis of network communication. This 

work is focused on analysis regarding presence, influence and dissemination of arbitrarily link 

attributes in electronic social networks. 
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These link attributes can be of various types such as keyword occurrence, sentiment 

expression, trust, type of communication channel or media and so forth. They can be 

expressed through or associated with exchanged messages in digital social networks and are 

derived from the communication content or context. A modified version of the event-based 

data model developed by Trier (2008) enables the dynamic analysis of influence and 

dissemination patterns in the process. 

The aim of this thesis is to provide two artefacts: an analysis framework (ALADINF) and a 

corresponding software application (ALADINSA) for researchers to analyse and study link 

attribute dissemination in online social networks yielding to a more comprehensive and 

holistic understanding of processes that drive online interaction with a focus on human 

behaviour in CMC environments. 

Results of such studies can be used to enhance the knowledge about processes and 

mechanisms of human communication in general. More specific, possible areas of application 

include, but are not limited to the motivation of users to participate in knowledge networks 

(Ridings and Gefen 2006), the usage of different communication channels and tools, the role of 

opinions and sentiments in online communication or the distribution of certain topics or trust 

in digital social networks. Especially trust and reputation represent a necessary requirement 

for successful CMC supported co-working (Bhuiyan, Josang et al. 2010). 

In summary, the analysis and understanding of presence, influence and dissemination of link 

attributes in online communication can be used to understand Social Software and Enterprise 

2.0 applications and to revise or develop innovative communication and collaboration tools in 

the future which can improve productiveness and efficiency of these applications. 

1.2 Research Questions  

The basic goal of this thesis is the conceptualization and development of tools to enable and 

facilitate the analysis of data derived from emerging online social networks. The work 

combines the dynamic analysis of network topology with content analysis to provide tools with 

a focus on link attribute influence and dissemination. The research activities in this thesis are 

motivated by three research questions. The first two are focused on the analysis framework 

ALADINF and the software application ALADINSA, whereas the third research question is 

pointed towards the first case study. 

The study of dynamic aspects of social networks entails an enormous challenge. Katarzyna et 

al. (2013) have investigated the emergence and growth of digital social networks. Among other 



 

 

Chapter 1: Introduction 

Robert Hillmann  5 

 

findings, the knowledge gained was that only the combination of different measures and 

metrics are suitable to describe the dynamic behaviour of networks and are sufficient to gain 

detailed knowledge about their particular characteristics. (Katarzyna, Budka et al. 2013) 

This naturally also applies in particular to the analysis of link attribute propagation in online 

social networks. This first research question motivates the central part of this thesis. It is the 

task to combine the approach of SNA including traditional metrics and tools from this research 

discipline to create a flexible framework to analyse link attributes in electronic social networks: 

1) How can well-proven metrics of Social Network Analysis be applied or extended to 

compose a methodical framework to facilitate the analysis of link attribute presence, 

influence and dissemination in digital social networks? 
 

As already indicated above, such a framework has to integrate a broad variety of different 

analytical perspectives including diverse network metrics which leads to the second research 

question: 

2) How can different network metrics with varying perspectives be combined and 

evaluated together to derive complex and meaningful insights about link attributes 

and their dissemination? 
 

This second research question addresses the challenge to combine the results from different 

parts within such an analysis framework. The main goal is to develop a guideline to evaluate 

and interpret different analysis metrics, with varying perspectives, to derive meaningful 

insights and general valid statements regarding link attribute influence and dissemination.  

The third research question is aimed at the first case study, evaluating the two artefacts of this 

work with a focus on sentiment dissemination in online social networks: 

3) To what extend do sentiments embedded in exchanged messages among users of 

online social networks influence node communication behaviour or propagate within 

digital networks? 
 

This third research question aims at the comprehensive case study interpreting sentiments as 

possible link attributes. It is still little known about the effects of sentiment loaded messages 

on the reaction of other users and their communication characteristics as well as the influence 

on the underlying network structure. Most of the available studies in this regard are focused 

on human communication in small groups in a work setting (Huang 2009). In large online social 
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networks, users normally do not know each other. Despite this anonymity, it is proven that 

such social networks can transport non-verbal parts of communication like emotions even 

when users who do not know each other personally (Rice and Love 1987). To evaluate the 

design artefacts of this work and to extend the body of knowledge, the influence and 

dissemination of sentiments in online networks is analysed within the first case study. 

1.3 Methodology 

According to Hevner et al. (2004), research within the Information Systems Research discipline 

is characterized by two paradigms: Behavioural Science and Design Science. Within the 

Behavioural Science, the main goal is the development and verification of theories that explain 

or predict organizational and human phenomena. Such theories and insights inform 

researchers and practitioners about the interplay among people, organizations and 

information systems (Hevner, March et al. 2004:76). 

In comparison, Design Science follows a fundamentally problem solving paradigm and has its 

roots in engineering science (Vaishnavi and Kuechler 2004). The main goal is to create ideas, 

innovations or products by which the analysis, design, implementation and usage of 

information systems can be effectively and efficiently accomplished. (Denning 1997; Hevner, 

March et al. 2004) 

This is done by implementing Information Technology (IT) -artefacts. These IT artefacts can be 

of various types such as constructs (vocabulary and symbols), models (abstractions and 

representations), methods (algorithms and practices) or instantiations (implementations and 

prototype systems). (Hevner, March et al. 2004; March and Smith 1995:255) 

Wilde and Hess (2006) also describe two different facets as foundations of the German 

research discipline Wirtschaftsinformatik. The Design Science paradigm seeks to gain 

knowledge by creating and evaluating IT solutions in the form of models, methods or systems. 

In contrast, the behavioural paradigm (Behavioural Science) is focused on the analysis of 

behaviour and impact of existing information systems in organizations. (Wilde and Hess 2006) 

According to Vaishnavi et al. (2004), Design Science can be seen as a set of analytical 

techniques and perspectives for performing research in Information Systems (IS). It involves 

the design of novel or innovative artefacts and the analysis or usage of such artefacts to 

improve and understand the behavioural aspects of IS. Such artefacts include algorithms, 

computer interfaces or system design methodologies. (Vaishnavi and Kuechler 2004) 

In summary, Hevner et al. (2004:80) describe the two different approaches as follows:  
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“The goal of behavioural science research is truth. The goal of design science research is 

utility.” 

However, according to the same source, truth and utility cannot be separated: 

“Truth informs design and utility informs theory.” 

The main goal of this work is the development of two innovative technology-based Design 

Science artefacts to analyse influence and dissemination of arbitrary link attributes in social 

networks to provide a suitable tool for the analysis of human communication behaviour in 

digital networks. It can be seen as a combination both paradigms introduced above. The 

research activities in this study include the development of artefacts according to a Design 

Science research approach to provide tools to enable or facilitate the realization of research 

activities with a Behavioural Science focus. 

Hevner et al. (2004) introduced the Information Systems Research Framework to combine the 

two complementary paradigms of Behavioural Science and Design Science within the ISR 

discipline as a guideline to successfully do technology-based ISR. This conceptual framework is 

used as the methodical course of action in this work and is illustrated in Figure 1. 

 

Figure 1: Information Systems Research Framework (Hevner, March et al. 2004) 
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The Environment of ISR research consist of three main elements: people, organizations and 

technology (Silver, Markus et al. 1995). The Relevance of any research work is ensured by 

addressing Business Needs identified within the Environment. The research is conducted in two 

phases which include the development of theories (Behavioural Science) or the building of 

artefacts (Design Science) on one hand and the justification and evaluation of these theories 

and artefacts on the other hand. 

The existing Knowledge Base provides the available means to conduct ISR research including 

prior research as foundation for the Development/Build phase and methodologies as 

guidelines for the Justify/Evaluate phase. Considering and applying foundations and 

methodologies from the available knowledge bases ensure Rigor. Within the frame of ISR, the 

developed/built theories and artefacts should be evaluated und refined iteratively with various 

means such as case studies, experiments or simulations. 

The contributions of Design Science are assessed with their application to business needs 

within the appropriate environment. The successful application then adds additional content 

to the Knowledge Base for future research.  

Table 1: Design Science research guidelines (Hevner, March et al. 2004:83) 

Guideline Description 
1. Design as an 

Artefact 
Design Science research must produce a viable artefact in the form 
of a construct, a model, a method, or an instantiation. 

2. Problem 
Relevance 

The objective of Design Science research is to develop technology-
based solutions to important and relevant business problems. 

3. Design 
Evaluation 

The utility, quality, and efficacy of a design artefact must be 
rigorously demonstrated via well-executed evaluation methods. 

4. Research 
Contributions 

Effective Design Science research must provide clear and verifiable 
contributions in the areas of the design artefact, design foundations, 
and/or design methodologies. 

5. Research  
Rigor 

Design Science research relies upon the application of rigorous 
methods in both the construction and evaluation of the design 
artefact. 

6. Design as a 
Search Process 

The search for an effective artefact requires utilizing available means 
to reach desired ends while satisfying laws in the problem 
environment. 

7. Communication 
of Research 

Design Science research must be presented effectively both to 
technology-oriented as well as management-oriented audiences. 

 

Hevner et al. provide seven Design Science research guidelines which can be found in Table 1 

and have been addressed in this work as follows: 
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1. Central to this work is the development of two artefacts: An analytical framework 

for analysing the impact and propagation of link attributes (ALADINF) as well as the 

implementation of this approach in a corresponding software application 

(ALADINSA). 

2. The relevance of the research problem is given by the fact that the issues and 

requirements have been identified and addressed within the EU-funded research 

project Collective Emotions in Cyberspace (CyberEmotions) with both industry and 

university partners. 

3. Both design artefacts, the analysis framework (ALADINF) and the software 

application (ALADINSA), have been evaluated with two case studies focused on the 

influence and dissemination of different link attribute types in online social 

networks. 

4. The analysis framework (ALADINF) has been implemented in a software application 

(ALADINSA) to prove its practicability. Furthermore, the results of the first case 

study, which have been obtained through ALADINSA and its underlying 

methodology, have been published in several scientific publications (see chapter 

5.1.6 for more information). 

5. The design of the analysis framework is based on existing methods, metrics and 

tools from both the SNA research discipline and the IKM research group at the TU 

Berlin. 

6. The development of ALADINF and ALADINSA has been realized in multiple iterations 

and feedback loops within a time frame of four years. 

7. The results of this work have been presented to audiences with different 

backgrounds within the CyberEmotions research project and both on several 

scientific conferences and public science exhibitions. 

1.4 Boundaries and Limitations 

The available literature includes various studies dealing with dissemination processes in 

networks. Each of these studies features different approaches, starting points and key aspects. 

To illustrate the present approach, to clarify the boundaries to other research studies dealing 

with attribute propagation and to emphasize the requirements and limitations of this work, 

three different aspects are used: the Analysis Resolution, the Actor-Awareness and the 

Attribute Position. 
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The Analysis Resolution differs between research approaches that are interpreting the network 

as an aggregated population, deriving statements about collective states and temporal 

distributions within the whole network compared to other approaches that consider the 

specific local and/or global network topology within the analysis. 

The Actor Awareness distinguishes between analysis approaches that consider self-conscious 

actors and other approaches that assume unconscious actor behaviour. Such actor awareness 

can be found in social networks with humans, interpreted as network nodes, showing social 

behaviour, as differentiation factor from other types of networks such as power grids. 

The Attribute Position aspect differentiates between the analysis of actor properties 

(attributes that are associated to network nodes) or link attributes (attributes that can only be 

associated to network edges). Figure 2 below illustrates these three aspects and highlights the 

location of the novel approach ALADINF. 

 
Figure 2: Categorization and boundaries of ALADINF 

The artefact ALADINF has a special focus on the underlying network topology. The analysis 

framework considers self-conscious actors and uses link attributes as focal points of the 

analysis. ALADINF can be therefore located on the top-right corner of the cube presented in 

Figure 2. Further information regarding related research covering various dissemination 
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processes in networks can be found in chapter 2.7 whereas the structure and methodology of 

the analysis framework itself is described in chapter 3. 

The analysis approach developed in this work can be applied to a broad variety of network 

types and used to study the influence and dissemination of arbitrarily link attributes. However, 

as a consequence of the design choices made above, certain limitations regarding the usage of 

the framework apply. The approach is not intended to classify or identify link attributes itself 

but instead traces their occurrence and propagation in pre-tagged digital networks. Therefore, 

the network data must be annotated appropriately. The second limitation is the focus on social 

networks with humans being interpreted as network nodes. Within the conception and 

development of the analysis framework, certain social behaviour is taken into account limiting 

the application to social networks.  

1.5 Application Scenarios 

The main advantage of the two artefacts, the analysis approach and the corresponding 

software application, is the flexibility regarding the type of link attributes and the source of the 

network data. 

ALADINF is based on a specific network data model capturing the communication within social 

networks as fine-grained network events. These network events do include information 

regarding senders and recipients, the content of the communication as well as a message 

timestamp allowing for both a static and dynamic analysis of networks. The data model is a 

flexible foundation enabling the storage and analysis of any network related data and allows 

for a combined analysis of network emergence and network content. 

The combination of dynamic network analysis and link attribute dissemination is so far novel 

and will enable researchers to address various research questions analysing a broad selection 

of different link attribute types. To illustrate this flexibility, examples of possible research 

scenarios and related link attribute types are presented in Table 2. To emphasize the relevance 

of these scenarios, some previous, and in parts dated, research studies are referenced. 

Possible application scenarios include but are not limited to the items mentioned in Table 2. In 

addition, combinations of different link attribute types also represent interesting analysis 

points, e.g. the presence of certain product related keywords could be combined with 

sentiment analysis, commonly known as opinion mining (Feldman, Fresko et al. 2008; Mei, Ling 

et al. 2007; Pang and Lee 2008; Wartala 2013) and their presence, influence and propagation 

within social networks could be analysed together. In such a case, the temporal alignment with 
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marketing efforts could answer questions whether advertising for certain products has a 

measureable influence on brand perception.  

Table 2: Possible application scenarios for ALADINF and ALADINSA 

Type of Link Attribute Possible Applications Scenarios 
Sentiments 
(e.g. positive, negative or neutral 
message exchange among users) 

• General measurement of influence and 
dissemination of sentiments in digital social 
networks 

• Monitoring health status of social networks (e.g. 
open source software development communities) 

• Analysis of friendship networks regarding balance 
in reciprocated couples and transitive triples  
(Krackhardt and Kilduff 1999) 

• Identification and analysis of business 
communication regarding the presence of positive 
or negative relationships among employees and/or 
managers 

Communication Tool / Media 
(e.g. usage of telephone, email, 
chat, micro-blogging service,…) 

• Analysis of usage patterns of different 
communication tools or media types  
(Fulk, Steinfield et al. 1987) 

Communication Path 
(e.g. official vs. unofficial 
communication; public vs. private 
message exchange) 

• Comparison of official and unofficial 
communication paths and the emergence and 
structure of network topologies (Krackhardt and 
Hanson 1993) 

• Analysis of network communication data regarding 
organizational structures (Palus, Brodka et al. 
2011) 

• Comparison of different unofficial or private 
communication paths in organizational structures 

Information Components 
(e.g. keywords occurrence in 
messages) 

• Measuring information or innovation 
dissemination in social networks 

• Analysis of rumor spreading in social networks  
(Kostka, Oswald et al. 2008) 

• Measurement of knowledge transfer in 
organizational groups (Tsai 2001) 

Social Components 
(e.g. agreement or disagreement, 
trust or distrust expressed in 
exchanged messages) 

• Propagation and distribution of trust and distrust 
in e-commerce and recommendation systems  
(Bhuiyan, Josang et al. 2010; Guha, Kumar et al. 
2004) 

 

The examples presented in this chapter emphasize both the flexibility as well as the relevance 

of this work and serve as a good indicator for the application of the analysis framework 

ALADINF and the software application ALADINSA in various scenarios in which the results may 

be useful. 
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1.6 Positioning into Information Systems Research Discipline 

Based on the analysis of social network structures derived from digital communication in 

business environments, this work can be located in the in the field of Knowledge Management 

(KM) and Enterprise 2.0 with a focus on Social Network Analysis. Both artefacts, ALADINF and 

ALADINSA, can be used together to explore multiple facets of link attributes, represent a 

powerful combination for the analysis of communication structures and provide an approach 

to measure influence and dissemination effects in electronic social networks. The wide range 

of possible application scenarios introduced in the previous chapter emphasizes the flexible 

usage of the developed artefacts. 

This work can be located at the intersection between Design Science and Behavioural Science 

research paradigms from the ISR discipline as the research activities in this study are rooted in 

Design Science resulting in artefacts for addressing Behavioural Science research questions in 

the context of link attribute analysis in digital networks. 

1.7 Guide to Content 

This thesis aims at enhancing the understanding of online communication as part of Enterprise 

2.0 or other social networking applications. General context is the influence and dissemination 

of arbitrary link attributes in social networks like keywords, terms, sentiments or other 

attributes and facets of human communication. The work is divided into six main chapters 

which are illustrated in Figure 3. 

Chapter 1 introduces the general research framework of this work including the motivation 

and the three research questions that are addressed in this work together with boundaries and 

limitations as well as a variety of possible application scenarios. The Information Systems 

Research Framework introduced by Hevner (2004) is used as the grounding research 

methodology and their essential elements can be easily found within the further structure of 

this work. 

The second chapter contains descriptions of the basic underlying concepts, theoretical 

foundations and the applicable knowledge base of this work. In particular, Complex Networks, 

SNA and the emergence of digital social networks are covered. Further topics include different 

network representations and common network metrics, models of complex networks, 

dissemination processes in networks and other related research concepts which are utilized 

within the analysis framework. 
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Figure 3: Dissertation structure and chapter overview 

The third chapter includes a description of the first artefact ALADINF, a theoretical framework 

to analyse influence and dissemination effects of arbitrary link attributes in online social 

networks. This research artefact is based on a specific event-based data model and consists of 
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nine individual analysis parts. Particular attention is laid on the description of the general 

methodology and on the structure of the separate analysis parts. Thereafter, the chapter 

contains a research guideline that describes the entire process to apply ALADINF including the 

preparation of the analysis data, the configuration of analysis filters and the evaluation of the 

results. With regard to this evaluation, the chapter contains instructions how the individual 

results of the analysis parts can be combined and evaluated together in order to derive general 

insights about the influence and dissemination of link attributes. 

The second artefact of this work is a software application called ALADINSA that was developed 

as a technical implementation of ALADINF. Chapter 4 contains a description of its technical 

design and the workflow of the application. Of utmost importance is the modular structure 

that simplifies possible subsequent extensions of the application. 

To evaluate both artefacts, two case studies have been conducted which are presented in 

chapter 5. Both case studies were carried out according to the ALADINF research approach 

from chapter 3 and realized using ALADINSA, described in chapter 4. The first case study 

examines influence and propagation of sentiments in online social networks whereas the 

second case study has a focus on agreement and disagreement in digital discussion groups. 

Chapter 6 contains the conclusions of this work, including a summary of the entire work and 

puts an emphasis on the three main contributions. The work closes with an outlook on 

possible extensions of the framework and the software application and pointers to future 

research aspects. 

 

 

 



 

 

2                    
Basic Concepts 
This chapter covers the relevant 

research areas, theoretical foundations 

and basic concepts utilized in this thesis. 

Main emphasis is on the emergence of 

digital social networks and their analysis 

in context of Social Network Analysis.  

The chapter includes an introduction to 

network graphs, different types of 

complex networks and contains an 

overview about network motif analysis 

and models of complex networks. 

Outstanding research results and 

important findings of SNA, such as the 

Small World Phenomenon and Scale-

free Networks are discussed in chapter 

2.6. 

Other topics include Social Network 

Effects, such as reciprocity and 

hierarchy and their importance in SNA 

as well as a literature review of related 

research regarding dissemination 

processes in networks. 

With regard to the first case study in 

chapter 5.1 including an analysis of 

influence and dissemination of sentiments 

in online social networks, a general 

introduction to the topics sentiment, 

emotions and affective expressions in 

Computer-mediated Communication (CMC) 

can be found in chapter 2.12. 

All basic concepts that are discussed in this 

chapter are used and referenced within the 

development of the analysis framework 

ALADINF in chapter 3. 
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2.1 Complex Networks 

Networks in general can be defined as a set of items, called vertices or nodes, and connections 

among these items called edges or links (Newman 2003:3). This chapter includes a brief 

overview of various networks in the real world and their main properties. 

Most of the common network types have, in addition to the composition of nodes and edges, 

another shared key feature: Their topology includes a number of non-trivial patterns and 

design principles which cannot be found in simple random networks (see chapter 2.11 about 

models of complex networks) and are therefore referred to as Complex Networks. (Albert and 

Barabasi 2002:48; Newman 2003:2) 

Complex Networks can be categorized according to several aspects. The most important 

categorization aspect of networks is the semantic representation of nodes and the meaning of 

the relationships among them. Nodes can represent fundamental different aspects from 

people or organizations to applications or body cells. Depending on the network node types, 

the links can represent a variety of different relationships such as acquaintance, geographical 

proximity or other meaningful aspects. Furthermore, networks can include more than one type 

of node and more than one type of edge at the same time.  

Depending on the type of relationship that is represented by the edge, networks can have 

directed or undirected edges, e.g. social relationships tend to be undirected whereas email 

communication is directed expressing a sender-recipient relationship. (Newman 2003:3) 

Table 3: Examples of complex network types based on (Caldarelli 2007; Newman 2003:10) 

Category Possible Type of 
Network 

Category Possible Type of 
Network 

Social 
Networks 

Film actors Biological & Ecological 
Networks 

Protein interactions 
Company directors Food web networks 
Co-authorship Neural networks 
Telephone call graph Species and evolution 
Email messages Gene regulation 

networks 
Social relationships Geophysical Networks River networks 
Sexual contacts Financial Networks Stock networks 

Technological 
Networks 

Power-grids Bank networks 
Train-routes World trade webs 
Software classes Information Networks Citation networks 
Electronic circuits Thesaurus 
Peer-to-peer networks World Wide Web 
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Caldarelli (2007) distinguishes between biological cell networks, geophysical networks, 

ecological networks, technological networks, social networks and financial networks. Newman 

(2003:3) divides networks into very similar categories and differs between social networks, 

information networks as well as technological and biological networks. An overview of these 

network categories and corresponding possible network types is given in Table 3. 

As described above, Complex Networks can be classified according to various categories. Social 

networks comprise networks expressing relations between humans like acquaintanceship, 

friendship or familial bonds. Technological networks typically describe man made networks for 

distribution of some commodity and/or certain resources or refer to networks in software 

application environments. Biological or ecological networks subsume network structures in 

nature environment. The most common examples are food web networks and microscopic cell 

interactions. Geophysical networks can typically be found with a geographical analysis of the 

Earth's surface, e.g. a network of rivers. Financial transactions within world trade webs or the 

stock market can also be expressed as networks. Information networks cover structures with 

information or knowledge flow between nodes such as the World Wide Web. 

2.2 Social Network Analysis 

Despite other research areas, networks are studied extensively in the social science research 

discipline. Typical studies involve human beings and the relations among them like 

acquaintanceship, family relation, friendship or work relations with a network context. The 

origin of the terms Social Network and the associated Social Network Analysis cannot be 

defined clear-cut and goes back to the 1930s of the last century. An often cited study by 

Moreno (1934) focused on the social behaviour of children in kindergarten and elementary 

school age can be seen as an ancestor to modern SNA. In this study, group membership and 

different types of social relationships, such as attraction and repulsion among children have 

been identified and links among them have been represented in a so-called sociogram (see 

Figure 4). 

Another popular early example of Social Network Analysis can be found in a publication from 

Davis et al. (1941). In this study of the Southern Woman Dataset, the social relations among 

women and their participation in social events have been analysed (see chapter 2.4.3 for more 

information). 

Wasserman and Faust describe the term Social Network as a set of social entities and the 

structured relationships or interdependencies among them. These social entities can be single 
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persons, groups or organizations. Ties between these actors represent their social activity, 

behaviour or opinions. Such Social Relationships are a critical and defining feature of social 

networks. (de Nooy 2009:2; Wasserman and Faust 1994:20) 

 

Figure 4: Sociogram structure of a kindergarten (Moreno 1934:34) 

The mathematical foundations for modern SNA were placed in the 1960s by White. In his 

book, An Anatomy of Kinship - Mathematical Models for Structures of Cumulated Roles the 

hitherto existing different approaches were combined and, for the first time, the term Social 

Network Analysis was established as a methodological approach for the analysis of social 

structures. (Scott 2000:7-37; White 1963) 

In contrast to previous social science research, Social Network Analysis is not focused on single 

actors and their individual properties. Instead, the focus is shifted towards the analysis of 

relationships in network-like structures among these actors (Garton, Haythornthwaite et al. 

1997) According to Freeman, SNA is motivated by a structural intuition based on ties linking 

social actors, it is grounded in systematic empirical data, draws heavily on graphic imagery and 

relies on the use of mathematical and/or computational models (Freeman 2004:3). 

Of particular importance are the different analytical perspectives of SNA. In addition to the 

analysis of the entire network topology, it is also common to limit the analysis to subareas of 

the network. Following from this, there are two main streams in SNA: the socio-centred and 

the ego-centred perspective. The socio-centred perspective considers the entire network 

topology whereas the ego-centred perspective focuses on the composition of local network 

structures. Common representatives of such local structures are ego-networks which consist of 

Circle: girl
Triangle: boy
Line: attraction
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a central node, the ego, and all direct contacts of that node and the connections among them. 

(de Nooy 2009:1) 

In contrast to other scientific disciplines that also deal with networks, SNA is not limited to the 

determination of certain network parameters but instead tries to connect network metrics 

with the expected behaviour of individuals, taking the social context into account (Borgatti, 

Mehre et al. 2009). 

Traditionally, studies of SNA have been based on observation or results of a questionnaire and 

are therefore addressing typically only small groups or networks. In recent years and with the 

availability of computers and the emergence of extensive digital communication networks (see 

chapter 2.3), SNA research has moved towards the study of large-scale networks and their 

statistical evaluation (Newman 2003:1). 

2.3 Emergence of Digital Social Networks  

As already mentioned in chapter 1.1 , the spreading of digital social networks in the past 

decade has seen unprecedented proportions. The following chapter introduces the main 

drivers for this arising of digital social networks. Generally speaking, whenever people are 

connected through computers or other technologies, social networks can emerge. 

In this context, the research area of Computer-mediated Communication (CMC) is of particular 

importance. CMC refers to any human communication achieved with the help of information 

technology. It represents communicative action that occurs through the use of computers in 

networks. (Thurlow, Lengel et al. 2004) 

The corresponding CMC research field focuses on the characteristics of human behaviour and 

usage patterns in digital communication environments. CMC like email, computer 

conferencing and chat-systems differ from face-to-face communication regarding the 

exchange of non-verbal clues and may therefore constrain the development of social 

relationships. Therefore, the CMC research field analyses the effects of self-disclosure and 

uncertainly reduction of human communication through IT-channels. (Herring 2002; Rafaeli 

and Sudweeks 1997; Tidwell and Walther 2002) 

Electronic communication, as it is examined in the context of CMC, has become very common 

in both professional and private environments. In companies, corresponding software 

applications are generally used to simplify communication and collaboration among 

employees and summarized with the terms Social Software and Enterprise 2.0 as described in 

chapter 2.3.1 (Cross and Parker 2004; Krackhardt 1992). In addition, the Internet hosts a 
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variety of social communication applications for private use that are often referred to as Social 

Networking Sites (see chapter 2.3.2). 

The following two chapters are focussed on the origins of such online social networks and 

include further information about the general principles and the relevant terms for both 

Enterprise 2.0 and Social Networking Sites.  

2.3.1 Social Software & Enterprise 2.0 

Social Software in general refers to computer applications that support human communication 

alongside information access in electronic form. Reasons for the development and 

dissemination of Social Software are derived from the finding that only the access to digitally 

stored information is not always sufficient. Knowledge in the sense of problem-solving skills or 

experiences cannot be completely externalized. In addition to managing data, documents and 

information, interpersonal communication and cooperation are of great importance. (Koch 

and Richter 2009:11) 

The term Enterprise 2.0 describes the use of social software platforms within companies, in 

organizations, across company borders or among employees and customers (McAfee 2006:23). 

Corresponding research activities try to answer the question to what extent the widespread 

concepts and applications from the Internet can be successfully applied in a business context. 

So far, there are a variety of possible manifestations of Enterprise 2.0 such as wikis, forums, 

blogs, chat rooms, instant messenger or RSS-feeds. 

There has been a lot of research regarding the use of these new types of applications in 

enterprises and their impact on business. Krallmann et al. are highlighting the necessity of IT-

support in teams for cooperation and communication as part of modern Knowledge 

Management (KM) (Krallmann, Schönherr et al. 2007:404-406). Other research activities 

directly address the importance of Enterprise 2.0 applications for business success and their 

effective implementation and usage (Contractor, Wasserman et al. 2006; Edwards 2007; 

Huang 2009; Koch and Richter 2009; McAfee 2006; O'Reilly 2007; Richter, Bullinger et al. 2010; 

Warr 2008). 

According to Cook (2008:13), Social Software in enterprises can be classified according to four 

different supported functionalities and their related social aspect: 

Communication Software supports the general communication among employees 

either by text, image, voice or video 
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Cooperation Software enables users to share content in structured and 

unstructured ways like video sharing or bookmarking 

Collaboration  Collaboration tools enable employees to collaborate with each other 

on particular problems in various ways such as wiki or a subversion 

server for software development 

Connection  Software enables the users to create general connections to both 

other users and to content 

In the field of Enterprise 2.0 or Social Software, a variety of applications that implement parts 

of the four above-mentioned characteristics can be found. How and in what ways these 

applications can be used in business processes and within KM cannot be addressed in this 

work for reasons of space. However, one common feature of these applications can be 

ascertained. As a result of the usage and often unconsciously, social network structures arise 

(Wellman, Salaff et al. 1996). 

In context of SNA and Enterprise 2.0, the analysis of these emerging communication structures 

and their comparison with official communication paths in business environments is an active 

field of research. A variety of corresponding studies have been published that illustrate the 

importance of such informal networks for collaboration and information sharing in 

organizations. (Ricken and Seidl 2010:33-48; Trier and Bobrik 2007) 

2.3.2 Social Networking Sites 

In addition to the emergence of social networks in business environments through the use of 

appropriate social enabled business software, a broad variety of social networks are created 

through the private use of the World Wide Web. In the last 10 years, the dissemination of 

corresponding social applications on the Internet has increased considerably. 

The key term in this context is Web 2.0. This concept refers to the paradigm shift in the usage 

of the Internet. In the early stages of the Internet the information flow was mostly from a 

small amount of producers to large numbers of consumers. The Web 2.0 is characterized by 

the fact that consumers now create content themselves and thus blur traditional boundaries. 

(Cook 2008:7) 

In the context of this trend, a broad variety of applications have been developed on the 

Internet, which allow users to create content and connect with other users in various ways. 

Email and discussion forums are among the well know representatives. In addition, there are 
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other, sometimes very innovative approaches, such as photo sharing communities, open 

source development platforms, Internet Relay Chats (IRC), Micro-blogging Services or 

Newsgroups. In this work, such social applications on the Internet are summarized under the 

term Social Networking Sites (SNS). 

SNS are defined as web-based services that allow individuals to construct a personalized user 

profile, articulate a list of other users with whom they share a connection and view and 

traverse their list of connections and those made by others within the system. Despite the 

maintenance of existing connections, such SNS often help strangers to connect based on 

shared interest or other characteristics. Despite the personal profiles and the list of friends, 

SNS often include a variety of communication and collaboration tools for the exchange of 

messages or other types of content. (Boyd and Ellison 2008; Koch and Richter 2009:53pp) 

2.3.3 Network Extraction 

As already mentioned above, the use of online social applications from Enterprise 2.0 and 

Social Networking Sites leaves digital footprints (Juergens 2012). Depending on the type of 

application and the availability of the data, it has been shown, that social networks can be 

obtained by extracting them from event logs (Slaninova, Martinovic et al. 2010; van der Aalst, 

Reijers et al. 2005). The main challenges are the different structures of the individual services 

and applications as well as the often very large and noisy datasets (Barbier and Liu 2011). 

Figure 5 includes a generic example of this social network extraction approach. The source 

data can be taken from any social interaction on the Internet (or based on intranet usage in 

business environments). Depending on the specific type of application, the social aspect may 

differ. However, in the majority of cases, these applications have been built around some kind 

of message exchange among users. These messages can be of various types such as pictures, 

videos, emails, chat posts or forum comments. 

Usually, the messages are embedded in some kind of structured interaction like quotes, 

replies, co-authorship or direct message exchange. This structural information together with 

the annotated sender/recipient information of the messages can be used to transfer the data 

into a network perspective aggregating exchanged messages to links among network nodes. 

Concrete examples of how to extract social networks from SNS data can be found in the 

description of the SNI-Framework in chapter 2.9 and in the case studies in chapter 5. 
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Figure 5: Network extraction from SNS data 

2.4 Network Representation 

A network represents a system consisting of elements and relations together with additional 

information about these components. There are two different approaches how such networks 

can be modelled. The representation can be done as a graph (see chapter 2.4.1) or as a matrix 

(see chapter 2.4.2). Both approaches allow the application of mathematical methods for 

formal descriptions. 

As already mentioned above, there are so-called two-mode or bi-partite networks, which differ 

from conventional networks regarding the amount of different network node types (see 

chapter 2.4.3). 

2.4.1 The Data as a Graph 

In various science disciplines, there are different definitions and formal descriptions of the 

term network. The most widely used approach is derived from graph theory. In general, a 

network is set of vertices (or nodes, units or points) and a designated set of intermediate lines 

or edges (Newman 2003:1).  
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Figure 6: Königsberger Brückenproblem (Krumke and Noltemeier 2009:4) 

The origin of graph theory is connected with the work of Euler in 1736, as he solved the 

problem known as Königsberger Brückenproblem. The challenge was to find a circular route 

around the city of Königsberg and to cross each of the seven bridges exactly once. Euler 

abstracted the situation by interpreting the individual banks as points and the bridges as 

connections of these points. Thereby, a corresponding network graph was created (see Figure 

6). In this network graph, the problem now boils down to find a trail, also known as Euler's 

circle, in which each edge is traversed only once. Euler found out that there is no such route 

for the given graph. (Krumke and Noltemeier 2009:4) 

As described above, network edges can represent a broad variety of possible relationships 

depending on the type of network. In social networks, these relationships do express arbitrary 

relationships among humans. In sociology, such networks of connected humans have been 

introduced as Sociograms by Moreno (1934) as introduce above in chapter 2.2.  

In general, the network graph itself consists of an ordered pair of sets: = ( , )  

The elements of V are called vertices, e.g. V = {1,2,3,4}.  

The elements of E are called edges and connect two vertices, e.g. E = {(1,2), (3,4), (2,4)} 

Based on this definition, four different types of graphs can be distinguished (see Figure 7). The 

basic type is an undirected graph consisting of dots representing vertices and lines 

representing edges. (Barrat, Barthelemy et al. 2008:2-3; de Nooy 2009; Kutnar and Marusic 

2009:3) 
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Figure 7: Different graph types 

In undirected graphs, only one edge can exist between pairs of vertices. In multi-graphs, 

multiple edges are permitted between pairs of nodes. In addition, edges can also connect a 

vertex to itself leading to self-loops (Kutnar and Marusic 2009:3-4). 

Directed graphs are an extension to traditional undirected graphs. In this case, the graph again 

consists of an ordered set of pairs X = (V,E) but the edges of the graph do have a direction and 

can be seen as arrows going from a source vertex to a target vertex. (Wasserman and Faust 

1994:121) 

The fourth category of graphs is weighted graphs. Numbers or other values are associated to 

the network edges representing different aspects of the relationship such as communication 

intensity or node closeness. (Kutnar and Marusic 2009:4) 

Despite these four basic types, the analysis of large network graphs often unveils certain sub-

structures from which the entire graph is put together and that can be used for its description. 

Wasserman and Faust (1994) have identified three main basic structures: star, circle and line 

(see Figure 8). A star describes a network structure, with a node in the centre that has star-

shaped connections to other nodes. A circle describes a ring like arrangement of network 

nodes whereas the line describes a sequential network structure. 

The idea of describing a network graphs based on smaller components is further discussed in 

chapter 2.10 within the concept of network motif analysis. Moreover, the presented three 

basic network structures are used again for the description of tetrad classes in appendix 7.1. 
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Figure 8: Basic network structures based on (Bobrik 2012:15; Wasserman and Faust 1994:171) 

2.4.2 The Data as a Matrix 

Another common approach to represent and store network data is matrices. A matrix 

facilitates the processing and storage of networks in software programs and the application of 

mathematics to calculate various network metrics (see chapter 2.5). 

The matrix representation of networks is normally realized with a square matrix in which both 

the rows and columns correspond to the number of network nodes. This kind of matrix is 

called adjacency matrix. In principle, all four types of network graphs introduced above can 

also be expressed as a matrix (see Figure 9). The rows and columns represent the network 

nodes whereas the cells represent the network edges, e.g. an entry in the cell (2,3) represents 

a link between vertices 2 and 3. (Wasserman and Faust 1994:150-159) 

In general, the presence of a network edge (between nodes i and j) is represented with binary 

values (0 and 1) in the respective cells of the matrix. (Kutnar and Marusic 2009:7) 

=  0 0 10 0 11 1 0                         =   ,                                    ,              

An undirected graph is expressed as a symmetric binary matrix. Any existing edge is 

represented by a one, a non-existent edge by a zero. Due to the lack of direction of the edges, 
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all existing cell entries in the matrix are mirrored along the diagonal. The diagonal itself is not 

used. 

 

Figure 9: Network representation as adjacency matrix 

In case of a directed graph the mirroring on the diagonal is not applicable. Instead, different 

directions are expressed by different cells, e.g. cell (2,3) represents an edge from node 2 to 3 

whereas cell (3,2) represents an edge going from node 3 to 2. 

Multi-graphs and weighted graphs can also be expressed as a matrix. In this case, however, no 

binary values (0 or 1) are used. Instead, positive values are placed in the matrix representing 

the weight of the link OR the number of parallel connections. In case of multi-graphs, the 

diagonal of the matrix can be used to represent self-loops. 
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The representation of networks as adjacency matrices is used for the internal data storage 

within the software application ALADINSA presented in chapter 4. 

2.4.3 Two-Mode Networks 

In most cases, networks consist of one set of network nodes that are interconnected with 

corresponding edges. In some cases, networks consist of two different sets of nodes. Such 

networks are called two-mode or bipartite networks in comparison to ordinary one-mode 

networks presented above. (Wasserman and Faust 1994:39) 

The special feature of these so-called two-mode networks is the structure of the network 

graph. The edges in bipartite networks always connect two different types of nodes. Hence, 

identical types of nodes are usually not connected. In a matrix representation, the rows 

represent on set of nodes whereas the columns represent the other set of nodes. (Borgatti and 

Everett 1997; Wasserman and Faust 1994:154) 

Common examples are people’s membership in organizations or (co-) citation networks with 

authors and their publications citing other publications. Another famous example of such two-

mode networks is the Southern Woman Dataset. In a study from Davis et al. (1941), the 

connection between social relations and different society classes was analysed. The dataset 

covers the participation of eighteen women (type one) at various social events (type two) (see 

Figure 10). 

 

Figure 10: Bipartite network based on Southern women dataset (Guimera, Sales-Pardo et al. 2007) 
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Common network metrics and analysis methods cannot be applied to two-mode networks. 

Therefore, either specific algorithms needs to be developed (Guillaume and Latapy 2006) or 

the two-mode networks must be transformed by projection into one-mode networks leading 

to an information loss (Zhou, Ren et al. 2007). 

2.5 Network Metrics used in SNA 

The following chapter contains a selection of basic network metrics common in Social Network 

Analysis. These metrics are used within the subsequent chapters covering advanced concepts 

of SNA such as network motif analysis or Social Network Effects. In addition, these network 

metrics are used within the analysis framework ALADINF introduced in chapter 3. For further 

formalized definitions, please refer to Wasserman and Faust (1994) and Trier (2008). 

Network Size

This metric refers to the number of nodes 

and the number of links in a network. 

 

 

Figure 11: Network size metric 

 

Link Strength 

The metric refers to the strength of a relationship between two actors and can serve as an 

indication of communication activity or information capacity across the tie. It can measure the 

frequency of interaction (e.g. in a month) or the total amount of communication (e.g. the 

number of exchanged messages). (Borgatti 2002) 

Beyond that, the average link strength can be calculated as a network metric. 

 

Figure 12: Link strength metric 
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Node Degree 

The degree of a node refers to the number of direct contacts in a network. The metric can be 

expressed as an absolute value or in relation to the maximum number of possible contacts 

(see degree centrality). In general, node degree is a measure of activity or influence in the 

network. A node with a high node degree is likely to influence the network; a node with a low 

degree can be seen as a less influential or peripheral node. (Wasserman and Faust 

1994:125,175) 

 

Figure 13: Node degree metric 

In directed graphs, a further differentiation between in-degree (number of incoming links) and 

out-degree (number of outgoing links) can be made. The distribution of all node degree values 

in a network can be used to characterize different network types (see chapter 2.6). 

Density 

The density of the network describes the ratio between the number of existing edges and the 

maximum number of possible relationships in a network (see formula 1). The network density 

can be calculated locally based on individual nodes and their ego-networks or based on the 

entire network topology (see Figure 14). Social networks usually do have a low density with a 

high share of absent network links. =  ∗( )    (1)  N:  Total number of network nodes 

 

Figure 14: Network density metric 
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Diameter 

The network diameter is the longest 

shortest path (minimum amount of 

necessary steps) between two nodes in 

a network. The diameter is a metric 

representing the spatial dimensions of a 

network. A large diameter can influence 

information forwarding in social 

networks. 

 

Figure 15: Network diameter metric 

Centrality 

Centrality in general is a measure for the importance of a vertex in a given graph, e.g. how 

influential a certain actor is. There are three different common centrality measures: closeness, 

betweeness and degree centrality. 

Closeness Centrality measures the distance of a node to all other nodes in the network. It is the 

defined as the average shortest path length. The Closeness Centrality is a measure of efficiency 

regarding information spreading or access to network resources (Wasserman and Faust 

1994:183-184). 

Betweeness Centrality is a measure of communication control. It is defined as the total number 

of shortest paths between all nodes that pass over the observed node.  A node with a high 

Betweeness Centrality can have a crucial influence on information transfer in communication 

networks. (Wasserman and Faust 1994:188-190) 

Degree Centrality refers to the amount of contacts of a specific node. It is the relation between 

the degree of an actor (ni) and the maximum possible number of contacts in the network (see 

formula 2). 

   (2)   N: Total number of network nodes 

Nodes with many contacts are more likely to influence or to be influenced in a network. 

However, this distinction can only be made in directed graphs with the differentiation between 

in- and out-degree. (Wasserman and Faust 1994:202) 

Figure 16 includes an example network and points to specific nodes with the respective 

highest values for the three main centrality measures.  

Diameter = 4
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Figure 16: Comparison of centrality metrics based on (Borgatti 2002) 

Clustering Coefficient 

The Clustering Coefficient is used to measure the compactness or density of a network graph. 

It describes the proportion of existing links within a network and the number of theoretically 

possible relationships between all nodes. It can be calculated locally for each single node 

(based on ego-networks) using formula 3. (Wasserman and Faust 1994:243; Watts and 

Strogatz 1998) =  ∗∗(  )  (3)    Ci: Local Clustering Coefficient for node i 

n: Number of present relationships in ego-network 
ki: Number of direct neighbours for node i 
 
In social networks, the local Clustering Coefficient can be used to measure to what extend 

contacts of an actor tend to interact directly. 

In comparison, the global Clustering Coefficient is the averaged local clustering coefficients 

across all nodes (see formula 4). It can be used to describe the tendency of the entire network 

graph to be divided into clusters. =  ∑  (4)     N: Total number of network nodes 
C: Global Clustering Coefficient 
Ci: Local Clustering Coefficient for node i 
 

Highest
Betweenness

Centrality

Highest
Closeness
Centrality

Highest
Degree
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2.6 Overview SNA Research 

In the past decades, the Social Network Analysis research discipline has carried out a series of 

important studies and discovered a number of interesting and important findings both 

referring to network properties and social actor behaviour. 

The following chapters contain a summary of the most important results. These insights are 

intended to support the understanding of the general context of this work. Within both case 

studies presented in chapter 5 references to this chapter are made. 

2.6.1 Dunbar’s Number 

In his research in 1993, Dunbar has analysed the number of contacts a person can handle 

cognitively in his immediate social environment. According to his studies, people can maintain 

about 150 stable and intensive social contacts. These contacts do not include people who are 

known personally with a ceased social relationship or people just known in general without a 

persistent link. The limit described is mainly based on restrictions of the human neocortex. 

(Dunbar 1993) 

Although this study is originated in the field of behavioural and brain research, it has become 

nevertheless an essential part of many social scientific studies. The question, if these 

restrictions are present in various social networks, including digital CMC environments, is 

controversial. (Goncalves, Perra et al. 2011; Wellman 2012) 

2.6.1 Milgram’s Small World Phenomenon 

The Small-World Phenomenon describes the issue that most vertices in social networks seem 

to be connected with relatively short paths through the network despite an often large 

network size. The first corresponding major study was done by Milgram (1967). In this study, 

60 random US citizens were asked to transmit a postal message to a specific target person. If 

they do not know the target on a personal level, they were asked to pass the message on to an 

acquaintance from whom they think could know the target person. Results exhibit an average 

path length of successful delivered messages of about six steps, which became famous as the 

six-degrees of separation. However, the ratio of unfinished chains was quite high (see Figure 

17). 

Several subsequent studies have been focused on this Small World Phenomena such as Watts 

and Strogatz (1998), Watts (1999) and Amaral et al. (2000). It has been shown, that the Small-
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World Phenomena has a significant influence on dynamics of processes taking place on 

networks like the spreading of information. (Newman 2003:11; Watts 2004:2-5) 

 

Figure 17: Milgram's Small World Phenomena (Milgram 1967) 

2.6.2 Scale-free Networks 

Another important property of social networks is the node degree distribution. As already 

mentioned above, node degree is a measurement of the number of edges connected to a 

specific node. For a long time, the models of Complex Networks have been based on the work 

of Erdös and Rényi (1960). The edges in such networks were considered as randomly 

distributed (see chapter 2.11). As a consequence, it was assumed that all nodes have an 

approximately equal number of connections leading to a Poisson-like degree distribution as 

described in chapter 2.11.1.1. (Erdös and Rényi 1960) 

Later studies have shown that this assumption must be dropped. Price has examined citation 

networks in 1965. According to his findings, the allocation of network edges is not uniform. 

The citation networks with scientific publications interpreted as network nodes exhibit a 

power law tail (P(k) ~ k –y). A few nodes have a high number of corresponding links, whereas 

the majority of nodes only have a very small amount of network relationships. (Price 1965) 

This insight has been confirmed in many studies with different types of networks. The 

phenomenon is called preferential attachment. The addition of new network links follows a 

“the rich get richer” principle. Network nodes that already have more links than the average 

are given priority in the creation of additional edges, which increases their number of 

No. of
completed

chains

No. of intermediaries required
to reach target person
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relationships even more. Networks that exhibit such a power-law degree distribution are 

called scale-free networks. (Albert and Barabasi 2002; Barabasi 2011; Barabasi and Albert 

1999; Caldarelli 2007; Newman 2001; Panzarasa, Opsahl et al. 2009; Watts 2004) 

Figure 18 shows a comparison of node degree distributions between random networks and 

scale-free networks. Random networks exhibit a bell curve node degree distribution whereas 

scale-free networks show a power-law degree distribution. 

 

Figure 18: Random networks and scale-free networks (Barabasi and Bonabeau 2003) 

2.6.1 Network Clustering 

Another important finding of SNA is a common network property called clustering or 

transitivity. It refers to the increased occurrence of small subsets of nodes being more 

connected among each other than within the complete network topology. This property is 

common in many real world networks, particularly in social networks. These so called cliques 

are close-knit clusters who do exhibit a higher network density compared to the average tie 

probability within a network. This effect can be quantified with the clustering coefficient 

described in chapter 2.5. (Holland and Leinhardt 1971; Watts and Strogatz 1998) 
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2.6.2 Granovetter’s Strength of Weak Ties 

Based on the above presented concepts of scale-free networks and network clustering, further 

findings have been derived. Granovetter (1973) has studied the interplay between network 

structure and access to new information. According to his findings, so-called weak-ties, less 

frequented or weaker network links play a crucial role regarding access to new information. In 

well-connected groups or cliques (see above), members often tend to have homogeneous 

opinions and access to identical information. Access to new information therefore often 

requires the exploitation of less close acquaintances. „Weak ties are more likely to link 

members of different small groups than are strong ones, which tend to be concentrated within 

particular groups”. (Granovetter 1973) 

The key challenge at this point is the classification of strong and weak ties. The strength of a 

network relationship can be measured in various ways, such as frequency of interaction, 

communication medium and presence of reciprocity, intimacy or emotional intensity. 

In contrast, a number of subsequent studies have shown that strong network ties also play a 

significant role. While access to new information is simplified through the use of weak edges, 

other issues require the use of strong network ties. Nelson (1989) has examined the impact of 

strong ties on conflict resolution in organizations. He found that low-conflict organizations are 

characterized by an increased occurrence of strong network ties between intra-organizational 

groups. 10 years after his first publication, Granovetter himself revised his own theory arguing 

that strong network ties provide comprehensive support and are more easily available and 

therefore also play an important role (Granovetter 1983). 

2.6.3 Social Capital & Structural Holes 

Monge and Contractor (2003) have collected different social-theoretic concepts can be used to 

explain the motivation of actors to create, maintain or dissolve social bonds. In their category 

of "theories of self-interest" the creation of Social Capital and the use of Structural Holes can 

be found among other things. (Monge and Contractor 2003) 

The emergence of the concept of Social Capital dates back to the 1960s. Bourdieu (1983) has 

defined the term in 1983 in contrast to cultural, economic and symbolic capital. The term 

gained general awareness through Putnam's book "Bowling Alone" in (2000). Bourdieu defines 

Social Capital as the sum of current and potential resources that can be associated with the 

participation within a network of social relations.  
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Social Capital itself does not refer to the persons participating in the social network but to the 

relationships among them. It can be understood as the ability of individuals to have access to 

resources of social life. These resources can be very different, such as knowledge, respect or 

power. Generally speaking, better cross-linked individuals do have a higher Social Capital. This 

concept of Social Capital have been analysed in various subsequent studies such as Wasko and 

Faraj (2005), Valenzuela et al. (2009), Ellison et al. (2007) and Burt (2001). 

The concept of the usage of Structural Holes is closely linked to the concept of Social Capital. 

Structural Holes are non-existent network links between well-connected groups or cliques (see 

Figure 19). Through the existence of Structural Holes, some network nodes gain an advantage 

regarding the access to and sharing of information. This advantage is based on the bridging 

function of key players in the network. (Burt 2001) 

 

Figure 19: Structural holes based on (Burt 2001) 

2.7 Related Research: Dissemination Processes in Networks 

The first artefact of this work is a research framework to analyse link attribute influence and 

dissemination in online social networks (ALADINF). Although this framework is a novel 

approach, the general analysis of dissemination processes in networks is a common analysis 

point. Hence, the following chapter gives a brief introduction about various publications and 

studies dealing with any kind of dissemination processes in various types of networks and 

across research disciplines to cover related research of this work. 

Structural
Holes
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2.7.1 Differentiation and Categorization 

In this chapter, existing approaches and models, related to the propagation of properties or 

attributes of nodes and network edges are presented. These dissemination processes or 

analysis models introduced below are all focused on the change of actor or edge properties, 

like the contagion of diseases or the acquisition of certain knowledge. In addition to these 

propagation processes, there is a variety of other processes that happen within networks, such 

as data transport in sensor networks or search algorithms. However, these types of processes 

are not directly related to the topic of this thesis and are therefore not further discussed here. 

Starting with an overview about research areas dealing with the phenomenon in general, a 

categorization of available research approaches dealing with arbitrarily propagation processes 

in networks is made below. 

Particularly in marketing research, the development of networks and spreading of topics or 

opinions in online networks have been studied for long. The growing use and acceptance of 

digital social networks makes it interesting for marketing analysis. In this research field, the 

spread of innovations, product related knowledge or discussions about products in online 

forums are typical analysis objects. Corresponding research questions are dealing with optimal 

dissemination strategies for information or innovation in social networks or the exertion of 

influence on customers to a certain level. (Aral 2010; Aral and Walker 2010) 

Epidemiology is another research area which is intensively engaged in studying spreading 

processes within networks. In particular, the dissemination and contagion of diseases in 

human interaction networks are analysed. Due to the complexity of real world human 

interaction networks and the difficulty of gaining complete network information, the research 

is mainly focused on the development of models covering estimations about the number of 

contacts and the probability of a disease transmission to gain insights about the dissemination 

speed and spatial distribution. (Pastor-Satorras and Vespignani 2008) 

Complex system design is focused on models, simulations and descriptions of Complex 

Networks from a theoretical perspective. Complex Networks can be of diverse types such as 

the Internet, cellular networks, phone call networks, and power- or protein networks (see 

chapter 2.1). Through the use of different methods from the fields of statistical physics, 

evolutionary biology, microeconomics and computational sciences, the structure and dynamic 

of such networks is investigated. General aim is the analysis and retrieval of general principles 

and conditions of evolutionary and self-organizing systems. The viewing angle is, however, at a 
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high level of abstraction. The derived insights often relate to the system as a whole. 

Information about the behaviour at the level of individual nodes or edges is not usual. Instead, 

cumulative conditions are described. (Albert and Barabasi 2002:4pp) 

In the field of medical research, propagation processes in networks or systems are analysed 

mainly in bacterial or body cell analyses. In that scope, body cells or other living organisms and 

their interactions are interpreted as networks and medical or biological knowledge is used to 

analyse the behaviour of cells and associated dissemination processes. (Caldarelli 2007:131-

141) 

 

Figure 20: Categorization approach of dissemination processes in complex networks 

As briefly described above, the various studies and publications dealing with dissemination 

processes in networks cannot be simply differentiated according to their scientific origin. 

Instead, a categorization regarding three different dimensions is used to describe related 

research approaches and to differentiate them from ALADINF (see chapter 1.4). These three 
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dimensions are the Attribute Position, the Actor Awareness and the Analysis Resolution (see 

Figure 20). 

The Analysis Resolution differs between approaches that are interpreting the network as an 

aggregated population, deriving statements about collective states and temporal distributions 

within the whole network compared to other approaches that consider the specific local 

and/or global network topology for the analysis. 

The Actor Awareness distinguishes between the consideration of self-conscious actors and 

other approaches that assume an actor unconscious behaviour. As an example, studies 

focused on social networks with humans, interpreted as network nodes expressing a certain 

social behaviour represent self-conscious actors. Such Actor Awareness can be addressed for 

example by considering Social Network Effects described in chapter 2.7 in the analysis.  

The analysis of knowledge sharing or information spread is a typical example for self-conscious 

actors. In this case, actors are taking action within the network based on their self-conscious 

decisions and their knowledge regarding the local network topology. Actor unconscious 

behaviour can be found within the analysis of power grids or in disease spreading processes 

where dissemination and contagion are typically happen unnoticed. 

The third dimension Attribute Position differentiates between approaches in which the analysis 

object is either modelled as an actor property or as a link attribute. In the first case, actor 

properties are influenced by the existence of network links or through communication activity 

but modelled as actor attributes such as knowledge or disease infections.  

In contrast, the analysis of link attributes includes research activities dealing with properties of 

network edges such as trust, friendship or family relationships (which cannot be associated to 

network nodes). However, depending on the kind of analysis object, strong correlations 

between actor properties and link attributes are possible. 

The following chapter includes an overview about models and studies from the available 

knowledge base all related to dissemination processes in networks. The categorization 

approach from above is applied to differentiate the individual approaches. 

2.7.2 Literature Overview 

Table 4 and Table 5 include a broad selection of research studies dealing with dissemination 

processes in networks. The structure of the tables is based on the categorization approach 
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introduced above including the three dimensions Analysis Resolution, Actor Awareness and 

Attribute Position. 

Table 4: Dissemination processes in aggregated populations 

Aggregated 
Population 

Self-
conscious 
Actor 

Link  
Attribute - 

Actor 
Property 

• The law of group polarization (Sunstein 2002) 
• Identifying social influence: A comment on 

opinion leadership and social contagion in new 
product diffusion (Aral 2010) 

• Modelling information diffusion in implicit 
networks (Yang and Leskovec 2010) 

Unconscious  
Actor 

Link  
Attribute - 

Actor 
Property 

• Dynamics of rumour spreading in complex 
networks 

  (Moreno, Nekovee et al. 2004) 
• Possible demographic consequences of Aids in 

developing countries  
(Anderson, May et al. 1988) 

• Infectious diseases of humans: dynamics and 
control  
(Anderson and May 1991) 

• The mathematical theory of infectious diseases 
and its applications (Bailey 1975) 

• An introduction to mathematical biology  
(Murray 2002) 

• A contribution to the mathematical theory of 
epidemics (Kermack and McKendrick 1927) 

 

The following three examples should illustrate the general categorization of network 

dissemination approaches according to the categorization approach introduced above. 

Yang and Leskovec (2010) have developed a linear influence model to describe the diffusion of 

information in networks by predicting which node will influence which other nodes. The 

approach does not consider specific knowledge present in the current network but instead 

models global influence of a node and the number of newly informed nodes as a function of 

previously infected nodes. This approach is interpreting the network as an aggregated 

population with self-conscious actors. It models certain knowledge as an actor property and 

nodes become affected when they mention certain information in their communication. 
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Table 5: Dissemination processes considering network topology 

Network 
Topology 

Self-
conscious 
Actor 

Link  
Attribute 

• Propagation of trust and distrust  
(Guha, Kumar et al. 2004) 

• Patterns of influence in a recommendation network 
(Leskovec, Singh et al. 2006) 

Actor 
Property 

• Creating social contagion through viral product design: 
A randomized trial of peer influence in networks 
(Aral and Walker 2010) 

• Engineering social contagions: Optimal network 
seeding and incentive strategies (Aral, Muchnik et al. 
2006) 

• The diffusion of an innovation among physicians 
(Coleman, Katz et al. 1957) 

• Network models of the diffusion of innovation  
(Valente 1995) 

• The spread of behaviour in an online social network 
experiment (Centola 2010) 

• A shortcut to efficiency: Implications of the small but 
stratified world (Reagens and Zuckerman 2008) 

• Word of mouth: Rumor dissemination in social 
networks (Kostka, Oswald et al. 2008) 

• Information contagion: An empirical study of the 
spread of news on Digg and Twitter social networks  
(Lerman and Ghosh 2010) 

Un-
conscious  
Actor 

Link  
Attribute 

• Social search: Exploring and searching social 
architectures in digital networks  
(Trier and Bobrik 2009) 

Actor 
Property 

• Epidemic dynamics and endemic states in complex 
networks (Pastor-Satorras and Vespignani 2008) 

• Affinity paths and information diffusion in social 
networks (Iribarren and Moro 2011)  

• Collective dynamics of small-world networks  
(Watts and Strogatz 1998) 

• Cascade dynamics of complex propagation  
(Centola, Eguiluz et al. 2007) 

• Social networks and the spread of infectious diseases 
(Klovdahl 1985) 

• Network structural dynamics and infectious disease 
propagation (Potterat, Rothenberg et al. 1999) 

• Network structure of exploration and exploitation  
(Lazer and Friedman 2007) 

• Measures of concurrency in networks and the spread of 
infectious disease (Kretzschmar and Morris 1996) 

• Dynamic spread of happiness in a large social network: 
longitudinal analysis of the Framingham Heart Study 
social network (Fowler and Christakis 2009) 
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Kretzschmar and Morris (1996) have analysed the spreading of infectious diseases. They 

focused on the effects of concurrent relationships on the spread of sexual transmitted 

diseases. In their model, the actors were allowed to choose sexual partners at random but the 

algorithm constrained the maximum number of simultaneous connections. Depending on the 

parameters such as the average degree distribution and the aforementioned concurrency 

constraints, the modelled network exhibits a huge connected component and therefore 

enables a possible outbreak to infect significant parts of the population. This model considers 

the underlying network topology and the infections itself are modelled as actor attributes 

whereas the disease transmission itself represents unconscious acting. 

The model of Watts and Strogatz (1998) is focused on the effects of local network structure on 

disease propagation. They have adapted the simple Susceptible-Infected-Recovered-Model 

(SIR) from Kermack and McKendrick (1927) and applied it in a small-world network. Their 

results have shown that even a small proportion of random rewiring would dramatically 

simplify the spread of diseases. Like above, this model features the network topology, the 

transmission of diseases as unconscious acting and interprets diseases as actor attributes. 

The publications listed in Table 4 and Table 5 represent only a subset of the available 

literature. What can be seen is the dominance of two main domains: the spreading of disease 

and the diffusion of information in social networks. The vast majority of studies are focused on 

the dissemination of actor attributes like knowledge or disease infections and only a small 

fraction is dealing with attributes that are associated with network links such as trust between 

nodes or information exchange. 

As already mentioned in chapter 1.4, the ALADINF framework presented in this thesis is also 

focused on the analysis of dissemination processes in networks. To differentiate it from other 

approaches and according to the categorization approach presented above, ALADINF can be 

described as follows: 

ALADINF uses the network topology as foundation of the analysis and emphasises the study of 

social behaviour and therefore considers self-conscious actors. The main differentiation to 

other research approaches is its focus on link attributes, certain properties or characteristics of 

communication, that can only be assigned to network edges and not to nodes itself. 

Due to the flexibility regarding the actual type of link attributes to be examined (see chapter 

1.5), the framework developed in this thesis can be used to derive further insights regarding 
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propagation processes of link attributes in social networks, which are currently only being 

under limited examination in context of Behavioural Science studies. 

2.8 Social Network Effects 

Social networks in general are based on human interaction and evolve over time with the 

activities and affiliation of their members. In typical online environments, looking at exchanged 

textual messages among users over time can be used to derive these network structures (see 

chapter 2.3). Social Network Effects in SNA describe a set of connection patterns or small 

interaction paradigms in the network structure. These structural patterns are of particular 

social scientific interest because they describe social behaviours that can potentially give 

insight into motivation and incitement of the network actors.  

Doreian (1992) describes Social Network Effects as the impact of social structure on node 

behaviour on one hand and characteristics of social actors comprising the social structure on 

the other hand. The major problem regarding the analysis of Social Network Effects is, that it is 

often difficult to distinguish between situations in which network influence leads to an 

adjustment of actor attributes or situations in which actor properties lead to a selection or 

preference of specific network relationships. To overcome such limitations, longitudinal 

network data and models that separate network influence and network selection processes 

are necessary. (Trezzini 1998:387) 

In general, the concept to abstract a network regarding the occurrence of common Social 

Network Effects reduces the amount of information within the network analysis and therefore 

facilitates the derivation of qualitative findings. According to Trezzini, Social Network Effects 

can serve as a control variable to support interpretations on structural network properties and 

actual actor behaviour (Trezzini 1998:387). 

Again, social networks evolve over time through activities of their members. This social acting 

is influenced by Social Network Effects as a combination of actor- and network topology-based 

factors, which represent an important differentiating factor in comparison to other network 

types (Kossinets and Watts 2006; Schaefer, Light et al. 2010). Knowledge regarding the 

presence of Social Network Effects can therefore be considered as a necessary step to create a 

causal link between the network structure and the observed behaviour of network nodes.  

Considering the broad variety of applicable social science theories explaining and describing 

actor behaviour in social networks, a huge selection of corresponding Social Networks Effects 

is available. The most frequently analysed Social Network Effects are reciprocity, interpreted as 



 

 

Chapter 2: Basic Concepts 

Robert Hillmann  46 

 

the trend to establish bi-directional relations, hierarchy or popularity, expressing the role of 

central actors in the network with a higher node degree and transitivity, which can be seen as 

the process of friends of me becoming friends and is also known as triadic closure (see Figure 

21).  

 
Figure 21: Basic social networking effects 

These three basic Social Network Effects are identified as being common in various social 

networks. (de Nooy 2009; Newman and Park 2003; Rank, Robins et al. 2010; Schaefer, Light et 

al. 2010) 

In general, human communication tends to be mutual (Wilson, Boe et al. 2009). Studies have 

shown that reciprocal network effects in human communication do play a major role in online 

learning networks (Aviv, Erlich et al. 2005). In addition, Ammann (2011) has identified 

reciprocity as an indispensable precondition of community formation in accordance with other 

studies who have shown that during online discussions, the underlying communication 

network structure includes a significant trend towards bi-directional link emergence. The 

tendency is not to establish new communication ties but the participants continue discussions 

with previous partners which favours reciprocity (Hurme, Veermans et al. 2008). 

In 1958, Rapoport created random networks and compared the graphs with a real network 

representing school kid friendship relations. With this comparison, he was able to identify a 

reciprocity bias in the real network data. (Rapoport 1958) 
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Despite this trend towards reciprocity, there are few people within social networks that 

contribute more content such as comments, posts or messages than other members. This 

unequal participation intensity has an influence on the underlying network structure. Users 

with a high share of participation tend to have an increased number of communication 

partners, leading to unequal node degree distributions. Hence, social networks unveil a trend 

towards hierarchy as well (Schoberth, Preece et al. 2003). The effect of Social Prestige (Knoke 

and Burt 1983) which is expressed by direct connections to certain nodes with higher level of 

hierarchy – refers in graphical terms to the number of incoming arcs on vertices – also 

supports theories of hierarchical structures (de Nooy 2009).  

The presence of transitivity or triadic closure was also found in various studies. Schaefer et al. 

(2010) have analysed the friendship network formation among preschool children. According 

to their findings, reciprocity, hierarchy and triadic closure all together shaped the formation of 

preschool children’s networks. 

In addition to the three basic Social Network Effects, there are other known possible influential 

factors. Snijders continues to identify further effects such as increasing density, the influence 

of indirect relationships, balance effects, activity effects and the influence of indirect relations 

on network edges. (Snijders 2001)  

Another important Social Network Effect was identified by Heider in 1946 expressed in his 

Social Balance Theory. This study describes possible effects in which actors attempt to create 

balanced link configurations within their direct contact network, e.g. positive or negative 

relationships to certain persons. According to his findings, under certain conditions, there are 

specific balanced link patterns within networks that represent stable network states and occur 

frequently. (Heider 1946) 

Homophily is another basic Social Network Effect describing the fact that people in networks 

tend to interact with people who are perceived as being similar. This effect was first coined by 

Lazarsfeld and is known in many research areas such as affect control in social-psychology, 

selective mixing in epidemiology and assortative mating in genetics. (de Nooy 2009:6; 

Lazarsfeld and Merton 1954) 

Another type of Social Network Effects utilizes information about the actor behaviour and the 

semantic content of the communication exchanged in social networks. In this case, a 

differentiation can be made between informational effects and direct-benefit effects. 

Informational effects explain actor decisions as a consequence of observed behaviour of his 
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network neighbours. Direct-benefit effects follow the assumption that nodes within their local 

network topology may have benefits by adopting their neighbour’s decisions rather than being 

influenced from an average behaviour within the network. Using compatible technologies to 

collaborate with co-workers or engage in social interactions with people whose believes and 

opinions are similar can be used as corresponding examples. (Easley and Kleinberg 2010:574-

576) 

Despite this general information or direct benefit effects, more specific effects can also be 

taken into account depending on the specific observed phenomena. For example, when 

analysing or modelling the innovation diffusion in networks, several specific Social Network 

Effects have to be considered such as relative advantage, complexity, observability, trialability 

and compatibility. (Easley and Kleinberg 2010:575)  

In summary, all of these Social Network Effects introduced above can be used to span a bridge 

between social actor behaviour and network topology emergence and their interpretation is 

common in SNA. The ALADINF framework described in chapter 3 is evaluating social network 

emergence from a SNA perspective and is considering the Social Network Effects reciprocity, 

hierarchy and transitivity within the analysis design. 

2.9 Social Network Intelligence Framework 

The Social Network Intelligence (SNI) framework describes a structured approach for the 

analysis of social networks as part of process-oriented knowledge management. Context is 

knowledge-intensive business processes and the framework aims to investigate relationships 

between the associated communication processes among involved employees.  

The framework was developed within the Integrated Knowledge Management (IKM) - research 

group at the Chair of Systems Analysis and IT and applied in a series of practical projects. The 

SNI-Framework consists of three main components: the SNI-Process, the SNI-Dimensions and 

the SNI-Data Model. (Bobrik 2012; Krallmann, Schönherr et al. 2007; Trier 2005; Trier 2008) 

The SNI-Framework itself has been applied in several studies (Trier 2008; Trier and Bobrik 

2007; Trier and Bobrik 2008; Trier and Bobrik 2009) and the diverse areas of application 

include but are not limited to (Trier and Bobrik 2007:388): 

• Improving informal and formal collaboration by supporting actions or targeted 

selection and support of key players for informal knowledge exchange in the enterprise 
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• Identifying important but isolated knowledge workers, or identifying sources of 

knowledge and improving knowledge distribution channels to reduce bottlenecks 

• Creating awareness and accelerating the information flow between departments and 

business units by initiating contacts between different teams 

• Identifying and promoting talents 

• Identifying groups and opinion leaders for staffing project teams 

• Identifying, supporting, moderating, and benchmarking topic-related Communities of 

Practice 

• Consolidating informal structures to support mergers and acquisitions 

The framework is designed to provide a suitable methodology to enhance social network 

analysis in research as well as business applications. To continue recent work within the IKM-

research group, the two Design Science artefacts presented in chapter 3 and 4 of this thesis are 

incorporating modified versions of both the SNI-Data Model and the SNI-Dimensions.  

The following sub-sections include a brief description of the three basic parts of the SNI-

Framework. 

2.9.1 Data Model 

The SNI-Framework developed within the IKM research group is based on a generic event-

based network data model. To support dynamic structural investigations of social networks, 

this data model has a strong focus on network emergence and is going to serve as suitable 

basis for the analysis of dissemination processes in networks. 

The data model consists of a central data type Network. This concept is defined as a set of 

actors and the relationships between them. As a differentiator, the data model does not 

directly store information about links between actors but includes instead a collection of 

communication events. Hence, the network is further composed of two other data types: 

Actors and Events. These events do store the network communication and represent the 

relationships between actors and can cover various types of node interaction. 

The data types Actor and Event can be further annotated with additional attributes, e.g. 

several properties for each event can be captured such as timestamp, message content or 

other values (see Figure 22). A detailed description of the event-based data model applied in 

this thesis can be found in chapter 3.1. 
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Figure 22: SNI-Data Model basics (Trier 2008:7) 

As mentioned in chapter 2.1, very different types of communication or collaboration can be 

found in social network discourses. By storing single communication events in the SNI-Data 

Model instead of reducing the information to aggregated network links, various types of social 

relations can be expressed in the same data model.  

Figure 23 includes three examples of different social interactions that can be captured within 

the SNI-Data Model. The numbers annotated to the links in the network graphs refer to the 

number of corresponding events connected with the specific network edges. 

Email represents the classic form of online communication.  Email messages have a sender and 

one or more recipients (see example one) and can be interpreted as a direct communication 

between these actors. In the derived network graph on the right side, individual emails are 

aggregated to links between nodes. 

Online discussion forums also represent a common form of communication on the Internet. In 

contrast to email exchange, no obvious relationship between different nodes can be retrieved.  

However, by answering or citing specific contributions during the online discussion, indirect 

network structures can be obtained (see example two). 

Other common types of social interaction are co-authorship and citation networks. Scientific 

publications are usually written by multiple authors together, which can be understood as a 

kind of network link. In addition, scientific publications include references to other publications 

which can also be interpreted as network structures. Example three illustrates such 

collaboration relationships that can also be captured within the SNI-Data Model. 
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Figure 23: Different communication types captured within the SNI-Data Model 

The annotation of additional attributes in the SNI-Data Model has further advantages. By 

storing the timestamps of the events, the emergence of the whole network can be tracked 

over time and reconstructed afterwards. As already mentioned above, the individual 

communication events are aggregated to edges in the network graphs. Thus, there are two 

different ways of how the temporal development of the networks can be visualized and 

analysed which are presented in Figure 24 (Bobrik 2012:44). 
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Figure 24: Dynamic network visualization approaches 

In general, both dynamic network analysis approaches are based on the definition of time 

windows. All network events with timestamps outside this window, e.g. before the beginning 

or after the end of the timeframe, are suppressed and not considered as basis of the network 

graph. 

The cumulative approach starts with a timeframe of length null not including any network 

events creating a network graph with disconnected network nodes. With the gradual 

expansion of the examined time window by moving the end point, more and more network 

events are included in the network graph until the entire network is reconstructed. With this 

approach, the development of the network can be easily illustrated and the development of 

final structures in the network graph can be retraced. 

The second approach is based on a fixed time window. In comparison to the cumulative 

approach, a firmly defined time window is gradually moved through the whole network 

lifetime. In this case, both the start and the end time-point of the timeframe are changed but 

its total duration remains constant. This approach allows for a dynamic network analysis 

independent of its final topology. Individual periods of the network emergence can be 
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analysed without an overlay of previous or latter events. However, both analytical approaches 

are not mutually exclusive but can be combined according to specific requirements of the 

analysis. 

2.9.2 Dimensions 

The second component of the SNI-Framework is the different analysis dimensions. Basic idea is 

the extension of the hitherto static network graph analysis regarding additional content-based 

and dynamic aspects.  

This extension is based on three different analysis dimensions (see Figure 25) which can be 

used to describe, compare or distinguish different analysis aspects and are further described 

below. 

 
Figure 25: SNI-Dimensions (Bobrik 2012) 

2.9.2.1 Level of Investigation 
The first dimension covers the combination of network structure and communication content. 

It is called the level of investigation and differs between structure and content. This additional 

viewing dimension allows a network analysis based on topology and/or message content, e.g. 

the creation of sub-networks based on the occurrence of topics or keywords. 
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2.9.2.2 Temporal Dimension 
The second dimension extends the existing networks analysis approaches with a dynamic 

component and is called temporal dimension. It differs between static and dynamic 

approaches. The aforementioned decomposition of network links in individual communication 

events with specific timestamps (see SNI-Data Model) enables the reconstruction of the 

temporal development of the network and therefore the analysis of network dynamics. 

2.9.2.3 Level of Detail 
The third dimension is called level of detail and differs between ego, group and network. These 

terms distinguish between different sized network subsets ranging from single nodes, ego-

networks, small groups or the complete network topology. The analysis of such partial 

structures of networks is a common approach in SNA and known under the terms modelling 

unit or unit of observation (Wasserman and Faust 1994:43-44).   

2.9.3 Process 

The SNI-Process describes a methodology for process analysis of knowledge-intensive business 

processes and their embedded network-style communication relationships. The SNI-Data 

Model and the SNI-Dimensions serve as the foundation for this procedural model. Core of the 

SNI-Process is the visualization and analysis of underlying social networks and the derivation of 

implications for the associated business processes (see Figure 26). 

The SNI-Process consists of six major phases. Within the project initiation, all essential aspects 

of the project such as overall timeframe and resources of the project have to be defined. In the 

second phase, the scope of the project has to be set, e.g. which processes from which business 

areas should be investigated. The third step consists of the acquisition and processing of 

relevant data. This includes explicitly the extraction of possible network data. The fourth and 

most important phase includes the visualization and analysis of the previously prepared 

networks. The networks and the optionally annotated content data should be viewed from 

different angles according to the above introduced SNI-Dimensions.  

In phase number five, concepts to realize potentials that have been identified in the previous 

step should be developed, such as the integration of a new tool for knowledge management to 

improve the collaboration of so far only weakly cross-linked employees. The sixth and final 

phase covers the implementation of the previously proposed solutions. 
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Figure 26: SNI-Process (Bobrik 2012:51; Krallmann, Bobrik et al. 2013:437)  

To continue recent work at the Chair of Systems Analysis and IT, this thesis uses a modified 

version of the SNI-Data Model as foundation and the SNI-Dimensions are used to describe and 

compare individual analysis parts of the ALADINF framework presented in chapter 3. 

2.10 Network Motif Analysis 

Network motif analysis is a wide-spread method used in various research disciplines such as 

Complex Systems Science, Biology or Sociology to analyse and describe properties of networks 

with varying size and connectivity. The core principle is that networks are seen as a collection 

of overlapping local structures or patterns, which are called network motifs that can be used to 

describe general profile properties of these networks. 

The analysis of network motifs became famous after Alon (2007) has published an extensive 

overview about the presence of recurring regulation patterns in transcription networks of 

microorganisms. Identical network motifs have been found in diverse systems or organisms 

from bacteria to humans emphasizing their role as basic building blocks of nature. (Alon 2007) 
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The presence or absence of specific types of these local structures can be used to formally 

establish the link between individual behaviour of network nodes and characteristics of the 

overall network structure (de Nooy 2009). As a logical consequence, such network motifs are 

often used to analyse the influence and presence of Social Network Effects (see chapter 2.7) in 

larger network structures. 

It is known that many networks share global features like a power-law degree distribution 

(Adamic, Lukose et al. 2001) or a Small-World Phenomena (Amaral, Scala et al. 2000). The 

existence or distribution of such global features can be analysed and modelled with network 

motif analysis (Milo, Itzkovitz et al. 2004; Robins, Pattison et al. 2005). 

The following subchapters include descriptions of common network motifs with two and three 

nodes as well as an introduction of the general approach of network motif analysis together 

with corresponding literature examples. Afterwards, a brief overview about research covering 

complex network motifs with more than three nodes is given. 

2.10.1 Dyads 

Network motifs in general consist of a defined number of nodes and the links in between. They 

describe patterns emerging from possible combinations of nodes and links among them. The 

smallest meaningful network motif is a dyad based on two nodes. A dyad can have no 

connections, one asymmetrical link or a bi-directional or mutual link. Figure 27 shows all three 

different dyad types. 

This figure also introduces a common naming scheme for network motifs, starting with an 

identification number followed by three additional digits indicating the number of bi-

directional links (mutual dyads), the number of uni-directional links (asymmetrical dyads) and 

of non-existing links (null dyads), and e.g. 100 for a mutual dyad.  

 

Figure 27: Dyad motifs based on (Wasserman and Faust 1994:510-512) 

Null Dyad

Asymmetric Dyad

Mutual Dyad
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2.10.2 Triads 

Network motifs differ in terms of size regarding the number of included vertices. Motifs can 

consist of two, three or more nodes and their connections. Network motifs consisting of three 

nodes are called triads. One of the early studies using triads as network motifs was conducted 

by Holland and Leinhardt (1975). They have defined sixteen different types from unconnected 

nodes (triad number one) to fully connected triads (triad number sixteen) which can be found 

in Figure 28. 

 
Figure 28: Isomorphic triad classes based on (Holland and Leinhardt 1976) 

These sixteen triad types above represent all possible connection patterns within motifs with 

three network nodes. The general naming scheme is as explained above. Due to overlapping, 

some network triads do include an additional letter to further distinguish otherwise similar 

motive types such as type [030].  

One important feature of these defined triad classes is isomorphism. All of the sixteen triad 

types can be mirrored and rotated but the internal link distribution remains identical. In such a 

case, all triad variants still belong to the same class expressing the same actor configuration. 

To illustrate this process, Figure 29 shows several representatives of triad type 7-111D. 

 

Figure 29: Isomorphism in network triads 

Triad Typ 7-111D
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2.10.3 General Approach 

The general idea of network motif analysis is based on the assumption that, if certain local 

configurations, or types of network motifs, appear more often in networks than expected by 

chance, it is possible to determine the presence of certain global network features and it is 

possible to describe the behaviour of actors in the network. 

Wasserman and Faust (1994) have introduced the motif analysis into the SNA discipline. In 

their sociological textbook of 1994, they describe a triadic census approach. The occurrences 

of the sixteen isomorphic triad classes from above are compared with their distributions in 

equally sized random networks to test structural hypothesis. (Wasserman and Faust 1994:556-

560) 

This approach was further developed towards the calculation of triad significance profiles 

based on the calculation described in formula 5 where  represents the frequency of motif M 

in the given network, 〈 〉 and  are the mean and standard deviation of M’s 

occurrences in a set of random networks.  =  〈 〉 (5) 

This normalized Z score for each network motif can then be plotted into a triad significance 

profile expressing the increased or decreased occurrence of network motifs (see Figure 30). 

(Huang, Sun et al. 2007; Juszczyszyn, Kazienko et al. 2008; Milo, Itzkovitz et al. 2004) 

 

Figure 30: Triad significance profile (Milo, Itzkovitz et al. 2004) 

The weak point of this analysis approach is the model used for the random network creation. 

The artificial networks have to be identical in terms of number of nodes and links but 

randomized regarding the network topology. The created network structure however depends 

on the model used (see chapter 2.11) for the network creation. Different network models 

influence the occurrence of network motifs in the random networks and hence change the 
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triad significance profile. To overcome these limitations, chapter 3.4.6 introduces a novel 

approach for network triad analysis to the SNA toolset that determines network motif 

occurrences without random network comparisons. 

2.10.4 Applications of Triad-based Network Motif Analysis 

Network triad analysis is a methodology that has been used in a broad variety of research 

studies and some examples are given below. 

Juszczyszyn et al. (2008) have analysed a large email network regarding the occurrence of 

triads. Based on a determined triad census, they have been able to identify super-families of 

social networks. (Juszczyszyn, Kazienko et al. 2008) 

Nooy (2009) has described several applications of motif analysis in SNA. The distribution of 

triads can be used to describe individual node behaviour in complex network structures and 

help to draw conclusions regarding social network effects such as structural balance, hierarchy 

or homophily. Such behavioural hypotheses can be directly mapped onto (overlapping) local 

network structures based on network motifs. “If hypothesized local configurations appear 

more often than expected by chance, the underlying behavioural hypothesis is assumed to 

guide individual behaviour at least to some extent.” (de Nooy 2009) 

Kamaliha et al. (2008) have used network motif analysis to study behaviour of bloggers when 

they post comments in on other blog pages. Within their analysis, certain rules (based on local 

triad connections) could be extracted to identify network features to detect spam comments. 

(Kamaliha, Riaha et al. 2008) 

2.10.5 Applications of Complex Network Motif Analysis 

Due to complexity reasons and required computational power, most of today’s research is 

based on triads as 3-node motifs. However, some research studies have evaluated the 

existence of 4-node motifs, so called tetrads. Contrary to the holistic analysis of all sixteen 

isomorphic triad types, only selected tetrad types have been analysed and a categorization of 

all possible tetrad motifs is not given. 

Milo et al. (2002) have studied complex networks and motifs as building blocks of various 

complex networks. These complex networks range from the scale of gene regulation networks 

over food webs and electronic circuits up to the World Wide Web. In their study, 4-node 

motifs are used to describe and discover certain feed-forward or feedback loops in the 

networks. (Milo, Shen-Orr et al. 2002) 
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In a subsequent study, Milo et al. (2004) used motif analysis with tetrads to compare complex 

networks of different size and connectivity. They have developed an approach to 

systematically study similarity in the local structure of networks based on the significance 

profile of small motifs in the network compared to randomized networks. They found several 

super-families of previously unrelated networks with similar significance profiles. These super-

families include power grids, protein-structure networks, geometric networks, World Wide 

Web links and social networks. (Milo, Itzkovitz et al. 2004)  

Kashtan et al. have introduced a systematic approach to define motif generalizations covering 

families of different sized motifs that share common architectural themes such as a feed-

forward loop based on different node roles. (Kashtan, Itzkovitz et al. 2004) 

In some other studies, network motif analysis with tetrads or even larger motifs has been 

applied. As already mentioned above, these studies do not include a comprehensive analysis of 

all possible combination patterns or tetrad types. Instead, the occurrence of selected motif 

types have been analysed (Grochnow and Kellis 2007; Hales and Arteconi 2006; Leskovec, 

Singh et al. 2006). 

The analysis of network motifs as described above is an integral part of the analysis framework 

ALADINF described in chapter 3 as the first artefact of this thesis. The design of the framework 

includes a static and dynamic analysis of both triad and tetrad-based network motifs. Special 

emphasis is laid on differences regarding the network motif distributions in link attribute-

based sub networks compared to the whole network topology. Possible differences are used 

to identify and describe dissemination processes of link attributes in online social networks. 

2.11 Models of Complex Networks 

In this chapter, basic models for the description of Complex Networks are introduced. Such 

network models are often applied in SNA to create random networks used for the derivation of 

baseline values for statistical tests (see chapter 2.10). 

For some time, Complex Networks have been described as simple random graphs in 

comparison to regular graphs. The first related studies on random graphs from Erdös and 

Renyi (1960) date back to the 1960s of the last century. Today's findings, however, differ from 

the assumption of simple random distributions and underline the fact that the structure of 

Complex Networks has some specific design features which are not present or cannot be 

explained within simple models. 
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With the increasing availability of large network datasets, the study of Complex Networks in 

the last decade has skyrocketed. Particularly in the context of statistical physics research, a 

variety of relevant publications was made. The main focus is on the development of models to 

describe the origin and occurrence of certain key design features of Complex Networks, such as 

certain node degree distributions, network densities and diameters or clustering coefficients. 

(Caldarelli and Vespignani 2007:5-34) 

Literature distinguishes two different classes of network models, static random graph models 

and models of network growth, which will be briefly described below together with main 

representatives of both categories. Although it is also possible to develop and apply such 

models for bipartite networks (Guillaume and Latapy 2006), due to the limited scope of this 

thesis, only models for one-mode networks are addressed. 

As part of the analysis framework described in chapter 3, the Poisson Distribution Model, the 

Rewiring-graph Model and the U|MAN Distribution Model are used to create random 

networks. These artificial networks are used to derive expected- or baseline values for 

statistical tests. 

2.11.1 Static Random Graph Models  

The first category of random graph models subsumes models that do not consider the 

temporal development of the network topology. These types are called static random graph 

models and include models that only describe static network structures with a fixed number of 

vertices and edges that are assigned according to some probabilistic law without consideration 

of any network dynamic. Three well known models for static random graph creation are 

presented below. 

2.11.1.1 Poisson Distribution Model 
The baseline model is the aforementioned Poisson random graph based on work of 

Solomonoff and Rapoport (1951) as well as Erdös and Rényi (1960) sometimes also referred to 

as Bernoulli random graph distributions. 

In this model, the random networks are created with a given number of nodes and each link in 

the network is created with given probability p without any further rules. This concepts lead to 

networks graphs with a binomial node degree distribution (see Figure 18 and Figure 31). 
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The graph presented in Figure 31 illustrates the probability of nodes having a specific amount 

of direct contacts. In networks with binomial degree distributions, the diagram exhibits a bell-

shaped probability function with a peak at the average node degree.  

 

Figure 31: Binomial node degree distribution 

Some variations of this model have been developed to extend Bernoulli random graphs to 

include more realistic features, such as a specific degree distribution. (Newman, Strogatz et al. 

2001) 

2.11.1.2 U|MAN Distribution Model 
The U|MAN distribution model creates conditional random graph distributions according to a 

given dyad census based on real networks. A dyad represents a network motif consisting of 

two nodes and the relationships between them (see chapter 2.10.1). 

 

Figure 32: U|MAN graph model 
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The dyad census represents the total number of bi-directional connected dyads, the number of 

unidirectional connected dyads and the number of not connected dyads (U|MAN = (U)niform 

distributed | (M)utual, (A)synchronous and (N)ull dyads).  

U|MAN models create artificial networks whose connections are distributed in such a way, 

that a given dyad census is recreated (see Figure 32). (Holland and Leinhardt 1975; Wasserman 

and Faust 1994:547)  

2.11.1.3 Rewiring-graph Model 
The rewiring-graph model creates artificial network configurations with a fixed node out-

degree distribution (Katz and Powell 1957). The algorithm starts with a given regular or real 

network graph and pairs of nodes and their respective selection of links are re-wired.  

The total number of nodes and edges thereby remain the same (see Figure 33). While the 

network topology is altered, the given node out-degree distribution remains the same. This 

leads to networks with small characteristic path length and therefore to random networks 

expressing a Small-World Phenomena (see chapter 2.6.1). (Watts and Strogatz 1998)  

 
Figure 33: Random rewiring procedure (Watts and Strogatz 1998) 

2.11.2 Models of Network Growth 

The second class of network models describe algorithms that include rules for the description 

of the temporal development or emergence of the network graphs and are therefore called 

models of network growth. Below, three well known models considering network growth are 

presented. 
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2.11.2.1 Preferential Attachment Model 
A well known model for network growth is called preferential attachment model and was 

developed by Barabasi and Albert and is based on the work of Price (1965). This model 

describes the growth process of scale-free network structures. Starting with an initial set of 

nodes with equal degree distribution, new nodes are being attached to the network. The main 

feature of the model describes the addition of new vertices over time with a connection rule 

governing the way new vertices establish connections with previous nodes. The probability of 

a new node ni being connected with a node nj depends on the connectivity of that node j 

(better connected nodes are preferred). This leads to unequal, scale-free node degree 

distributions with over time. The main limitation of this model is the inability to describe 

outgoing degree distributions as only node in-degree growth is explained. (Barabasi and Albert 

1999; Caldarelli and Vespignani 2007:23) 

2.11.2.2 Growing Network Model 
Krapivsky and Redner have developed an advanced model overcoming the limitation of the 

preferential attachment model. Their approach models spontaneous development of 

correlations between connected nodes and is able to explain incoming and outgoing node 

degree distributions. This is done by defining rules for the attachment of new nodes as well as 

the redirection of links among existing nodes over time. (Krapivsky and Redner 2001) 

2.11.2.3 Exponential Random Graph Models 
Exponential random graph models describe several approaches to model random graphs and 

their temporal influence effects. Ties among nodes within a network are interpreted as 

random variables. Assumptions about dependencies among these variables determine the 

form of the exponential random graph model (Robins, Pattison et al. 2007).  

As an example, Snijders has developed a stochastic actor-oriented approach with a dynamic 

model which evaluates the differences between real network data collected at different 

subsequent time points and estimates appropriate parameters that are likely to influence the 

network dynamics. With this approach, a variety of actor attributes and network parameters 

based on subsequent observations of a network can be estimated as drivers of change and can 

serve as input for random network creation. (Robins, Snijders et al. 2007; Snijders 2001; 

Snijders, van de Bunt et al. 2010) 
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2.11.3 Further models 

As already mentioned above, the available knowledge base includes a broad variety of 

different models for specific applications and types of Complex Networks. The Table 6 below 

includes a small sample of further random graph models each with special features like the 

model from Leskovec et al. (2008) that includes node-lifetime and node-removal. 

Table 6: Example publications including models for complex networks 

Source Model 
Graphs over time: densification 
laws, shrinking diameters and 
possible explanations  
(Leskovec, Kleinberg et al. 2005) 

Includes a graph generating model based on forest-fire 
spreading process with increasing density and 
shrinking average distance over time 

Structure of growing social 
networks 
(Jin, Girvan et al. 2001) 
 

Simple growth model of complex networks based on 
three principles including transitivity, decaying 
acquaintances and upper limit of relationships per 
node 

Generating network topologies 
that obey power laws 
(Palmer and Steffan 2000) 

Two models for topology generation of artificial 
complex networks that obey power law degree 
distribution 

Microscopic evolution of social 
networks 
(Leskovec, Backstrom et al. 2008) 

Includes a model of network evolution with 
predefined node arrival rate, selected node lifetime 
and random edge initiation according to a gap process 

On generating random network 
structures: connected graphs 
(Rodionov and Choo 2004) 

Selection of base algorithms for generating connected 
random graphs incorporating certain restrictions such 
as given node degree or different probabilities of edge 
existence 

Random graphs with arbitrary 
degree distributions and their 
applications 
(Newman, Strogatz et al. 2001) 

Includes a model for random graph creation with 
arbitrary node degree distribution different from basic 
Poisson distributions 

 

Despite the distinction in static and network growth models made above, another 

differentiation is suggested by Toivonen (2009). His approach differs between network 

evolution models (NEM), in which the development of network links depend solely on the 

(local) network topology and between nodal attribute models (NAM) in which the network 

development depends on node attributes. NEMs can further be distinguished in growing 

models, in which nodes and edges are added over time and dynamical models in which nodes 

and edges are created and removed over time. 

Furthermore, a comprehensive overview about models describing the structure and 

development of various Complex Networks can be found in (Albert and Barabasi 2002), 

(Dorogovtsev and Mendes 2002) and (Newman 2003). 
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2.12 Sentiments in Electronic Communication 

This chapter includes an introduction and literature overview regarding sentiments in digital 

social networks or online environments in general. As part of the 7th EU Framework Program, 

the project Collective Emotions in Cyberspace (CyberEmotions) has addressed the question to 

what extent the existence of collective emotional states and processes of sentiment 

propagation can be detected in online social networks (CyberEmotions 2011). Many of the 

results and findings described below have been obtained within this project. This related 

research serves as a good starting point for the case study focused on the influence and 

dissemination of sentiments in electronic networks described in chapter 5.1.  

At first, some often likewise used terms such as emotions, affect, mood or sentiments are 

defined and demarcated. Afterwards, available literature covering the identification, presence, 

influence and dissemination of sentiments are introduced. 

2.12.1 Definition and Differentiation 

Within the analysis of sentiments in the context of CMC, a number of different terms are often 

used incorrectly or are falsely treated as synonyms. Among these terms are phenomena like 

mood, affect, attitude, sentiment or emotions.  

From a medical-psychological perspective, these terms describe different aspects. Scherer 

(2005) differs between seven types of affective phenomena which are briefly defined and 

demarcated in Table 7 below. 

Table 7: Types of affective phenomena based on Scherer (2005) 

Type of Affective 
Phenomena 

Description 

Preferences • Relatively stable evaluative judgments in the sense of liking or 
disliking a stimulus, or preferring it or not over other objects or 
stimuli 

• The affective states produced by encountering attractive or 
aversive stimuli (event focus) are stable and of relatively low 
intensity 

• Generate unspecific positive or negative feelings with low 
behavioural impact 

Attitudes • Relatively enduring beliefs and predispositions towards specific 
objects or persons 

• Consists of a cognitive component (beliefs about the attitude 
object), an affective component (consisting mostly of differential 
valence), and a motivational or behavioural component 

• Do not need to be triggered by event appraisals 
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Moods • Diffuse affect states characterized by a relative enduring 
predominance of certain types of subjective feelings that affect 
the experience and behaviour of a person 

• May often emerge without apparent cause that could be clearly 
linked to an event or specific appraisals 

• Generally of low intensity and show little response 
synchronization, but may last over hours or even days 

Affect Dispositions • Tendency of a person to experience certain moods more 
frequently or to be prone to react with certain types of emotions 

• Terms like irritable or anxious can describe both affect dispositions 
as well as momentary moods or emotions  

• Important to specify whether the respective term is used to 
qualify a personality disposition or an episodic state 

Interpersonal 
Stances 

• Characteristic of an affective style that spontaneously develops or 
is strategically employed in the interaction with a person or a 
group of persons, colouring the interpersonal exchange in that 
situation (e.g. being polite, distant, cold, warm, supportive, 
contemptuous) 

• Interpersonal stances are often triggered by events, such as 
encountering a certain person, but they are less shaped by 
spontaneous appraisal than by affect dispositions, interpersonal 
attitudes, and, most importantly, strategic intentions 

Aesthetic Emotions • In the case of aesthetic emotions, the functionality for an 
immediate adaptation to an event that requires the appraisal of 
goal relevance and coping potential is absent or much less 
pronounced 

• Not in the service of behavioural readiness or the preparation of 
specific, adaptive action tendencies 

• Examples like listen to music or viewing a work of visual art do not 
satisfy bodily needs, current goals or plans, or correspond to social 
values but can trigger an emotional response  

Utilitarian Emotions • Studied in emotion research such as anger, fear, joy, disgust, 
shame or guilt 

• These types of emotions can be considered utilitarian in the sense 
of facilitating our adaptation to events that have important 
consequences for our wellbeing. 

 

These different types of affective phenomena can be evaluated and compared regarding 

several design features such as having an event focus, intrinsic appraisal, transactional 

appraisal, rapidity of change, behavioural impact, intensity (of the response patterns) or 

duration (maintained time period). A differentiation of the different types of affective 

phenomena according to these design features can be found in Figure 34. (Scherer 2005) 

On the basis of this comparison, it is clear how much these concepts describe different states 

regarding triggering, duration and human body reaction. For example, moods can be seen as 
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longer lasting affective states with medium change rate and high impact on human behaviour 

whereas emotions do have a very high behavioural impact but short duration and are usually 

triggered by an external event. 

 

Figure 34: Design feature differentiation of different types of affective phenomena (Scherer 2005) 

To reduce the scope of this work and following the distinctions made above, the following 

parts of this sub-chapter are focused on emotions. As described above, there is a plurality of 

different emotions that the human body can experience. To compare these different types of 

emotions, several different approaches and models have been developed. A widely used 

approach is the circumplex model initially developed by Russel (1980) which can be seen in 

Figure 35. 

 

Figure 35: Spatial model for emotion classification based on (Russel 1980) 

In this model, emotions can be distinguished according to their position in a 2-dimensional 

spatial model. The two axes represent valence, from positive to negative, and arousal from 
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active to passive. Hence, all emotions are classified regarding their valence and arousal and are 

plotted in the circular model, e.g. angry represents a both negative and active emotion 

whereas depressed is also negative but passive. 

As already mentioned above, in literature, many of the terms mentioned above are either used 

incorrect or treated as synonyms. The term sentiment is also only vaguely defined. In the 

frame of the following chapters 3, 4, and 5, the term sentiment refers to the valence part of 

emotions with values ranging from positive and negative. 

2.12.2 Identification 

The detection of sentiments or affective expressions in written text was originally part of the 

research discipline Opinion Mining with a focus on the extraction of positive or negative 

opinions from (unstructured) text. Here, sentiment analysis is used for the computational 

treatment of opinion, sentiment, and subjectivity in written text. Opinion Mining can be used 

in a broad variety of applications, e.g. the detection of movie popularity from multiple online 

reviews or which parts of a vehicle are liked or disliked by owners through their comments in a 

dedicated discussion forum. Opinion Mining and has gained a lot of attraction with the 

growing availability and popularity of opinion-rich resources such as online review sites and 

personal blogs. (Pang and Lee 2008) 

In this frame, the identification of sentiments is only one of many tasks among Text Mining or 

Clustering. Wilson (2008) has generalized sentiment analysis to the identification of an 

author’s hidden internal state based on the presence of affective expressions in his textual 

contributions detached from Opinion Mining. 

Despite the rise of audio and video content, written text is still the most important 

communication medium in the Internet especially in online social networks. Hence, tools for 

the identification of affective expressions are focused on textual messages. Two main 

approaches are used in such tools:  

• Machine-learning approaches are using a set of human annotated documents from 

which the algorithm learns the characteristics of sentiments. After an initial training 

phase, these software algorithms can classify any given text regarding embedded 

sentiment expressions.  

• Lexicon-based approaches are utilizing lists of positive and negative terms annotated 

by humans. The given text is analysed regarding the occurrence of these preselected 

terms and is afterwards classified as positive or negative.  
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Machine-learning approaches in general do perform slightly better but are typically domain-

dependent. Due to their generic structure and higher domain independence, lexicon-based 

approaches do archive better results within the usage across different domains. (Thelwall, 

Buckley et al. 2011) 

The Internet houses several lists with annotated affective terms such as SentiWordNet or 

WordNetAffect which are typically used for lexicon-based sentiment detection. The most 

popular of these word lists is provided by the centre for the study of emotion and attention 

located at the University of Florida. Their Affective Norms for English Words (ANEW) provides a 

set of normative emotional ratings for a large number of words in the English language. All 

included words have been rated in terms of valence, arousal and dominance in order to create 

a standard for use in studies of emotion and attention. (Bradley and Lang 2013) 

Other special types of these affective expressions are so called Emoticons. Emoticons (artificial 

word based on emotions and icon) are strings consisting of ASCII characters that mimic a 

certain facial expression to articulate mood or feeling states within written communication 

(Baron 2009; Derks, Bos et al. 2007) which facilitate the identification emotions in 

communication.  

In the past decade, a broad variety of studies have been conducted focused on the 

identification of sentiments in written text (Aman and Szpakowicz 2007; Nielsen 2011) and 

many corresponding software tools have been developed. One of the most recent tools is 

SentiStrength. This classifier represents the state-of-the-art in sentiment classification and was 

developed as part of the European FP7 project CyberEmotions (Thelwall 2012). The software is 

capable of detecting positive and negative sentiments in short informal text. The classifier is 

implementing a lexicon-based approach and uses an own list of more than 800 human 

annotated terms regarding the expression of positive and negative sentiment and their 

strength. The software includes spelling correction and considers booster words that alter 

strength such as very, negating word like not, repeated letters that can boost sentiment, a list 

of emoticons and accounts for the importance of exclamation marks and repeated 

punctuation. Especially in online environments with lots of informal language, SentiStrength 

has proven to be a compelling and suitable tool for sentiment detection (Thelwall, Buckley et 

al. 2011).   

In summary, originated in Opinion Mining, Sentiment Analysis is a popular research area 

focused on the identification of sentiments or affective expressions. A broad selection of tools 
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and approaches to detect and classify sentiments within online communication is available 

today. 

2.12.3 Presence 

The first analysis regarding the presence of emotions or sentiments in electronic media was 

conducted in 1987 by Rice and Love. The research question was whether emotional aspects of 

human communication were also present in CMC, although this communication media is 

limited regarding the transfer of non-verbal signals. The investigation revealed that about one 

third of all posts in discussion forums expressed an emotional message. (Rice and Love 1987)  

Based on this initial analysis and due to the rapid dissemination of online communication 

applications, the presence of sentiments, emotions or affective expression in electronic social 

networks have been analysed in several subsequent studies. 

In 2007, Derks et al. have examined differences that can be identified regarding the 

communication of emotions in face-to-face communication and in CMC. The results confirmed 

the results of Rice and Love. Emotions are abundant in CMC and there is no indication that 

CMC has to be understood as an impersonal medium or that it is difficult for the user to 

communicate emotions online. (Derks, Fischer et al. 2007) 

In 2009, Thelwall and Wilkinson analysed the existence of sentiments and emotions in online 

social networking sites in postings on user pages. Their findings suggest that positive emotions 

are present in about two thirds of the analysed comments. In addition, female users tend to 

use positive emotion more than male users, especially in pro-social context. Another finding is 

that negative emotion is much rather present than positive emotion and is furthermore not 

associated with gender. To conclude this study, it has been shown that SNS like MySpace 

represent an emotion rich environment. (Thelwall and Wilkinson 2009) 

In 2011, Golder and Macy conducted a study analysing the relationship between real life and 

online social activity. They found individual-level diurnal and seasonal mood rhythms in 

cultures across the globe by analysing a large number of public Twitter messages regarding the 

expression of positive and negative affect. People typically awake in a good mood that 

deteriorates as the day progresses. (Golder and Macy 2011) 

These results are in accordance with results from Mislove et al. (2010) who visualized the 

public mood in the United States throughout the day also based on Twitter messages with the 

application of the ANEW lexicon for sentiment detection. 
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In 2012, the presence of sentiments in YouTube comments have been analyzed by Thelwall et 

al. Results show that typical text comments are mildly to moderately positive. However, 35% 

of comments contain some negativity. Although negative sentiment represents the minority, 

videos with a high number of comments exhibit a higher share of negative sentiments and 

therefore, negativity seems to drive user comments. (Thelwall, Sud et al. 2012) 

In summary, online social networks or CMC in general can be seen as an environment which 

allows for the expression of sentiments and emotions despite the absence of non-verbal 

communication parts. 

2.12.4 Influence 

Based on the presence of sentiments in online content, further research studies are focused on 

the influence of such affective expression on node communication and node behaviour. The 

study Emotional Reactions and the Pulse of Public Opinion has analysed the role of emotions in 

online communication regarding the public opinion formation by analysing political discussions 

in online newsgroups. The analysis has shown that the automatic opinion analysis of online 

discussions does provide significant insights on people’s behaviour in real worlds and those 

online discussions, although they are not a demographically representative of the population, 

represent an adequate sample for public opinion trend detection. The second finding of the 

study is that emotions can be used as consistent indicators of political events. (Gonzalez-

Bailon, Banchs et al. 2010) 

In 2010, another study addressed the question of homophily effects of emotional expressions. 

The study from Thelwall unveiled a weak but significant level of homophily for both positive 

and negative sentiment expressions. Results support the theory of sentiment reciprocity. As an 

indirect result, sentiments have been identified as an influence factor of human 

communication in SNS. (Thelwall 2010) 

Miller et al. (2011) have analysed sentiment dissemination through hyperlink networks and 

concluded that nodes are strongly influenced by their communication partners. In addition, 

they found that sentiment polarization is more likely to be present as length of a 

communication chain increases. 

In the same year, Chmiel et al. (2011) have analysed the distribution of emotional clusters 

defined as sequential online comments with identical sentiment. The frequency of long 

clusters was much higher than compared to random strings indicating an influence of 
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sentiments on human communication. A subsequent study confirmed these results by showing 

a high correlation of sentiments in subsequent comments (Weronski, Sienkiewicz et al. 2012). 

In 2012, Garas et al. (2012) have studied emotional persistence in online chatting 

communities. Both individual users and chat channels exhibited a strong persistence of 

emotional expressions. Users tend to follow social norms in repeated interaction in online 

chats which creates a specific emotional tone of the communication channel.  

Bliss et al. (2012) have analysed Twitter messages regarding patterns of sentiment expressions. 

According to their results, the user’s average happiness score tends to be positively and 

significantly related to other users of their ego-networks. Additionally, Tang et al. (2012) have 

successfully created a research framework to do quantitative analysis of individual’s emotional 

states and how certain person’s emotional states influence (or are influenced by) friends in the 

same social network. 

In summary, online social networks can be seen as an emotion and sentiment rich 

environment. Despite their presence, affective expressions seem to have an influence on node 

communication behaviour. 

2.12.5 Dissemination 

In addition to the presence and influence of sentiments and emotions in online social 

networks, other research studies are dealing with their dissemination. Hill et al. have 

developed a model for describing emotions as infectious diseases in social networks. A dataset 

from a large social network was used to analyse the transmissive nature of emotions based on 

a modified version of a SIS model. The analysis has shown that long term emotional states can 

be spread among connected humans. Hence, emotions can be interpreted as some kind of 

infectious diseases that can disseminate in social networks. (Hill, Rand et al. 2010) 

In contradiction, Greetham et al. (2011) have analysed personal communication within several 

media together with positive and negative affect through self-reports. Results show no 

evidence for contagion processes. Instead, positive affect tends to move to the midpoint 

whereas negative affect tends to be drawn to the extremes indicating a certain influence. 

In return, a recent study by Kramer has examined the extent to which emotions spread among 

users of large social networks. The dataset contains status messages of users from their online 

profile page and the associated friendship connections among them. Results have shown that 

people tend to be influenced by other people’s positive or negative status updates even days 

later in their own postings. (Kramer 2011) 
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Pfitzner et al. have analysed message forwarding in Twitter postings. They found that the 

overall sentiment polarity does not influence the probability of a message to be forwarded. 

Instead, emotional divergence, describing the span of expressed emotions in one message, 

does have an impact. (Pfitzner, Garas et al. 2012) 

Another common emotion dissemination phenomenon in the Internet is flaming or so called 

flame wars describing the sudden burst of hostile expressions with strong emotions through 

swearing, insults, and name-calling (Lee 2005). The analysis of this issue started nearly 30 years 

ago. According to Kiesler et al. (1985), CMC, rather than provoking emotionality per se, elicits 

asocial or unregulated behaviour. Siegel et al. (1986) have shown that computer-mediated 

groups exhibited more uninhibited behaviour—using strong and inflammatory expressions in 

interpersonal interactions. Thompson and Foulger (1996) have analysed the presence of 

flaming in electronic mail environments and have shown that pictographs or emoticons can 

reduce its perception and propagation. 

2.12.6 Collective Affective States 

In addition to the presence, influence and dissemination of sentiments in online environments, 

several research studies are focused on the identification and description of collective affective 

states. Bollen et al. have addressed this research question dealing with collective emotional 

states and other socio-economic phenomena. A large dataset from a public micro-blogging 

platform was analysed regarding sentiments in postings and information about the user’s 

mood state. Results imply that collective emotional states can be found in social networks and 

certain real world events and there influences within social networks can be measured. 

Positive or negative events have a significant immediate and specific effect on public mood. 

(Bollen, Goncalves et al. 2011; Bollen, Pepe et al. 2009) 

Thelwall et al. have further analysed the relationship between real life events and the 

increased occurrence of positive and negative sentiments in postings on the micro-blogging 

service platform Twitter. They have identified popular events with a relative increase in usage 

of related terms, such as the Oscars. According to their findings, popular events are normally 

associated with increases in negative sentiment strength and peaks of interest in events 

exhibit stronger positive sentiment than before. However, the average changes in sentiment 

strength around popular events are very small. (Thelwall, Buckley et al. 2011) 

Further research has shown the existence of emotion-driven user communities and collective 

emotional states and their influence on community life. Results corroborate the influence of 
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sentiments on nodes in networks and the existence of emotional clusters with identical 

sentiment polarization in electronic social networks. (Chmiel, Sienkiewicz et al. 2011; Mitrović, 

Paltoglou et al. 2010) 

2.12.7 Limitations 

The analysis of emotions and sentiments in the CMC environment and in electronic social 

networks is a complex field. As presented above, many publications and research studies are 

focused on the analysis of sentiments in electronic networks. With the availability of special 

tools to detect affective expressions, many large datasets of online social interaction have 

been analysed deriving insights about influence and dissemination of sentiments. Despite 

these advancements, the accurate sentiment classification in longer texts and the 

identification of irony and sarcasm still remain challenges for reliable sentiment detection in 

online corpora. (Thelwall, Buckley et al. 2011) 

One of today’s main limitations is the blurry differentiation between the different types of 

affective phenomena, such as mood, attitude or emotions. Most studies using the term 

emotion are rather focused on the expression of sentiments.  

Beyond that, there are more unanswered questions. As already discussed, emotions represent 

complex bio-mechanical and social processes whose analysis requires a multidisciplinary 

approach. As the introduced studies from above indicate, people express emotions through 

communication on the Internet and experience them at the same time. Establishing the link 

between emotional and sentiment laden content in electronic networks towards emotional 

experiences of people represents an enormous challenge. (Kappas 2002) 

The first fundamental question is associated with the object being measured. One can 

measure the affective or emotional content of the message as such, the emotions of the 

author (sender) who wrote the message or the emotional reaction of the reader (receiver). 

The next and more general question is, to what extent this affective or emotional content is 

associated with the emotional state of people. (Kappas 2010) 

There are already first studies with the aim of investigating the relationship between 

emotional content on the Internet and the emotional impact of these materials on the authors 

and readers. In recent research activities, test persons have been connected with sensors to 

electronic measuring instruments to investigate the subjective physiological reactions of them 

during the consumption and production of textual messages in digital environments. First 

results have shown that people respond well to emotional stimuli from computer networks, 
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but further studies on the relationship between individual response and dispersion models of 

sentiments and emotions are required. (Kappas, Tsankova et al. 2010; Küster, Tsankova et al. 

2011) 
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Framework for Analysis of Link Attribute 
Dissemination In Networks (ALADINF) 
This chapter contains a description of the first 

artefact of this thesis: a framework to analyse 

link attribute presence, influence and 

dissemination in electronic social networks 

(ALADINF). As already mentioned in chapter 1, 

the analysis framework itself is not tailored 

towards specific types of link attributes. The 

following descriptions in this chapter are 

therefore referring to link attributes in general. 

An event-based data model serves as the 

foundation of the framework which stores 

detailed information about the network 

interaction (see chapter 3.1). 

To address the first research question, the 

framework consists of nine individual analysis 

parts, each including different approaches and 

metrics from SNA focused on specific aspects 

of link attribute influence and dissemination. 

The general framework structure is described 

in chapter 3.3 whereas the specific 

methodology is described in chapter 3.4.  

To address the second research question, 

chapter 3.6 includes a research guideline 

providing a guided path for the application of 

ALADINF, from data preparation to evaluation 

of the analysis results.   
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3.1 Event-based Data Model 

To continue recent work at the IKM-research group, the foundation of the analysis framework 

is a modified version of the event-based network data model as part of the Social Intelligence 

Framework introduced in chapter 2.9. The main advantage and differentiating factor 

compared to other network data storage approaches lies in the decomposition of the link 

relationship data. The data model does not directly store information about the presence or 

absence of certain network relationships, but instead stores a list of interaction events 

between network nodes. The following sub-chapters include detailed descriptions of the data 

model. 

3.1.1 Basic Data Types 

The event-based data model consists of two main parts: nodes and linkevents. Figure 36 

includes a database schema of the whole data model including attributes and references 

(foreign key relations). According to common database terminologies, the term table is used 

within the following paragraphs for the data model entity elements. For each single network, 

these five database tables needs to be filled with corresponding data. 

 

Figure 36: Event-based data model based on (Bobrik 2012; Trier 2008) 

The table Node encapsulates all nodes that are part of a specific network. For each node in the 

network, a corresponding entry in the table Node has to be created. All entries are identified 

with a unique node identification key (nodeID). The Node table can represent various types of 

network nodes. However, within the scope of this framework, entries in the Node table 
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represent humans interacting in online environments such as online discussion forums, 

newsgroups or email networks. 

The second data element is Linkevent. As already mentioned above, the data model does not 

directly store information about the presence of network edges but instead includes a list of 

interaction events that occur within the online discourse. These interaction events can cover 

any kind of online interaction, such as a comment in an online discussion forum, a micro-

blogging post, an email, a research paper, etc. These interaction events are called linkevents. 

For each linkevent, a corresponding entry in the table Linkevent has to be created. All 

linkevents are identified with a unique linkevent identification key (linkeventID). The 

aforementioned kind of user generated online content normally has a timestamp referring to 

the time point at which the specific data element was created. To enable the analysis of 

dynamic influence and dissemination later in the framework, this timestamp has to be stored 

in the data field linkeventDate. 

The two main data elements Node and Linkevent are connected with three further relational 

data elements. These additional data tables are used to map the sender – recipient 

relationship of the linkevents. The data table LinkeventSender includes the sender information. 

It includes pair wise references to a node from the Node table, the senderNodeID, as well as a 

reference to a linkevent from the Linkevent table, the linkeventID. 

The data table LinkeventRecipient includes the recipient information for the linkevents. Each 

entry in this table includes a pair wise reference to one node from the Node table as well as a 

reference towards a linkevent from the Linkevent table. 

Both tables LinkeventSender and LinkeventRecipient can be used to store online interactions 

with a sender-recipient relationship like email. This kind of interaction can be seen as direct or 

message-based communication. However, within certain online applications, such direct 

relationships are sometimes not present or visible. User generated online content always has 

some kind of sender, e.g. the author of a blog post or the sender of an email, but sometimes 

misses a recipient. Instead, such online content may include references to other online 

content. A post in a discussion forum may be a reply to another post or quote parts of 

different other posts. In this case, the data table LinkeventParent should be used. This data 

table does not include references to nodes from the Node table but instead include pointers to 

two linkevents from the Linkevent table. In such a case, a linkevent refers to another linkevent 

with a corresponding entry in the table LinkeventParent. This kind of interaction can be seen as 

indirect or thread-based communication. 
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To maintain the flexibility of the data model, the two aforementioned relational data tables 

LinkeventRecipient and LinkeventParent have a 1:m cardinality. Each linkevent must have one 

sender but can have one or more recipients as well as one or more linkevent-parents, even at 

the same time. 

3.1.2 Network Graph Creation 

The ability to map both direct and indirect communication in the data model makes it possible 

to store almost all kinds of communication on the Internet. For the creation of network graphs, 

the linkevents among nodes in the network are aggregated to links between them (see Figure 

37). A network link is established if there is at least one exchanged message between two 

actors. 

 
Figure 37: Network graph elements 

Both the direct (message-based) and the indirect (thread-based) communication is interpreted 

as a one-mode network graph consisting of nodes and edges (see chapter 2.4.1). The graph 

itself does not differ between these two types (see Figure 38).  

In case of direct communication, nodes in the network send messages to one or more 

recipients and links between the sender and the recipient(s) are created. It is also possible that 
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linkevents do not have a recipient, or sender and recipient are identical. In this case, a non-

visible self-link will be established. 

In case of indirect communication, the nodes in the network do not address their messages to 

specific recipients. Instead, they point to a previous linkevent in the network. Hence, the link is 

established between the author of the original (target) message and the author of the reply. 

 
Figure 38: Direct- and indirect communication 

As already mentioned above, this event-based data model allows the storage of various kinds 

of direct, indirect or mixed types of interaction. Despite possible technical differences in linking 

to others, from a user’s perspective, all different domains share the general property that 

people are interacting with others and are exposed to the social influence of other users in 

similar ways – regardless whether it is a posting, a direct message or some previous micro-

blogging post that an actor responds to. Although in case of indirect communication, a direct 

reference to another node is missing, such communication can also be interpreted as a link 

between actors. Although people are responding to posts or comments, they actually do refer 

to people (Zhongbao and Changshui 2003). 

In consequence, within the analysis framework introduced below, all network relationships 

from both direct and indirect communication types are treated equally and no further 

differentiations are made. 

3.1.3 Additional Data Storage 

The data tables and references introduced above are used to store the network topology data. 

However, within the focus of this work regarding influence and dissemination of arbitrary link 
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attributes, additional information must be captured within the data model. The data tables 

Node and Linkevent do contain five additional data fields named Detail1-5 which are used to 

store arbitrary attributes for both nodes and linkevents. This data stored within the Detail 

fields are later being used, among other things, to identify the link attribute type of linkevents 

within a specific analysis (see chapter 3.6.2). Data stored in the Detail fields within the Node 

table can further be used to apply a node filter within the analysis (see chapter 3.6.3). 

3.1.4 Sub Network Extraction 

Within the analysis framework ALADINF, certain analysis parts and metrics require the 

extraction of link attribute-based sub networks out of the whole network topology. 

Due to the decomposition of network links to exchanged linkevents among nodes in the 

network, sub networks can be easily generated. Such sub networks only include linkevents 

that feature certain link attribute types in focus of the analysis. Figure 39 illustrates this 

extraction procedure with sentiments in exchanged messages as possible link attribute types. 

 
Figure 39: Sub network extraction 

In this example, each linkevent either expresses positive, negative or neutral sentiments. The 

negative sentiment sub network is only incorporating linkevents expressing negative 

sentiment. In the same way, other link attribute-based sub networks can be extracted. Due to 

the decomposition to linkevents, these different sub networks can share parts of the network 

topology and do not have to be disjoint. 

3.1.5 Applications of Data Model 

Beside the usage of the event-based data model as foundation for the analysis framework 

ALADINF, it has been applied by the author in other research publications over the past couple 

of years. The following two examples should emphasize the general applicability of the data 

model for various network types and research activities. 
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In 2011, Levina and Hillmann have used the data model within an approach to evaluate the 

global conflict structure during the years 1816 till 2001. All countries are interpreted as nodes 

in a network. Wars and conflicts on earth are interpreted as linkevents among nations utilizing 

the date of the outbreak of a conflict as the linkevent timestamp. The resulting network was 

visualized using a world map including links between states as representations of conflicts. 

Node size and link width within the visualization have been used to highlight strong hostility. In 

addition to the network visualization, certain standard network metrics from SNA have been 

computed such as node degree or closeness centrality, network density, clustering coefficient 

and connectivity. Due to the inherent dynamics of the discourse, a dynamic network analysis 

was performed analysing the temporal development of link strength and network diameter 

distribution within specific time frames. (Levina and Hillmann 2011) 

In 2012, Levina and Hillmann utilized the event-based data model and applied it onto the area 

of network-based business analysis. Business process models from Event-driven Process Chains 

(EPC) and Business Process Model and Notation (BPMN) were transformed into networks 

interpreting process activities as network nodes and control- or information flow as linkevents. 

Metrics from (social) network analysis have been used to quantify business process properties 

and to define and identify certain process types. (Levina and Hillmann 2012) 

3.2 Related Social Science Theories 

As already mentioned above, the analysis framework ALADINF presented below is focused on 

the analysis of online social networks with humans interpreted as network nodes. Therefore, 

certain social behaviour must be considered within the design of the framework. The following 

sub chapters contain an overview of important theories and appropriate concepts from the 

social science research discipline that can be applied within the design of ALADINF regarding 

the analysis of influence and dissemination of link attributes in social networks. 

3.2.1 Social Influence Theory 

As a grounding framework, the perspective of Social Influence Theory must be considered. It 

focuses on the general influence and interdependences of personal behaviour and provides a 

broad range of concepts to explain how people’s individual actions are affected by other 

people as a result of interaction. Social Influence is not limited to actions but rather affects 

individual judgments, opinions and attitudes. (Cialdini and Goldstein 2004; Rashotte 2007) 

According to Kelman, three types of Social Influence can be distinguished: compliance, 

identification and internalization. Compliance can be described as outward agreement with 
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others by keeping own dissenting opinions private. Identification subsumes human behaviour 

influenced by someone important and respected from others. Finally, internalization covers 

concepts describing people’s acceptance or belief both in public and in private and therefore 

represents a strong influence. (Kelman 1958) 

3.2.2 Interpersonal Complementarity Theory 

Within this high level framework of Social Influence, theories of interpersonal behaviour are 

focused on human behaviours that complement each other. The general design of the analysis 

framework can be informed by the Interpersonal Complementarity Theory of Kiesler (1983), 

who suggests an “interpersonal circle” that predicts which behavioural patterns are most likely 

to follow after another in a reactive sequence. Correspondingly, each action of one user with 

certain characteristics is most likely to trigger a response from another user that bears the 

same characteristics, e.g. friendliness invites friendliness. (Kiesler 1983) 

3.2.3 Emotional Contagion Theory 

A similar prediction is suggested by the theory of Emotional Contagion. It describes the process 

by which human emotional states are influenced by other people through interaction and 

communication. People consciously and unconsciously adopt emotional states of their 

communication partners. Although Emotional Contagion Theory is essentially based on the 

effect of interpretation of non-verbal parts of human communication which are suppressed in 

online communication, it has been shown that emotional contagion is also present in online 

environments. (Belkin, Kurtzberg et al. 2006; Hatfield, Cacioppo et al. 1993) 

3.2.4 Social Balance Theory 

Heider’s (1946) classic theory of Social Balance is focused on the distribution and arrangement 

of positive and negative relationships in social networks. The balance theory describes certain 

small structural patterns and common principles that lead to stabile network structures on the 

basis of “the friend of my friend is my friend” and “the enemy of my friend is my enemy”. 

Heider’s Social Balance Theory describes the interplay of positive and negative relationships in 

network patterns among triples of nodes. A balanced situation is described as either only 

positive relations or two negative and one positive relationship. The flip cases with three 

negative or two positive and one negative relation are described as unbalanced, indicating 

instability and a tendency towards variation. (Heider 1946) 
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3.2.5 Attachment Theory 

To explain possible differences among network ties as described in Social Balance Theory 

above, Attachment Theory can be applied. This approach addresses different levels of 

perceived importance of individual relationships between a focal actor and his contacts, e.g. 

the relationship between a mother and their children. In this context, Attachment Theory 

suggests that certain characteristics of network links, such as an emotional polarisation, should 

be conceptualized as a property of the link rather than being a characteristic of the people 

themselves and therefore leading to differently treated network links. (Cassidy and Shaver 

2008) 

3.2.6 Design Implications 

Based on these social science theories, a general influence of people communicating with each 

other can be assumed. This influence is furthermore not limited to certain actor attributes, but 

instead can also be depended on attributes of the communication itself. Hence, the analysis of 

link attributes as potential influence factors of human communication in the frame of this 

work can be seen as a promising approach. 

According to findings from Social Balance Theory, the appearance of small, recurring 

interaction patterns should be examined in online social networks (see network motif analysis 

in chapter 2.10) and their interplay with so called Social Network Effects (see chapter 2.8) 

should be considered within the design of the framework. 

Social Balance Theory and Attachment Theory both point towards possible differences 

between individual network relationships. In particular, network links can eventually be 

described by certain features that may only relate to the network edge as such and not 

necessarily determine node characteristics. 

Furthermore, Emotional Contagion Theory and Interpersonal Complementarity Theory both 

indicate the presence of polarization or balance effects during communication processes 

between humans that should be considered in the context of link attribute analysis. 

In summary, derived from the different social science theories introduced above, the following 

important aspects regarding influence and dissemination of link attributes in online social 

networks have to be considered within the design of the ALADINF framework: 

• Reciprocal influence of people through communication with each other (through link 

attributes) 
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• Small recurring network patterns to describe structural characteristics of link attribute 

dissemination 

• Presence and impact of Social Network Effects within the network emergence 

• Appearance of differences between individual network relationships 

• Existence of polarization and balance effects between communication partners 

3.3 Framework Structure 

This chapter describes the overall structure of the framework for Analysis of Link Attribute 

Dissemination In Networks (ALADINF). Due to the complexity of the subject, this artefact 

consists of separate individual analysis components that complement each other. Each of 

these analysis parts is designed to explore certain facets or aspects of the phenomenon in 

general with a focus on specific sections of the network data to address the first research 

question: 

1) How can well-proven metrics of Social Network Analysis be applied or extended to 

compose a methodical framework to facilitate the analysis of link attribute presence, 

influence and dissemination in digital social networks? 
 

To describe and differentiate the separate analysis parts within the framework, a slightly 

modified version of the SNI–Dimensions introduced in chapter 2.9.2 is used. Based on this 

theoretical concept, the analysis object is divided according to three different dimensions: the 

Structural Dimension, the Temporal Dimension and the Level of Investigation (see Figure 40). 

 
Figure 40: ALADINF analysis dimensions based on (Bobrik 2012) 
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Within the ALADINF framework, the Structural Dimension distinguishes between four different 

components of the network data. The Network Element Level covers single nodes, links and 

linkevents. The Network Motif Level is focused on triples (triads) and quadruples (tetrads) of 

nodes. The Ego-network Level includes nodes and their personal communication network and 

finally the Network Topology Level covers the whole network graph.  

The Temporal Dimension differs between analyses of the static network structure opposed to a 

dynamic analysis of the network by making use of the timestamp information of the linkevents 

and therefore allow for a comparison of the emerging network structures with the final 

topology. 

The Level of Investigation distinguishes between the analysis of link attribute-based sub 

networks (see chapter 3.1.4) and the complete unfiltered network topology. 

 
Figure 41: Scope of ALADINF analysis parts 

Due to the complexity of the subject matter, a comprehensive analysis of link attribute 

dissemination in electronic social networks requires an analysis regarding a variety of factors. 

All areas of the analysis cube presented in Figure 40 needs to be covered. Therefore, ALADINF 

consists of nine separate analysis parts which represent self-contained components, each 

focused on certain aspects of the given network data. Figure 41 illustrates the growing analysis 
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scope of the analysis parts from single linkevents, nodes and their incoming and outgoing 

communication over network links, triples and tetrads of nodes, ego-networks up to the 

analysis of the whole network graph.  

Each analysis part comprises a specific analysis methodology as well as a selection of 

corresponding metrics and/or statistical tests. Despite the distinction into individual analysis 

parts, certain intended overlapping and common view points have been included. The 

intention of this distinction in individual analysis parts on one hand and certain overlapping on 

the other hand is to facilitate the derivation of general insights regarding possible influence 

and dissemination processes of link attributes (see chapter 3.6). 

Due to the growing analysis scope, the individual framework components can be easily 

distinguished applying the Structural Dimension of the analysis cube (see Table 8 below).  

Table 8: Structural aspects of ALADINF analysis parts 

Structural Dimension Analysis Part Analysis Scope 

Network 
Element 
Level 

Attribute Share Analysis 
(ASA) 

Single linkevents and embedded link 
attribute types 

Attribute Histogram Analysis 
(AHA) 

Single linkevents, their temporal 
occurrence and embedded link 
attribute types 

Node-centric Analysis  
(NCA) 

Single network nodes and patterns 
within the stream of incoming and 
outgoing linkevents 

Link-centric Analysis  
(LCA) 

Network relationships between pairs 
of nodes and the distribution of link 
attribute types on these links 

Network 
Motif 
Level 

Static Motif Analysis  
(SMA) 

Network motifs (triads) and their 
presence in static network graphs 

Dynamic Motif Analysis 
(DMA) 

Network motifs (triads) and their 
presence in dynamic and emerging 
network graphs 

Extended Motif Analysis 
(EMA) 

Network motifs (tetrads) and their 
presence in dynamic and emerging 
network graphs 

Ego-Network 
Level 

Ego-Network Analysis  
(ENA) 

Network nodes and linkevent 
exchange within personal 
communication networks 

Network 
Topology 
Level 

Graph-based Analysis  
(GBA) 

Whole network topology with a 
holistic view on link attribute 
dissemination in emerging network 
graphs 
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3.4 Methodology of Analysis Parts 

As already mentioned above, the artefact ALADINF consists of nine individual analysis parts 

each exploring different facets of the analysis phenomenon and comprising a specific analysis 

methodology as well as corresponding analysis metrics. 

The general purpose of the framework is the analysis of presence, influence and dissemination 

of link attributes without limitations regarding the actual type of the link attributes. In 

principle, all kinds of attributes that can be attached, expressed or annotated to human 

communication can be used (see possible application scenarios presented in Table 2). Hence, 

prior to the application of ALADINF as described below, the link attribute types have to be 

defined. To facilitate the conception and design of ALADINF, either two or four disjoint link 

attribute types can be analysed at the same time. 

The linkevents within the event-based data model represent the data element containing the 

link attribute information, which has to be stored within the linkevent detail fields 1-5. Each 

linkevent in the data basis have to be assigned to one of the defined link attribute types or will 

be classified as unknown. For example, in case of two different link attribute types (agreement 

and disagreement), each linkevent should contain the corresponding type information (if it 

expresses agreement or disagreement). 

The following sub chapters include detailed descriptions of the nine analysis parts including 

references to related research, an explanation of the methodology as well as information 

about included metrics and/or calculated network graph properties. The three analysis 

dimensions (see Figure 40) are used to locate and differentiate the specific analysis parts. 

The whole ALADINF framework is a priori designed to analyse not only single networks, but 

instead allow for the combined analysis of a selection of networks to facilitate the analysis of 

large datasets. Therefore, within the following descriptions, the terminology “networks from 

the analysis source data” is used, referring to either one network alone or, depending on the 

volume of the available analysis data, to a group of networks. 

More information regarding the general application of ALADINF can be found in the research 

guideline following in chapter 3.6 covering each aspect of the analysis from data preparation, 

network selection and filter settings over analysis execution up to result evaluation. 
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3.4.1 Attribute Share Analysis (ASA) 

The first analysis part is entitled 

Attribute Share Analysis (ASA). It is the 

first component of the ALADINF 

framework to analyse the presence of 

link attributes within online social 

networks. The ASA provides an 

overview about several basic network 

parameters and the general 

distribution of the defined link 

attribute types. 

ASA serves as foundation for the rest of the analysis framework. The basic network metrics 

determined here and the link attribute distribution within the network data population are 

used in subsequent analysis parts as expected values for statistical tests. 

Regarding the three analysis dimensions, the ASA is located on the network element level, 

having a static context and is focused on the unfiltered as well as the link attribute-based sub 

networks. The ASA includes ten different link attribute share and network size related metrics. 

Detailed descriptions of these metrics can be found below. 

 Number of networks [ASA 1] 

This metric calculates the number of analysed networks in the analysis source data. 

 Number of nodes [ASA 2] 

This metric calculates the total number of nodes within all networks. Due to a possible 

node filter application (see chapter 3.6.3) this number can be lower than the number 

of nodes within the selected data sources. 

 Number of linkevents [ASA 3] 

This metric calculates the total number of linkevents from all networks included in 

the analysis. Due to a possible timeframe filter application (see chapter 3.6.3) this 

number can be lower than the number of linkevents within the selected data sources. 

  

Figure 42: Attribute Share Analysis dimensions
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 Number of links [ASA 4] 

This metric determines the number of network links within all networks from the 

selected data sources. A link is established if at least one linkevent is exchanged 

between two nodes. One linkevent can have one or more recipients (spanning two 

links). Sender and recipient can also be identical spanning a non-visible self-link. 

Hence, the number of links can differ from the number of linkevents. 

 Average link strength [ASA 5] 

This metric calculates the average link strength within the analysed networks. The 

exchanged linkevents are aggregated to network links among nodes. A link is 

established if at least one linkevent is exchanged between two nodes. Hence, the 

minimum link strength within all networks is one. 

 Timestamp first linkevent [ASA 6] 

This metric represents the timestamp of the first linkevent that was transmitted 

within all networks within the selected data sources. Due to a possible application of 

the timeframe filter (see chapter 3.6.3), the timestamp of the first analysed linkevent 

may differ from the analysis source data. 

 Timestamp last linkevent [ASA 7] 

This metric represents the timestamp of the last linkevent that was transmitted 

within all networks within the selected data sources. Due to a possible application of 

the timeframe filter (see chapter 3.6.3), the timestamp of the last analysed linkevent 

may differ from the analysis source data. 

 Total number of linkevents (link attribute type 1-4 + unknown) [ASA 8] 

The total number of linkevents within all analysed networks is determined for up to 

four different link attribute types as well as for unknown linkevents that cannot be 

assigned to one of the defined types. 

 Share of linkevents (link attribute type 1-4 + unknown) [ASA 9] 

This metric calculates the percentage share for up to four different link attribute 

types and linkevents with unknown types based on the total distribution (metric ASA 

8). 
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 Share of linkevents (link attribute type 1-4 + unknown) based on single network 

distributions [ASA 10] 

In addition to the percentage share based on all linkevents from all networks (metric 

ASA 9), the same calculation is performed based on the distributions within single 

networks.  

For each network, the distribution is calculated separately. The average results based 

on single networks and the corresponding standard deviation is determined.  

This second calculation can be applied in case the individual network sizes fluctuate 

much to determine robust results by avoiding the over- and under consideration of 

very large or very small networks. 
 

The metrics of the ASA are used to capture the basic quantitative parameters of the analysed 

networks and the general distribution of the defined link attribute types in the data 

population. These results are used in subsequent analysis parts as expected values for 

statistical tests within further metrics. 

3.4.2 Attribute Histogram Analysis (AHA) 

The second analysis part is called 

Attribute Histogram Analysis (AHA). It 

is focused on the temporal 

communication activity within the 

networks and the associated dynamic 

distribution of the link attributes. This 

analysis part is the dynamic 

counterpart of the ASA. It addresses 

the same analysis dimensions but has 

a focus on network dynamics. 

Therefore, the core requirement of this analysis part is the timestamp information for all 

linkevents. Within the AHA, all linkevents from the analysis source data are sorted according to 

their temporal occurrence. The time span between the first and last linkevent is determined 

and divided into one hundred equally sized time intervals. To derive statements about the 

temporal communication activity and the distribution of the link attributes, the total share of 

Figure 43: Attribute Histogram Analysis dimensions
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linkevents within each time interval is determined and the corresponding share of linkevents 

expressing the pre-defined link attribute types is computed.  

To create a histogram visualization and to facilitate the evaluation, the results from the 

separated time intervals are aggregated. The link attribute distribution at the end of the last 

time interval is identical to the static total link attribute distribution as result of analysis part 

one (metric ASA 9). 

The metric defined within the AHA is described below. 

 Share of linkevents (link attribute type 1-4 + unknown) within time intervals [AHA 1] 

This metric includes the computation of the total share of linkevents within one 

hundred defined time intervals and the corresponding link attribute shares. 
 

Within this second analysis part, the temporal distribution of link attributes is determined 

allowing for a fine grained analysis of quantitative network growth and the related 

development of link attribute distributions. The AHA can be used to identify certain periods 

during the network development having an above or below average share of total linkevents 

and changing link attribute type distributions. The time intervals can be used to create a link 

between online social network development and certain real time events and their influence 

on link attribute occurrence. 

3.4.3 Node-centric Analysis (NCA) 

The third analysis part is entitled 

Node–centric Analysis (NCA) and is 

focused on the influence of link 

attributes on node communication 

behaviour. It is therefore addressing 

both static and dynamic aspects 

within both Levels of Investigation.  

Regarding the Structural Dimension, this analysis part is also located on the network element 

level with a focus on network nodes. The analysis of nodes embedded in social network 

structures and the related communication activities among communication partners are well 

studied in SNA.  

Figure 44: Node-centric Analysis dimensions 
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The well-known theory of Social Capital is focused on the value of social networks and in 

particular on nodes within their communication structures (Lin 2001). Burt has interpreted 

information brokering activity between otherwise disconnected network segments as the 

Social Capital of network nodes (Burt 2001).  

To continue recent SNA studies analysing nodes embedded in social networks, within the 

frame of this analysis part, sequences of incoming and outgoing linkevents exchanged within a 

node’s personal message stream are extracted and the occurrence of certain communication 

patterns is determined and analysed together with certain network topology-based factors. 

Results of this analysis part allow for an evaluation of link attribute influence on node 

communication behaviour in online social networks. 

Informed by Social Influence Theory, Emotional Contagion Theory and based on insights from 

Interpersonal Behaviour Theory (see chapter 3.2), an expectation to find evidence for lock-in 

effects between individual pairs of users can be derived. Link attributes embedded in online 

communication exchanged within a node’s personal message stream should, depending on the 

type of the link attribute, have a measureable impact on the type of a subsequent message 

within the same message stream, e.g. repeating the same link attribute type. The influence 

should be observable as an increased presence of subsequent messages with identical link 

attribute types in the sequence of received and transmitted messages, e.g. repeated messages 

with positive and negative sentiments or the renewed expression of agreement or 

disagreement in online discussions. 

The actors’ participation in online social networks is mainly characterized by processes of 

receiving, answering or transmitting linkevents from or to other nodes. Hence, user’s 

interaction is broken down to sequences of interactions with other users taking the link 

attributes embedded in exchanged messages into account. The NCA aims at improving our 

understanding of the role of link attributes in communication patterns by uncovering basic 

mechanisms of influence and dissemination in online social networks. 

To elicit sequences of interactions, the network data used for the analysis has to be 

transformed. For each single node in each network, the respective ego-network has to be 

extracted. The ego-network of a specific node is a subset of the complete network topology 

containing all neighbour nodes and the communication among them. 

Within these ego-networks, the communication activity of all nodes is represented as a string 

of incoming and outgoing linkevents enriched with their embedded or expressed link attribute 
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types (la1 – la4). Figure 45 illustrates this transformation process and shows examples of 

emerging communication chains. The communication chains itself do not take into account the 

individual sender or recipients of the linkevents. Instead, all linkevents are stored according to 

their temporal order within a queue. This process is repeated for every node in every network 

within the analysis source data. 

 
Figure 45: Communication chain extraction 

Focus of the NCA analysis part is the relationship or correlation between incoming and 

outgoing linkevents and the corresponding link attribute types. Figure 46 demonstrates the 

identification of basic communication patterns within the previously extracted node 

communication chains. 

The analysis metrics below are based on the measurement of the ratio between the 

occurrences of linkevents expressing a certain link attribute type compared to their expected 

occurrence. This expected occurrence is determined by the share of the link attributes within 

the dataset population as results of analysis part one (ASA 9).  

The simple approach of assuming a 25% or 50% chance for every category is rejected due to 

the fact, that humans interacting in online communities adapt to the general communication 

tone over time and such a simple approach would lead to unrealistic results. Instead, the 

applied baseline expresses with what likelihood a certain link attribute type is expected by 

chance within the analysis source data. For example, if a network dataset includes 7% of 

1 2

3

CommunicationChain Node 6={ la1 / la2 / la1 / la3 / la1 / la4 }

: Incoming linkevent
: Outgoing linkevent

a1 : Linkevent expressing link attribute type 1
a2: Linkevent expressing link attribute type 2
a3: Linkevent expressing link attribute type 3
a4: Linkevent expressing link attribute type 4
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messages expressing link attribute type one, the baseline would let us expect with a 

probability of 7% that the next (random) message expresses the same link attribute type. 

 
Figure 46: Identification of communication patterns in communication chains 

Due to the maximum of four different link attribute types, 16 x 2 possible combinatory 

communication patterns of linkevent exchange between nodes types can be defined. In 

addition to the directional change from outgoing to incoming linkevents or vice versa, identical 

directed linkevents may occur within the communication chains, e.g. repeated incoming 

messages. However, due to the focus on receive and response patterns within this Node-

centric Analysis, the defined metrics do only consider subsequent messages with directional 

change, e.g. incoming linkevents followed by outgoing linkevents. Table 9 includes all of the 

considered generic communication patterns within NCA. 

The occurrences of these pre-defined communication patterns are determined for each 

network separately. The Reaction part is used to identify possible deviations from the baseline 

described above, mapping the results of ASA 9 onto the communication patterns. These results 

are used as input for a t-test to identify deviations regarding the increased or decreased 

occurrence of communication patterns. Results with a probability of less than a pre-defined 

threshold level are interpreted as statistical significant, representing communication patterns 

that occur more or less often than expected by chance. 
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Table 9: Generic communication patterns (NCA) 

Trigger Reaction Trigger Reaction 
Incoming (la1)  Outgoing (la1) Outgoing (la1)  Incoming (la1) 
Incoming (la1)  Outgoing (la2) Outgoing (la1)  Incoming (la2) 
Incoming (la1)  Outgoing (la3) Outgoing (la1)  Incoming (la3) 
Incoming (la1)  Outgoing (la4) Outgoing (la1)  Incoming (la4) 
Incoming (la2)  Outgoing (la1) Outgoing (la2)  Incoming (la1) 
Incoming (la2)  Outgoing (la2) Outgoing (la2)  Incoming (la2) 
Incoming (la2)  Outgoing (la3) Outgoing (la2)  Incoming (la3) 
Incoming (la2)  Outgoing (la4) Outgoing (la2)  Incoming (la4) 
Incoming (la3)  Outgoing (la1) Outgoing (la3)  Incoming (la1) 
Incoming (la3)  Outgoing (la2) Outgoing (la3)  Incoming (la2) 
Incoming (la3)  Outgoing (la3) Outgoing (la3)  Incoming (la3) 
Incoming (la3)  Outgoing (la4) Outgoing (la3)  Incoming (la4) 
Incoming (la4)  Outgoing (la1) Outgoing (la4)  Incoming (la1) 
Incoming (la4)  Outgoing (la2) Outgoing (la4)  Incoming (la2) 
Incoming (la4)  Outgoing (la3) Outgoing (la4)  Incoming (la3) 
Incoming (la4)  Outgoing (la4) Outgoing (la4)  Incoming (la4) 

 

For example, if a dataset has a 20% share of linkevents expressing link attribute type 1, in cases 

in which an incoming message is followed by an outgoing message, we expect a similar typed 

linkevent in 20% of all cases by chance. A more frequent occurrence points to an influence of 

this link attribute type on node communication behaviour. 

In addition to the general occurrence of these incoming/outgoing communication patterns, 

three further aspects are taken into account. The NCA includes node degree and previous bi-

directional communication as possible network depended influence factors. The calculations 

described above are therefore repeated twice. In the first run, only communication patterns 

that are transmitted to, or are received from a node with a higher node degree are considered. 

In the second run, only communication to nodes, to which a previous bi-directional message 

exchange have been established, are included. Again, a t-test is used to identify statistical 

significant deviations regarding the occurrence of communication patterns. 

The results considering the network depended influence factors (node degree and bi-

directional communication) are furthermore compared with the generic results from above 

using a two-sample t-test. The equality of the results from both analyses is considered as null 

hypothesis. In case of a rejection, a significant effect of the network dependent influence 

factors (node degree or previous mutual communication) can be assumed.  
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In addition to the consideration of these two network depended influence factors, all 

calculations of NCA can be performed considering the time span between the two linkevents 

within the communication pattern and therefore analysing reaction time as another possible 

influence factor for node communication. Only patterns that occur within a pre-defined 

percentage of the node specific average response time window are included in the analysis. 

Again, the results are compared with the outcome of the general analysis above to identify 

possible deviations and therefore measure and describe the influence of linkevent timing on 

the occurrence of node communication patterns. 

The usage of the link attribute distribution within the data source population as reference 

values requires both a time-invariant constant development of these distributions as well as 

similar distributions across all networks. Depending on the type and timespan of the data, 

these conditions may not be met. However, to ensure these pre-conditions, results from 

previous analysis parts have to be applied. The metric AHA 1 can be used to determine the 

overall temporal distribution of the link attribute types. Furthermore, the metric ASA 10 can be 

used to identify possible differences regarding the link attribute distribution across all 

networks. To ensure similar and time-invariant baseline values, the NCA can be conducted 

several times for specific timeframes and/or for single networks or groups of networks with 

similar link attribute populations. 

All together, the NCA includes fourteen different node-centric metrics based on the general 

methodology described above. Detailed descriptions of all analysis metrics together with 

required analysis parameters, that have to be defined prior to the analysis, can be found 

below. In addition to the analysis of the basic communication patterns, the last three metrics 

NCA 12-14 include the identification of network nodes that have received or transmitted at 

least one linkevent associated with the pre-defined link attribute types. 

 Incoming Outgoing linkevent pattern 

 Link attribute influence (generic) [NCA 1] 

This metric covers the ascertainment of the occurrence of general incoming > 

outgoing communication patterns containing linkevents associated with link attribute 

types 1-4 according to the general methodology described above.  

Results include the average presence of the communication patterns in the networks 

together with their expected occurrences. In case more than one network is selected 

within the analysis source data, a t-test is applied to ensure the statistical significance 
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of the results. Additional results then include the sample size, the standard deviation, 

the t-value, the probability as well as a trend indicator. 

 Link attribute influence (node degree) [NCA 2] 

This metric includes the same analysis methodology as NCA 1 but considers node 

degree as network dependent influence factor. Only communication patterns that are 

transmitted to or are received from a node with a higher node degree are included. 

 Link attribute influence (mutual communication influence) [NCA 3] 

This metric includes the same analysis methodology as NCA 1 but includes previous 

mutual communication as network dependent influence factor. Only communication 

patterns between pairs of nodes were included, to whom a previous bi-directional 

message exchange has been established. 

 Result comparison (generic <> higher node degree) [NCA 4] 

This metric includes the comparison of results from metric NCA 1 and NCA 2 using a 

two-sample t-test in case more than one network is selected within the analysis 

source data. Results include average occurrences, standard deviations and sample 

sizes for NCA 1 and NCA 2 as well as the probability for the null hypothesis assuming 

equality of both results. 

 Result comparison (generic <> mutual communication) [NCA 5] 

This metric includes the comparison of results from metric NCA 1 and NCA 3 using a 

two-sample t-test in case more than one network is selected within the analysis 

source data. Results include average occurrences, standard deviations and sample 

sizes for NCA 1 and NCA 3 as well as the probability for the null hypothesis assuming 

equality of both results. 

 Outgoing  Incoming linkevent pattern 

 Link attribute influence (generic) [NCA 6] 

This metric covers the ascertainment of the occurrence of general outgoing > 

incoming communication patterns containing linkevents associated with link attribute 

types 1-4 according to the general methodology described above.  

Results include the average presence of the communication patterns in the networks 

together with their expected occurrences. In case more than one network is selected 
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within the analysis source data, a t-test is applied to ensure the statistical significance 

of the results. Additional results then include the sample size, the standard deviation, 

the t-value, the probability as well as a trend indicator. 

 Link attribute influence (node degree) [NCA 7] 

This metric includes the same analysis methodology as NCA 6 but considers node 

degree as network dependent influence factor. Only communication patterns that are 

transmitted to or are received from a node with a higher node degree are included. 

 Link attribute influence (mutual communication) [NCA 8] 

This metric includes the same analysis methodology as NCA 6 but includes previous 

mutual communication as network dependent influence factor. Only communication 

patterns between pairs of nodes were included, to whom a previous bi-directional 

message exchange has been established. 

 Result comparison (generic <> higher node degree) [NCA 9] 

This metric includes the comparison of results from metric NCA 6 and NCA 7 using a 

two-sample t-test in case more than one network is selected within the analysis 

source data. Results include average occurrences, standard deviations and sample 

sizes for NCA 6 and NCA 7 as well as the probability for the null hypothesis assuming 

equality of both results. 

 Result comparison (generic <> mutual communication) [NCA 10] 

This metric includes the comparison of results from metric NCA 6 and NCA 8 using a 

two-sample t-test in case more than one network is selected within the analysis 

source data. Results include average occurrences, standard deviations and sample 

sizes for NCA 6 and NCA 8 as well as the probability for the null hypothesis assuming 

equality of both results. 

 Consideration of average response time in NCA metrics 1 – 10 [NCA 11] 

As already mentioned in the general methodology description above, the calculations 

regarding metrics NCA 1-10 can be performed incorporating only communication 

patterns that occur within a pre-defined percentage of the node specific average 

response time window to measure the influence of linkevent timing on node 

communication.  
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The average response time is determined for each node separately based on its 

specific communication behaviour. The upper bound of the pre-defined time window 

within NCA 11 has to be defined with percentage values greater or less than one 

referring to the average response time, e.g. in case of 0.8, only communication 

patterns, that occur within 80% of the node specific response time would be 

considered in the analysis. 

 Nodes in touch with link attribute type 1-4 [NCA 12] 

This metric includes the ascertainment of the total and percentage share of nodes 

from all networks that have received or transmitted linkevents expressing link 

attribute types 1-4. 

 Nodes in touch with link attribute type 1-4 in incoming linkevents [NCA 13] 

This metric includes the ascertainment of the total and percentage share of nodes 

from all networks that have received linkevents expressing link attribute types 1-4. 

 Nodes in touch with link attribute type 1-4 in outgoing linkevents [NCA 14] 

This metric includes the ascertainment of the total and percentage share of nodes 

from all networks that have transmitted linkevents expressing link attribute types 1-4. 
 

As additional evaluation possibility, the metrics NCA 1-10 also include calculations regarding 

the occurrence of the selected communication patterns not on the basis of average network 

values, but instead on the basis of all linkevents together across all networks. 

In summary, the NCA is focussed on the occurrence of specific patterns within communication 

chains of incoming and outgoing linkevents. Results of NCA can be used to identify the 

influence of link attributes on node communication behaviour in online social networks and 

furthermore measure and describe the effect of network topology factors and linkevent 

timing. 
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3.4.4 Link-centric Analysis (LCA) 

The fourth analysis part is called Link-

centric analysis (LCA). It is focused on 

links among pairs of nodes (dyads) in 

online social networks. This analysis 

part is located on the Network 

Element Level covering both Levels of 

Investigation and incorporates static 

and dynamic aspects of social 

interaction across network relation-

ships. 

The analysis of network links and their characteristics are common in SNA and many studies 

have been focused on this topic. Wellman and Wortley (1990) have conducted a study to 

analyse why different types of network ties provide different kinds of support resources such 

as emotional backup, financial aid or companionship. They have found, that the differences are 

more related to characteristics of the relationship itself rather than to characteristics of the 

network nodes.  

Maes and Knecht (2008) have analysed the development and influence of negative 

relationships in school classes. Based on their analysis of network links, they argue that 

negative relationships are important to explain certain network phenomena such as network 

segregation. However, the development of negative ties is depended on demographic 

differences between nodes and therefore contradicting the previous findings from Wellman 

and Wortley with their emphasis on node characteristics.  

Within this context of network link analysis in SNA, the LCA part is focused on network 

relationships and their specific distributions of link attributes. The general idea is that 

exchanged messages between pairs of nodes can carry link attribute-related cues which may 

also influence actor behaviour. Zooming in on the specific interaction within dyads and 

analysing the role of link attributes embedded in this pair-wise communication is the main goal 

of the Link-centric Analysis part. Therefore, the network links, created through exchanged 

linkevents between two nodes are extracted and analysed. The general procedure is repeated 

for every link in every network within the selected analysis source data. During the analysis of 

a specific relationship, the rest of the network topology is suppressed and only the two 

interacting nodes and their exchanged messages are considered. The NodeIDs (see description 

Figure 47: Link-centric Analysis dimensions 
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of event-based data model in chapter 3.1) are used to identify the specific communication 

dyad and to extract the sequence of exchanged linkevents together with their direction, timing 

and embedded or expressed link attribute types. 

The LCA has five main aspects all related to the analysis of network links (see Figure 48). The 

first aspect is focused on the distribution of different link attribute types on network links. The 

basic idea is to identify, to what extent certain combinations of link attributes can be found on 

network links and if possible deviations from the network population of the analysis source 

data can be found. 

The second aspect covers the distribution of link attributes on network links with reciprocal 

message exchange. This kind of analysis is tailored towards the identification of certain 

attribute-activity patterns between pairs of nodes and related link attribute characteristics. 

The third aspect is focused on the relationship between link attributes and communication 

patterns within dyads. The question is, whether linkevents with identical link attribute types 

follow each other in the linkevent exchange between pairs of nodes indicating certain 

correlations and influence effects. 

 

Figure 48: Analysis aspects of LCA 

The fourth analysis aspect is focused on the presence and frequency of balanced node states 

within network dyads. A balanced node state is characterized by an even distribution of link 

attribute types in outgoing messages pointed towards the communication partner. The 
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frequency of such balanced node states can be used to derive statements about node 

polarization effects stimulated through link attribute exchange. 

The last aspect of LCA is focused on the mutual exchange of linkevents. Central point of 

analysis is the comparison of link attribute distributions in both communication directions. 

Based on the design implications derived from different social science theories in chapter 3.2, 

certain link attribute related mirroring effects may occur in case of reciprocal message 

exchange. 

Based on the general methodology introduced above, the LCA includes eight link-based 

analysis metrics. The listing below includes detailed descriptions of these metrics together with 

required analysis parameters that have to be defined prior to the analysis. 

 Share of network links with 1-4 different link attribute types [LCA 1] 

This metric determines the quantity of different link attribute types per network link. 

Each network link can contain up to four different types. 

 Share of network links with only link attribute type 1-4 [LCA 2] 

This metric is calculating the share of network links exclusively containing linkevents 

with specific link attribute types. Both LCA 1 and 2 allow for drawing conclusions about 

the occurrence of network links having a balanced or polarized link attribute 

distribution. 

 Share of network links with link attribute type 1-4 present [LCA 3] 

This metric determines the share of network links that include at least one linkevent of 

the pre-defined link attribute types. Results allow for drawing conclusions about the 

general distribution and the common occurrence of the link attribute types on network 

links. 

 Link attribute combinations on reciprocal (2x linkevents) links [LCA 4] 

This fourth metric covers reciprocal message exchange by incorporating network links 

with exactly two linkevents with opposing communication directions. The resulting 

two-attribute combinations are compared with the expected occurrences derived from 

the attribute population (ASA 9). Results allow for drawing conclusions regarding the 

influence of link attributes on node communication within Ping-Pong like message 

exchange. 
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 Share of network links with reduced link attribute type changes [LCA 5] 

The fifth metric assesses the temporal sequence of exchanged messages. Linkevents 

transmitted over a specific network edge are sorted according to their temporal 

occurrence. 

The amount of link attribute type changes within these sequences are determined and 

compared with the average number of type changes occurring in equally sized random 

sequences. A link attribute mirroring effect can be expected, if the number of link 

attribute type changes is smaller compared to the random data with identical 

distributions. 

 Share of balanced network nodes [LCA 6] 

This metric determines the number of nodes expressing a balanced state towards their 

communication partner regarding the distribution of transmitted link attributes.  

To avoid too strict criteria for the node balance classification, the average number of 

linkevents together with the standard deviation is computed for each link attribute type 

separately.  

A node is classified as balanced, if the number of transmitted messages in each of the 

four link attribute categories is between +/- standard deviation of the nodes general 

communication activity. 

 Share of network links with link attribute mirroring [LCA 7] 

This metric is used to identify and analyse link attribute distributions in bi-directional 

network relationships. Main goal of this metric is to determine, if the link attribute type 

distributions of transmitted messages are similar in both communication directions. 

In case both nodes of a specific dyad transmit a similar amount of linkevents towards 

the communication partner, LCA 7 measures the similarity of both distributions of the 

two adjacent actors. 

To avoid too strict criteria for the test, a network link is classified as having an equal 

linkevent exchange if the difference of linkevents sent by node A and B is smaller than a 

defined range (e.g. 0.4) of the sum of all messages transmitted across this specific 

network link.  

 



 

 

Chapter 3: Framework for Analysis of Link Attribute Dissemination In Networks (ALADINF) 

Robert Hillmann  106 

 

An attribute mirroring effect is considered to be present if the sum of the absolute 

differences in all link attribute categories is less than the defined range (e.g. 0.4) of the 

total sum (see Figure 49). 

 
Figure 49: Equality definition in metric LCA7 

 Share of network links with link attribute mirroring (Boolean) [LCA 8] 

This metric is a variation of metric LCA 7. This time, only the binary presence of link 

attributes within the two communication directions is checked, i.e. if at least one 

linkevent with a particular attribute type has been sent. 
 

In summary, the LCA extends the previous analysis parts towards the analysis of network 

edges. Whereas the NCA is only focused on generic patterns within communication sequences 

without considering specific sender-recipient relationships, the LCA is focused on concrete 

network edges between dyads of nodes. 

The results of LCA allow drawing conclusions about the distribution of link attributes on 

individual network links as well as the identification of mirroring and polarization effects 

between communication partners. 

3.4.5 Static Motif Analysis (SMA) 

The Static Motif Analysis (SMA) further 

extends the ALADINF scope with an 

analysis of network motifs. Whereas 

the Link-centric Analysis has a focus on 

pairs of nodes, the SMA is focused on 

triples of nodes as central analysis 

point. The SMA is located on the 

Network Motif Level, considering both Figure 50: Static Motif Analysis dimensions 
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Levels of Investigation but is limited to a static context. 

The research goal of SMA is to determine to what extend different link attributes are 

supporting the development of specific network topology patterns. The approach rests on 

methods of the triadic census analysis which was introduced to the methodological repertoire 

of SNA by Wasserman and Faust (1994). The discipline of physics adopted the same method 

under the name motif analysis. A general introduction to the concept network motifs can be 

found in chapter 2.10. 

The approach is based on the assumption that different triad formations indicate certain 

sociological properties of the underlying actor configuration. Triads are triples of actors and 

the six possible ties among them. Due to the directional character of the ties, there are sixteen 

isomorphic classes for the altogether 64 different triad states. Figure 51 shows all triad classes 

from unconnected triples of nodes to fully connected triads. (Wasserman and Faust 1994:556-

601) 

 

Figure 51: Isomorphic triad classes based on (Holland and Leinhardt 1976) 

The network motif analysis is a wide-spread method of sociological research and can be used 

to discover general profile properties of complex networks (Juszczyszyn, Kazienko et al. 2008; 

Kashtan, Itzkovitz et al. 2004). The basic idea interprets the complete network as a collection 

of overlapping local structures (de Nooy 2009). It is known that many complex networks share 

global features like a power-law degree distribution (Adamic, Lukose et al. 2001) or a Small 
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World Phenomena (Amaral, Scala et al. 2000) that can be identified with a network motif 

analysis. If certain local configurations, or types of network motifs, appear more often than 

expected by chance, it is possible to link the network structure with the behaviour of actors in 

the network (de Nooy 2009; Juszczyszyn, Musiał et al. 2009; Milo, Shen-Orr et al. 2002). 

Within the SMA, a structural analysis of network triads is performed. The occurrence of the 

sixteen triad motifs in the analysis source data is compared with their occurrence in random 

networks (Wasserman and Faust 1994:575). Therefore, a significant number of random 

networks with identical quantities regarding number of nodes and linkevents have to be 

created to get baseline values for the analysis of possible deviations (Huang, Sun et al. 2007; 

Milo, Shen-Orr et al. 2002).  

As already mentioned in chapter 2.10 and 2.11, the models used to create the random 

networks do influence the network motif distributions. Hence, within the SMA, three different 

models of complex networks, each maintaining certain properties of the source network, can 

be used to generate the baselines values. 

The first SMA baseline model is a Poisson (Erdös and Rényi 1960) random graph distribution 

(see chapter 2.11.1.1). The random networks are created with a given number of nodes and 

linkevents and the specific sender/recipient relationships are assigned at random without any 

further rules. 

The second SMA baseline model creates conditional random graph distributions (U|MAN) 

according to a given dyad census from the source network (Holland and Leinhardt 1975; 

Wasserman and Faust 1994:547) as described in chapter 2.11.1.2. In consequence, the 

generated random networks do exhibit a different topology compared to the source network 

but the algorithm maintains the number of mutual, asymmetrical and non-existing links. 

The third SMA baseline model creates random graph distributions with a fixed node out-

degree U|({ X i+ }),({X +j )} (Katz and Powell 1957). This algorithm takes pairs of nodes and their 

respective selection of linkevents and re-wires them as described in chapter 2.11.1.3 (Watts 

and Strogatz 1998). 

For each network in the analysis source data, a predefined number of random networks are 

generated according to the selected baseline algorithm. The random networks are then 

analysed regarding the mean occurrence and standard deviation of the sixteen triad classes 

(the triad census) to get reference values for the statistical analysis of the source network 

(Watts and Strogatz 1998). 
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Figure 52: General methodology of SMA 

The overall methodology of SMA can be seen in Figure 52. The SMA triad census analysis 

includes several loops. The calculations are repeated for every network in the analysis source 

data and computed for each of the four link attribute-based sub networks as well as for the 

unfiltered networks. The mean and standard deviation values of the triad census based on the 

generated random networks are computed and compared with the real networks. A t-test is 

performed to ensure the statistical significance of possible differences. One pre-condition for a 

t-test is a normal distribution of the results which was analysed by Wasserman and Faust 

(1994:575). They have shown that the triad census within networks, due to overlapping in the 

motifs itself, exhibits a multivariate normal distribution. 

As a subsequent step, the results of the separate triad census calculations for all networks 

(both the unfiltered networks as well as the link attribute-based sub networks) are aggregated 

to determine the overall increased or decreased occurrence of the sixteen triad classes. 

Within the SMA, special emphasis is laid on the comparison of the triad census results from 

the link attribute-based sub networks with the unfiltered network topology to identify link 

attribute related differences. Due to the way how sub networks are extracted (see chapter 

3.1.4), a certain overlapping can occur. The sub networks can either be completely disjoint, 

share parts of the network or can be identical in terms of topology. 

In case all network links would include at least one linkevent of every link attribute type, the 

results of the SMA triad census analysis would be identical for all sub networks as well as the 

unfiltered network topology. The metrics LCA 1-3 should therefore be reviewed to ensure that 

the sub networks are at least partially disjoint before further research statements are derived.  
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All together, the SMA includes two different analysis metrics listed below.  

 Static motif analysis (unfiltered network topology) [SMA 1] 

This metric computes an aggregated triad census covering all networks in the analysis 

source data based on deviations compared to random networks using the unfiltered 

network topology. 

 Static motif analysis (link attribute type 1-4 sub networks) [SMA 2] 

This metric computes an aggregated triad census covering all networks in the analysis 

data source based on deviations compared to random networks using the link 

attribute-based sub networks. 
 

To facilitate the evaluation of the aggregated triad census results, Social Network Effects 

(introduced in chapter 2.8) can be mapped onto the isomorphic triad classes. The effects that 

can be identified within network triads are reciprocity, interpreted as the trend to establish a 

bi-directional friendship relations, hierarchy, expressing the role of central actors in the 

network with a higher node degree and transitivity, which can be seen as the process of 

friends of me becoming friends (de Nooy 2009; Schaefer, Light et al. 2010). Figure 53 shows 

the mapping of these three Social Network Effects onto the sixteen isomorphic triad classes. 

The chain or cycle effect does not represent typical social behaviour and is rather an 

expression of randomness.  

Reciprocity is measured as the occurrence of mutual dyads within a triad. Transitivity is 

interpreted as the absence of null-dyads within the triad and non-cycle like connections. 

Hierarchy is determined by one or two nodes in the triad with a node in- or out-degree of two. 

To exclude trivial and unclear cases, the mapping of Social Network Effects is only performed 

for the triad classes three to eleven. 

Using the triad census of analysis metrics SMA 1 and 2, specific network patterns can be 

identified, that appear very frequently or very rarely in the analysis source networks. Such 

local configurations allow drawing conclusions on possible dissemination patterns of link 

attributes in digital social networks. Possible differences between the different link attribute 

types are also of particular importance. Furthermore, the linkage between triad motifs and 

Social Network Effects can be used to better describe the individual occurrences of link 

attributes. For example, a certain link attribute type could exhibit a trend towards hierarchical 

network structures, whereas the whole network is more prone to transitive patterns. 



 

 

Chapter 3: Framework for Analysis of Link Attribute Dissemination In Networks (ALADINF) 

Robert Hillmann  111 

 

 
Figure 53: Social Network Effects mapped onto triad classes 

In summary, the SMA can be applied to identify certain triad-based network patters that 

dominate the network structures. The comparison between the link attribute-based sub 

networks can be used to identify possible differences among the link attribute types regarding 

their dissemination in online social networks. 

3.4.6 Dynamic Motif Analysis (DMA) 

The Dynamic Motif Analysis (DMA) 

represents the sixth analysis part. 

Likewise the Static Motif Analysis 

before, it is located on the Network 

Motif Level, analysing both the 

unfiltered network topology as well as 

the link attribute-based sub networks. 

The DMA can be seen as the dynamic 

counterpart of the SMA with a strong 

focus on network emergence.  

The Dynamic Motif Analysis also rests on methods of the triad analysis based on the 

assumption that different triad formations indicate certain sociological properties of the actor 

configuration. However, the DMA features a new dynamic methodology introduced to the SNA 

toolset. 

Figure 54: Dynamic Motif Analysis dimensions 
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In SNA literature, the combination of network motif analysis and temporal aspects is not new 

but so far limited to comparative static analyses. For example,  Juszczyszyn et al. (2009) have 

determined the triad census of an email network for multiple time points and derived a triad 

significance profile for monthly timeframes. They have shown that such a dynamic approach is 

suitable to reveal several properties and time-varying characteristics of social networks. 

The DMA methodology is not based on the comparison of static network snapshots but instead 

utilizes the composition of network links based on directed linkevents. Their specific 

timestamps can be used reconstruct the network topology step by step allowing for an analysis 

of the temporal occurrence of network motifs. 

Each of the sixteen triad classes introduced above represents a certain foregone network 

growth. At a certain time point, every triad class (as introduced in Figure 51) represents all 

previous communication among the three involved nodes. At the beginning of the network 

emergence (with no communication at all), all triads in the network start as three unconnected 

nodes with the initial triad class one. Whenever communication within these triples of nodes 

occurs and a new network link is established, the triad class increases. There are six possible 

directed links within every triad. In a fully-connected network, all triads are of class sixteen. 

Depending on the structure of the individual triad classes, several growth paths from class one 

to class sixteen are possible. This structure of possible growth paths consists of seven layers. 

Each layer corresponds to the number of existing links within the triad. In the top layer, no 

links are present. Within the second layer, one out of six links is established and so one. Every 

time a triad class change occurs, the particular triad moves one level further down. New 

network links can often arise at multiple positions within the triads. Hence, the majority of 

triad classes have several incoming and outgoing transitions through this triad network which 

are shown in Figure 55. 

Except the classes one and sixteen, the isomorphic triad classes from Figure 51 subsume 

several possible topological link configurations as they can be mirrored and rotated but still 

belong to the same class (Wasserman and Faust 1994). Based on these triad class 

characteristics, multiple outgoing links within the transition network do not necessarily have 

equal transition probabilities. Assuming a random addition of network links, each triad class 

transition can be associated with a certain mathematical probability. These different 

probabilities are associated to all transitions and can also be seen in Figure 55. 
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Figure 55: Possible triad class transitions and associated probabilities 

As in the previous analysis part, Social Network Effects are used to facilitate the analysis and 

the derivation of conclusions regarding typical patterns of link attribute dissemination. Like in 

the SMA, the network effects considered within this analysis part are reciprocity, hierarchy, 

transitivity and the chain/cycle effect which does not represent a typical social formation 

pattern and is rather an expression of randomness. 
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Figure 56 includes all possible 

triad class transitions sorted 

according to the seven 

aforementioned layers.  

For each of the non-trivial triad 

transitions between class two 

and fourteen, the 

aforementioned Social 

Network Effects are annotated. 

Based on their temporal 

occurrence, the network 

effects are distinguished 

according to primary, 

secondary and tertiary effects. 

Within the DMA, all networks 

from the analysis source data 

are analysed regarding the 

occurrence of triad class 

transitions for both the 

unfiltered network topology as 

well as the link-attribute based 

sub networks. The results and 

possible derivations can be 

used to identify typical local 

configurations and dis-

semination patterns of link 

attributes within the 

emergence of online social 

networks. 

For all networks, the actual 

distribution (% share) of triad 

class transitions is compared 

with the expectations derived 
Figure 56: Triad transitions and Social Network Effects 
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from mathematical probabilities shown in Figure 55. Performing a t-test with a defined 

significance level ensures the statistical significance of the results. As a precondition for the 

application of a t-test, the results must exhibit a normal distribution. This is verified with a chi-

square test by comparing the results with corresponding ideal normal distributions based on 

mean and standard deviation. 

All together, the DMA includes two analysis metrics listed below. 

 Dynamic motif analysis (unfiltered network topology) [DMA 1] 

This metric includes the analysis of all triad class transitions for the unfiltered network 

including average values, standard deviation and the results of a t-test. 

 Dynamic motif analysis  (link attribute type 1-4 sub networks) [DMA 2] 

This metric includes the analysis of all triad class transitions for each of the link 

attribute-based sub networks including average values, standard deviation and the 

results of a t-test. 
 

In summary, the DMA represents a novel approach to study network emergence and 

associated dissemination patterns of link attributes. Like in case of the SMA, the comparisons 

of link attribute-based sub networks can be used to identify link attribute related differences. 

The usage of linkevent timestamps instead of random network comparisons increases the 

result accuracy and accelerates the overall calculations. 

3.4.7 Extended Motif Analysis (EMA) 

The seventh analysis part within the 

ALADINF framework is entitled 

Extended Motif Analysis (EMA). Within 

the EMA, the previous analysis of 

network motifs from SMA and DMA is 

further extended towards tetrads as 

larger network motifs. This analysis 

part can again be located on the 

Network Motif Level covering both 

Levels of Investigation with a focus on 

the dynamic emergence of the 

network. 

Figure 57: Extended Motif Analysis dimensions 
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Just as the analysis of triads extends the dyad census to some extent, using tetrads 

(quadruples of nodes) as network motifs provides the possibility to analyse more complex 

network patterns that cannot be considered with smaller sub graphs like dyads or triads. 

In SNA, the analysis of larger network motifs with more than three nodes have been 

successfully realized in selected research studies (Grochnow and Kellis 2007; Hales and 

Arteconi 2006; Leskovec, Singh et al. 2006; Milo, Itzkovitz et al. 2004). However, the analysis is 

usually limited to certain selected motif types with four or more nodes but without a 

comprehensive analysis of all possible motif patters. To further extend the ISR body of 

knowledge, the EMA represents a novel approach for a holistic analysis of all possible tetrad 

classes. 

Due to the increased number of nodes within one tetrad, the definition of isomorphic motif 

classes would lead to a very high and confusing number of tetrad classes. To avoid such a 

complexity, the definition of tetrad types within the EMA approach is based on the occurrence 

of certain basic network structures such as star, line or cycle (see chapter 2.4.1) or the 

predefined dyad or triad classes. Altogether, fifty-eight disjoint tetrad classes have been 

identified (see Figure 58). 

Like in the DMA, the classes are ordered according to the number of included links. Tetrad 

class number one consists of four unconnected nodes whereas tetrad class number fifty-eight 

represents a fully connected quadruple of nodes including all twelve possible links. Due to the 

limited amount of space, the detailed descriptions of all tetrad classes as well as an overview 

about the used terminology can be found in appendix 7.1. 

The general methodology of EMA is identical to the one used in DMA. Each of the fifty-eight 

tetrad classes introduced above represents a certain foregone growth. Every tetrad class in the 

network structure represents the previous communication among the four nodes. At the 

beginning of the network emergence, all tetrads start as four unconnected nodes with the 

initial tetrad class one. Whenever communication within these quadruples of nodes occurs and 

a new network link is established, the tetrad class increases. 

Tetrads can contain up to twelve directed links. In a fully-connected network, all tetrads are of 

tetrad class fifty-eight. Like in case of triads, depending on the structure of the tetrad class, 

several growth paths from class one to fifty-eight are possible. Due to the amount of possible 

links, the structure of possible growth paths consists of thirteen layers.  
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Figure 58: Tetrad classes in DMA 
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Each layer corresponds to the number of existing links within a tetrad. Every time a tetrad class 

change occurs, the particular tetrad moves one level further down. New network links can 

often arise at multiple positions within a tetrad. Hence, the majority of tetrad classes exhibit 

several incoming and outgoing transitions. Figure 59 shows all possible tetrad class transitions. 

Like already described in the DMA, each tetrad classes features certain structural properties 

and represents several possible link combinations. Therefore, certain transition probabilities 

can be assigned to the outgoing links within the tetrad class network. A listing of all tetrad 

class transitions and associated probabilities can be found in appendix 7.2. 

Within the EMA, for every network in the analysis source data, the actual distribution (% 

share) of tetrad class transitions is compared with the expectations derived from the tetrad 

class network. A t-test with a defined significance level ensures the statistical significance of 

possible deviations. As a precondition for the t-test, the result distribution must exhibit a 

normal distribution. This is verified with a chi-square test by comparing the results with a 

corresponding ideal normal distribution based on mean and standard deviation. 

All together, the EMA include two analysis metrics listed below. 

 Extended motif analysis (unfiltered network topology) [EMA 1] 

This metric includes the analysis of all tetrad class transitions for the unfiltered 

network topology including average values, standard deviation and the results of a t-

test. 

 Extended motif analysis (link attribute type 1-4 sub-networks) [EMA 2] 

This metric includes the analysis of all tetrad class transitions for each of the link 

attribute-based sub networks including average values, standard deviation and the 

results of a t-test. 
 

In summary, the EMA represents a novel approach to analyse network emergence based on 

four-node network motifs and contains a first comprehensive listing of fifty-eight available 

tetrad classes. In general, the usage of tetrads, and therefore larger network motifs, enables 

the identification and analysis of larger patters regarding network emergence and link 

attribute dissemination. 
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Figure 59: Tetrad class transitions 
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3.4.8 Ego-Network Analysis (ENA) 

The Ego-network Analysis (ENA) is 

focused on influence and 

dissemination of link attributes and 

possible polarization effects within 

ego-networks. The ENA is located on 

the Ego-Network Level, incorporating 

both Levels of Investigation and has a 

focus on static network properties.   

An ego-network represents a subset of the network topology and is defined as a node in the 

centre, the ego node, and all of its communication partners while the rest of the network is 

suppressed (see Figure 61). 

 

Figure 61: Ego-networks (ENA) 

The concept and the study of ego-networks are also well known in SNA. In 1983, Burt has 

started with the analysis of ego-networks, developing metrics to compare the number of alters 

an ego is directly connected to and to analyse the associated tie strength (Burt 1983). Everett 

and Borgatti (2005) have compared the betweeness centrality of ego-networks with the whole 

network topology. They conclude that the ego-betweeness (in ego-networks) is a good 

measure for betweeness centrality on many real datasets. Despite SNA, the ego-network 

concept is also relevant in other research disciplines. It can be exploited for routing algorithms 

to avoid the complexity of centrality metrics in populated networks in which nodes are not 

required to exchange information about the entire network topology but instead only locally 

available information is considered (Daly and Haahr 2007). 

Figure 60: Ego-Network Analysis dimensions 
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The ENA is a further extension of the previous analysis parts, in particular of the LCA by looking 

at a node’s complete set of communication partners and possible polarization effects within 

ego-networks instead of just looking at single network links. 

Such a polarization can occur for example in social networks representing friendship 

relationships. While some relationships can be affected very friendly, e.g. by exchanging 

essentially positive linkevents, other edges may express a rather negative or neutral view. We 

can draw from a variety of academic contributions that theorized positive or negative network 

relationships among people (Belkin, Kurtzberg et al. 2006; Brzozowski, Hogg et al. 2008; Huang 

2009; Kunegis, Lommatzsch et al. 2009).  

Polarized relationships represent a certain actor’s attitude towards a communication partner. 

The link attributes embedded in exchanged linkevents can therefore also exhibit a bias 

towards certain link attribute types expressing an uneven distribution. 

Within the ENA, each outgoing network link from all ego-networks is analyzed regarding a 

possible link polarization generated by the exchange of link attributes. The following formula 

(6) is used to determine the polarization of nodes toward the communication partner on link i. 

Hence, only linkevents transmitted from the ego-node across link i are taken into account. 

=  #    −  #     #       ( ) 

The number of linkevents containing link attribute type x is subtracted by the number of 

linkevents with link attribute type y and the result is divided by the total number of linkevents 

exchanged across that relationship. Using this formula, a possible polarization or balance of 

network edges regarding two different link attribute types can be determined. In case of four 

defined link attribute types, they have to be examined pair wise. A result close to +/- 1 

represents a polarized state whereas a result close to zero represents a balanced state (see 

Figure 62). 

 
Figure 62: Polarization and balance within ENA 

Despite this main aspect of polarization discovery of specific network links, the ENA is also 

focussed on the analysis of all relationships within a node’s ego-network together. This is done 

to identify possible differences between polarizations of individual communication links in 
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respect to the expressed attitude towards all communication partners. The focus lies on 

possible balance effects within a holistic analysis of the communication behaviour within ego-

networks. The same formula 6 is used to determine possible balance effects within ego-

networks. However, all messages transmitted from the ego-node to all communication 

partners are included simultaneously in the calculation. 

Within the ENA, the analysis of polarized network relationships is further expanded towards 

reciprocal connections. The goal is to determine whether any polarization effects are 

expressed equally from both communication partners. The attitude of ego-node n towards a 

communication partner (node m) is determined together with the opposite attitude of node m 

towards node n applying formula 6 again. The absolute difference of both results regarding 

exchanged link attributes is computed and the distribution is determined for intervals between 

exact mach (0) and maximal opposite polarization (+2). 

Furthermore, within the Ego-network Analysis part of ALADINF, the quantitative impact of 

network characteristics on possible ego-node polarizations is determined. These network 

characteristics include the number of messages sent as well as the node degree.  

Therefore, the out-degree of all nodes is computed using an adjacency matrix. The best 

connected nodes (above a certain percentage threshold) within networks are interpreted as 

having a “high” node degree; all other nodes are interpreted as having a “low” node degree.  

To determine the influence of number of messages sent, a similar approach is applied. The 

most active networks nodes (above a certain percentage threshold) are marked as 

transmitting a “high” number of linkevents; all other nodes are marked as transmitting a “low” 

number of linkevents.  

In both cases, corresponding percentage thresholds between 0 and 1 for both analyses needs 

to be defined. Due to the heterogeneous quantitative characteristics of social networks, the 

actual degree threshold and the number of linkevents threshold are calculated for each 

analyzed network separately. The ego-network polarization (results from formula 6) are 

distinguished between the three intervals low [0; 0.33], medium [>= 0.33; 0.66[ and high [0.66; 

1].  

The node degree, the number of linkevents sent and the ego-network polarization are 

determined for each node and all results are stored into 2-dimensional matrixes. Afterwards, a 

chi-square test is used to analyze possible correlations between ego-network polarization and 

node degree as well as number of linkevents sent (see Figure 63). 
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Figure 63: 2-dimensional matrixes used in ENA 

The last analysis aspect of ENA is focused on the general presence of different link attribute 

types on network edges. Therefore, each network link within ego-networks is examined 

regarding the occurrence of the pre-defined link attribute types 1-4. A network edge is marked 

as containing a certain link attribute if at least one corresponding linkevent was transmitted or 

received. 

Based on this general methodology, the ENA includes twelve analysis metrics listed below. 

 Link polarization (link attribute type 1 <> 2) [ENA 1] 

This metric covers the identification of polarized network links using formula 6 

incorporating link attribute types one and two. Results include the distribution of 

polarization values in intervals from -1 to +1. 

 Link polarization (link attribute type 3 <> 4) [ENA 2] 

This metric covers the identification of polarized network links using formula 6 

incorporating link attribute types three and four. Results include the distribution of 

polarization values in intervals from -1 to +1. 

 Ego-network polarization (link attribute type 1 <> 2) [ENA 3] 

This metric covers the analysis of polarization effects within ego-networks using 

formula 6 incorporating link attribute types one and two. 

 Ego-network polarization (link attribute type 3 <> 4) [ENA 4] 

This metric covers the analysis of polarization effects within ego-networks using 

formula 6 incorporating link attribute types three and four. 

 Link-based attribute mirroring  (link attribute type 1 <> 2) [ENA 5] 

This metric covers the analysis of polarization effects on reciprocal connections. The 

polarization value is calculated using formula 6 for both link directions and their 

difference between exact mach (0) and maximal opposite polarization (2) is 

determined. 
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 Link-based attribute mirroring (link attribute type 3 <> 4) [ENA 6] 

This metric covers the analysis of polarization effects on reciprocal connections. The 

polarization value is calculated using formula 6 for both link directions and their 

difference between exact match (0) and maximal opposite polarization (2) is 

determined. 

 Node degree influence matrix (link attribute type 1 <> 2) [ENA 7] 

This metric covers the analysis of influence of node degree on ego-network 

polarizations (link attribute types one and two). 

 Node degree influence matrix (link attribute type 3 <> 4) [ENA 8] 

This metric covers the analysis of influence of node degree on ego-network 

polarizations (link attribute types three and four). 

 Number of linkevents influence matrix (link attribute type 1 <> 2) [ENA 9] 

This metric covers the analysis of influence of number of linkevents sent on ego-

network polarizations (link attribute types one and two). 

 Number of linkevents influence matrix (link attribute type 3 <> 4) [ENA 10] 

This metric covers the analysis of influence of number of linkevents sent on ego-

network polarizations (link attribute types three and four). 

 Distribution of incoming links with link attribute type 1-4 present [ENA 11] 

This metric includes the determination of ego-network links that include at least one 

incoming linkevent expressing link attribute type 1-4. Results both include the total 

number of incoming links and the average number of corresponding links per node. 

 Distribution of outgoing links with link attribute type 1-4 present [ENA 12] 

This metric includes the determination of ego-network links that include at least one 

outgoing linkevent expressing link attribute type 1-4. Results both include the total 

number of outgoing links and the average number of corresponding links per node. 

In summary, the ENA as part of the ALADINF framework is focused on the identification of link 

attribute related polarization and balance effects. Core aspect is the determination of possible 

link attribute polarization effects on single network links and within ego-networks. Results 

allow for an interpretation to what extend the link attributes do (a) exhibit certain uneven 
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distributions towards communication partners and (b) if actors behave differently by looking at 

their whole bunch of contacts. 

3.4.9 Graph-based Analysis (GBA) 

The last analysis part is called Graph-

based Analysis (GBA) and is focused 

on the propagation of link attributes 

within the network emergence 

through the creation of new network 

links. The GBA can therefore be 

located on the Network Topology 

Level, incorporating both Levels of 

Investigation as well as static and 

dynamic analysis components.  

The analysis of network graphs is a common approach in various research disciplines. 

Especially in the area of crime fighting, several approaches to analyze criminal structures 

utilizing network graphs have been developed. Xu and Chen (2005) have used clustering and 

block-modelling to identify chain structures of interaction patterns and subgroups of criminal 

networks. Coffmann et al. (2004) have combined SNA metrics with statistical pattern 

classification using graph-based technologies for intelligence analysis to match graph patterns 

with observed activities to provide tools for the automatic pinpointing of suspicious group 

dynamics within large and noisy volumes of data. 

In addition, graph theory and SNA have been applied to analyze relational data regarding the 

movement of cattle and sheep during the initial phase of a disease outbreak by Ortiz-Pelaez et 

al. (2006). In this study, a network containing 653 nodes and 797 links have been extracted in 

which key players, such as markets, dealers or farms within the initial spread of an infection 

could be identified.  

As an example from the SNA research discipline, Trier (2008) has analyzed a corporate email 

network and its graph structure providing a detailed picture of processes happening in online 

communication networks. Central actors are not constantly maintaining their position but 

quickly rise and fall in their centrality ranking. 

Figure 64: Graph-based Analysis dimensions 
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Within this GBA, the basic idea is to provide an exploratory analysis of network graphs and 

their changes over time to derive insights regarding the propagation of link attributes across 

network links.  

Initially, the network graph is created (as described in chapter 3.1.2) including all linkevents 

within the lifetime of the network. By changing the timeframe to be visualized, fewer 

linkevents are considered and the network graph is thinned. A piecewise extension of this 

analysis timeframe can be used to study the emergence of the network as such and the 

propagation of link attributes can be traced. 

Within GBA, this aforementioned gradual expansion of the timeframe is not based on pre-

defined time intervals, but is instead based on network topology changes. The time steps to 

expand or reduce the timeframe are defined by the timestamps of certain linkevents that 

cause a network topology change (creation of additional network links). Therefore, these time 

steps are not equally distributed but depend on the time intervals between specific linkevents.  

All together, the GBA include one analysis metric described below. 

 Timeframe-based network graph [GBA 1] 

This metric determines the network graph within defined analysis timeframes. This 

timeframe can be gradually changed according to time steps depending on network 

topology changes. The network graph can by limited to link attribute-based sub 

networks. 
 

In summary, the GBA enables the timeframe-based, gradually study of network formation with 

emphasis on the propagation of link attributes on network edges. This analysis timeframe can 

be changed based on network topology changes (addition of new links). With this approach, 

the development of online social networks can be traced step by step and periods of inactivity 

can be skipped. Furthermore, the GBA can also be applied on link attribute-based sub 

networks to determine structural differences or different dissemination paths of the link 

attributes. 

3.5 Analysis Metrics Overview 

The following Table 10 includes an overview of all 52 analysis metrics from the nine analysis 

parts of ALADINF. 
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Table 10: ALADINF analysis metrics overview 

Analysis Part Analysis Metrics 

Attribute Share 
Analysis 
(ASA) 

1. Number of networks 
2. Number of nodes 
3. Number of linkevents 
4. Number of links 
5. Average link strength 
6. Timestamp first linkevent 
7. Timestamp last linkevent 
8. Total number of linkevents (link attribute type 1-4 + unknown)  
9. Share of linkevents (link attribute type 1-4 + unknown) 
10. Share of linkevents (link attribute type 1-4 + unknown) based on 

single network distributions 
Attribute  
Histogram Analysis  
(AHA) 

1. Share of linkevents (link attribute type 1-4 + unknown) in time 
intervals 

Node-centric 
Analysis 
(NCA) 

Incoming Outgoing linkevent pattern  
(within / without average response time): 
1. Link attribute influence (generic) 
2. Link attribute influence (node degree) 
3. Link attribute influence (mutual communication) 
4. Result comparison (generic <> higher node degree) 
5. Result comparison (generic <> mutual communication) 
Outgoing  Incoming linkevent pattern 
(within / without average response time): 
6. Link attribute influence (generic) 
7. Link attribute influence (node degree) 
8. Link attribute influence (mutual communication) 
9. Result comparison (generic <> higher node degree) 
10. Result comparison (generic <> mutual communication) 
---------------------------------------------------------------------------------------- 
11. Consideration of average response time in NCA metrics 1 – 10 
12. Nodes in touch with link attribute type 1-4 
13. Nodes in touch with link attribute type 1-4 in incoming 

linkevents 
14. Nodes in touch with link attribute type 1-4 in outgoing 

linkevents 

Link-centric Analysis 
(LCA) 

1. Share of network links with 1-4 different link attribute types 
2. Share of network links with only link attribute type 1-4 
3. Share of network links with link attribute type 1-4 present 
4. Link attribute combinations on reciprocal (2x linkevents) links 
5. Share of network links with reduced link attribute type changes  
6. Share of balanced network nodes 
7. Share of network links with link attribute mirroring 
8. Share of network links with link attribute mirroring (Boolean) 

Static Motif Analysis 
(SMA) 

1. Static motif analysis (unfiltered network topology) 
2. Static motif analysis (link attribute type 1-4 sub-networks) 
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Dynamic Motif 
Analysis 
(DMA) 

1. Dynamic motif analysis (unfiltered network topology) 
2. Dynamic motif analysis (link attribute type 1-4 sub-networks) 

Extended Motif 
Analysis  
(EMA) 

1. Extended motif analysis (unfiltered network topology) 
2. Extended motif analysis (link attribute type 1-4 sub-networks) 

Ego-Network 
Analysis 
(ENA) 

1. Link polarization (link attribute type 1 <> 2) 
2. Link polarization (link attribute type 3 <> 4)  
3. Ego-network polarization (link attribute type 1 <> 2) 
4. Ego-network polarization (link attribute type 3 <> 4) 
5. Link-based attribute mirroring (link attribute type 1 <> 2) 
6. Link-based attribute mirroring (link attribute type 3 <> 4) 
7. Node degree influence matrix (link attribute type 1 <> 2) 
8. Node degree influence matrix (link attribute type 3 <> 4) 
9. Number of linkevents influence matrix (link attribute type 1 <> 

2) 
10. Number of linkevents influence matrix (link attribute type 3 <> 

4) 
11. Distribution of incoming links with link attribute type 1-4 

present 
12. Distribution of outgoing links with link attribute type 1-4 present 

Graph-based 
Analysis (GBA) 1. Timeframe-based network graph 

3.6 Research Guideline 

This chapter contains a research guideline to facilitate the application of the ALADINF 

framework to study influence and dissemination of arbitrarily link attributes in online social 

networks. This guideline covers the following six phases which sort of embrace the actual 

analysis framework: 

1. Preparation of analysis data 

2. Configuration of analysis data 

3. Configuration of analysis filters 

4. Selection of analysis parts 

5. Execution of the analysis 

6. Result evaluation 

The following chapters are each focussed on one of the six phases including detailed 

instructions regarding their general realization. For more information regarding a possible 

technical implementation of the analysis framework itself and parts of the research guideline 

mentioned above, please refer to chapter 4. 
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3.6.1 Data Preparation 

Within the first Data Preparation phase, two preparatory steps regarding the analysis data 

presented in Figure 65 have to be done. 

 

Figure 65: Data Preparation phase 

As the first step, the analysis data has to be converted into the event-based data model (see 

chapter 3.1). This has been successfully done for several typical social discourses within the 

case studies introduced in chapter 5. Important at this point is, to break the communication 

links into individual linkevents with individual timestamps and a direct or indirect sender-

recipient relationship. 

Depending on the data source, the specific networks can vary according to a variety of 

properties such as duration or size. The borders of these social networks can be based on 

certain parameters derived from the data source itself, e.g. a specific newsgroup, a corporate 

email network, a discussion forum, etc.  

The actual size of a single network is therefore due to certain design decisions and has to be 

defined by the researcher. For example, a whole discussion forum including all threads and 

comments from an online data source could be interpreted as one single network, or, to allow 

for a more fine grained analysis, each discussion thread could also be encapsulated as a single 

network. 



 

 

Chapter 3: Framework for Analysis of Link Attribute Dissemination In Networks (ALADINF) 

Robert Hillmann  130 

 

The second step includes the annotation or tagging of all linkevents regarding the pre-defined 

link attribute types. As already mentioned above, the annotation or classification itself is not 

part of the ALADINF methodology and has to be done prior to the analysis. This annotation can 

be realized both manually or tool-supported. Within the limitations of the data model, 

Boolean, numerical or textual identifiers can be used. The information itself has to be stored 

into the existing detail fields 1-5 of the data table Linkevent. The main requirement is that each 

linkevent only corresponds to one link attribute type at the same time. 

At the end of this Data Preparation phase, all analysis networks must be stored according to 

the event-based data model and the included linkevents have to be annotated with link 

attribute specific identifiers. 

3.6.2 Data Configuration 

This second Data Configuration phase covers the selection of the actual analysis data and the 

definition of the link attribute types as can be seen in Figure 66. 

 

Figure 66: Data Configuration phase 

As the first step in this phase, the analysis data sources need to be selected. As outlined above, 

the analysis data can differ regarding the size and quantity of networks that should be 

analyzed. ALADINF incorporates a batch processing of network files. Hence, the analysis can 

either include only one single network or cover a selection of networks. 

After selecting the analysis source data, the link attribute types have to be defined. The 

framework itself is not limited regarding the shape or type of the link attributes. However, a 

decision about the number of different link attribute types (two or four) that should be 

analyzed simultaneously has to be made beforehand. The identification of the link attribute 

types itself can be based on Boolean, textual or numerical identifiers and must correspond to 

the annotated link attribute data from the Data Preparation phase. 
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3.6.3 Filter Configuration 

To ensure the flexibility of the ALADINF framework, as a precedent phase, the analysis data can 

be altered with two analysis filters that are presented in Figure 67. 

 

Figure 67: Filter Configuration phase 

The first filter is a Node Filter. Likewise to the extraction of link attribute-based sub networks 

explained in chapter 3.1.4, certain nodes within the network data can be suppressed. This can 

be done according to additional information stored in the detail fields 1-5 within the data 

element Node or based on the node identification keys. This filter can be used to further tailor 

ALADINF towards the analysis of node specific properties such age, gender, ethnicity or job 

titles. 

Nodes that match the filter configuration are temporarily removed from the network data. The 

corresponding sender and recipient relationships within the data tables LinkeventSender and 

LinkeventRecipient / LinkeventParent are removed as well. Afterwards, linkevents without 

sender information are removed from the data completely. Linkevents without recipients or 

linkevent parent entries remain in the data basis and are considered within the analysis, but do 

not span network links and can therefore lead to isolated network nodes. 

The second filter that can be applied is called Timeframe Filter. The basic idea is not to analyze 

the whole data including all linkevents within the lifetime of the networks but instead to 

specify an analysis timeframe. Hence, this second filter specifies a start- and end point of the 

analysis. As already described above, each linkevent in the data basis contains a specific 

timestamp representing the timing of the event. Like in case of the sub network extraction, 

only certain linkevents are incorporated within the analysis. Linkevents having a timestamp 

before the start or after the endpoint are temporarily removed from the data basis. 
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3.6.4 Analysis Part Selection 

The artefact ALADINF presented above consists of nine individual analysis parts and includes a 

total of 52 different analysis metrics. As explained in chapter 1.5, there are only few 

restrictions regarding the definition of link attribute types or the selection of network data.  

However, due to these flexible configuration abilities, not all analysis parts and metrics can be 

usefully applied to all kinds of network data or link attribute types. Therefore, depending on 

the specific application scenario, not all analysis parts can or should be applied and an analysis 

specific selection must be made. The following sections describe the essential restrictions and 

requirements for the individual analysis parts and metrics to facilitate this selection process. 

3.6.4.1 Data Constraints 
One key requirement for the network data is the availability of the linkevent timestamp 

information. These timestamps are used to reconstruct the network emergence. 

The AHA and the GBA cannot be applied if the timestamp information is not present. However, 

if the timestamps are not available, or only with a coarse resolution, the linkevent 

identification keys can be used to store at least the logical order. This is sufficient for the 

analysis parts NCA, LCA, DMA, EMA, and ENA. If neither the timestamp nor the logical order is 

available, only the analysis parts ASA and SMA can be applied. 

ALADINF allows both the analysis of a single network as well as the evaluation of a collection of 

networks. Some of the defined analysis parts do not only include the calculation of descriptive 

metrics or average values but also cover the implementation of certain statistical tests. Since 

the analysis networks may have different quantitative dimensions, these statistical tests are 

carried out on the basis of differences among separate networks and therefore require the 

analysis of a selection of networks. This concerns the analysis parts LCA, SMA, DMA and EMA. 

If the analysis source data only includes a single network, the corresponding metrics are 

determined but a further statistical foundation of the results is not possible. 

3.6.4.2 Computational Constraints 
In case of large networks (> 500 nodes), the calculation of some metrics does require 

significant computational resources. In particular, within the EMA, with a focus on network 

patterns based on tetrads, the computational effort regarding processing power and memory 

increases significantly with the number of nodes. An economic determination of tetrad 

patterns within large networks may therefore not always be possible with current standard 

computer hardware. 
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3.6.4.3 Semantic Constraints 
Due to the very flexible definition of link attribute types, further semantic restrictions have to 

be considered. The analysis parts LCA and ENA include metrics for identification of balance and 

polarization effects. The usefulness of these calculations depends on the actual type of link 

attributes. 

In case of sentiments or other social aspects such as trust or agreement, these corresponding 

analysis metrics can be evaluated and meaningful insights can be derived. On the flip side, 

analyses with other link attribute types such as keyword occurrence or communication 

channel cannot be interpreted meaningfully or such polarization effects are unlikely to be 

found. 

In summary, based on the type, size and volume of the analysis source data and depending on 

the actual type of link attributes, the restrictions mentioned above must be considered prior to 

the application of ALADINF and certain analysis parts can eventually not be applied. 

3.6.5 Analysis Execution 

After all necessary preparatory steps have been completed, the actual analysis can be 

executed. The selected analysis parts are performed sequentially starting with the ASA (which 

includes mandatory metrics that are required for statistical tests and expected values for 

subsequent analysis parts).  

The whole procedure is sorted according to the Structural Dimension of the analysis cube with 

an increasing scope regarding the utilization of the network source data as described in 

chapter 3.3.  

An overview of the whole process, a short summary of the analysis parts (Attribute Share 

Analysis –Graph-based Analysis) and the corresponding analysis focuses can be found in Figure 

68. 
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Figure 68: ALADINF analysis parts and -scope 
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3.6.6 Result Evaluation 

This chapter is focused on the evaluation and interpretation of the results from the individual 

analysis parts of ALADINF. To goal is to derive general statements about presence, influence 

and dissemination of link attributes in digital social networks. Therefore, the results of all 

analysis metrics have to be evaluated together as already indicated in the second research 

question of this thesis: 

2) How can different network metrics with varying perspectives be combined and 

evaluated together to derive complex and meaningful insights about link attributes 

and their dissemination? 
 

The basic evaluation approach is divided into two parts consisting of both an Analytical Side 

and an Exploratory Side. The Analytical Side covers the determination of the single analysis 

metrics from ASA-ENA whereas the Exploratory Side is focused on the study and exploration of 

the whole network graph as part of the GBA. Figure 69 contains a corresponding schematic 

diagram. 

The result evaluation of the Analytical Side is separated into three steps. Within the first step, 

the actual presence of the link attributes in the network data must be verified. Based on this 

presence of link attributes, the identification of influence factors of these link attributes on 

node communication can be realized. Within the third step, possible dissemination patterns of 

link attributes can be determined. 

3.6.6.1 Link Attribute Presence 
The results of the ASA, AHA and LCA can be used to derive general statements regarding the 

presence of link attributes in the network data. The static ASA provides information about the 

occurrence of the various types of link attributes (metrics ASA 8-10) in the analysis source 

data.  

In addition, the AHA can be used to describe the dynamic appearance of these link attributes 

(metric AHA 1) during the network emergence. Furthermore, within the LCA (metrics LCA 1 & 

LCA 3-4), the distribution of link attributes across network edges can be examined.  

Hence, the combination of ASA, AHA and LCA can be used to derive statements about the 

general presence of link attributes and their temporal distribution within the network data and 

across individual network links. 
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Figure 69: ALADINF result evaluation 
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3.6.6.2 Link Attribute Influence 
After the presence of link attributes have been determined in step one, further aspects 

regarding the influence of link attributes on node communication behaviour in online social 

networks can be evaluated in the second step. Here, the results of the NCA, ENA and again 

parts of the LCA can be utilized. 

The NCA analyzes the frequency of link attributes in incoming / outgoing communication 

chains (metrics NCA 1-11) and can therefore describe the influence of link attributes within 

basic network communication patterns. 

The LCA measures to what extend certain link attributes are mirrored between pairs of nodes 

either within communication strings (metric LCA 4-5) or based on the overall communication 

activity (metrics LCA 7-8).  In addition, the LCA can also be used to identify the share of 

balanced nodes regarding expressed or transmitted link attributes in the network (metric LCA 

6).  

Furthermore, the ENA has a complementary analysis scope with a focus on polarization and 

balance effects within ego-network communication (ENA 1-10) and can therefore also used to 

identify the influence of link attributes. 

All together, the analysis metrics from NCA, LCA and ENA together can be used to determine 

the influence of link attributes on node communication behaviour. 

3.6.6.3 Link Attribute Dissemination 
Based on the general presence of the link attributes and their influence on node 

communication behaviour, possible dissemination patterns can be analyzed within the third 

step. For this, the three analysis parts with a focus on network motifs can be utilized. 

In principle, the SMA, DMA, and the EMA can be used to determine link attribute propagation 

patterns. Both the SMA and the DMA analyze the occurrence of certain triad-based network 

patterns and possible variations among link attribute-based sub networks (metrics SMA 2 and 

DMA 2). Network motif patterns whose occurrences differ from the expectations or the 

unfiltered network topology can indicate certain propagation processes and associated local 

configurations of link attributes within online social networks. If the timestamp information of 

the linkevents is available, the application of the DMA should be preferred.  

The EMA also examines the increased or decreased occurrence of small network motifs in link 

attribute-based sub networks (metric EMA 2). Unlike the SMA or DMA, the EMA is focussed on 
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tetrads of nodes and therefore allows for a more fine-grained analysis. However, due to higher 

computational requirements, the EMA should only be used in case of smaller networks. 

The LCA can also be applied to identify dissemination effects. The analysis metrics LCA 1-3 are 

focussed on the occurrence and distribution of different link attribute types on network links 

and can be used to measure the spreading of link attributes on single network links. 

3.6.6.4 Link Attribute Exploration 
In addition to the Analytical Side described above, a visual exploration of link attribute 

influence and dissemination should be conducted. The GBA allows for a detailed exploration of 

the network graphs (metric GBA 1). With the gradual expansion of the analysis time window, 

the spreading of link attributes across network relationships can be easily observed. 

In order to derive meaningful statements regarding the influence and propagation of link 

attributes, the Analytical Side and the Exploratory Side should be evaluated simultaneously. On 

one hand, the results of the Analytical Side can be visually identified and verified within the 

network graphs. On the other hand, a study of the network graphs and their temporal 

evolution can lead to further interesting aspects and phenomena that should be investigated 

analytically. 

Chapter 5 includes two case studies to evaluate the ALADINF framework both analysing 

different kinds of link attributes. The conclusions made there can serve as examples how to 

derive statements about presence, influence and dissemination of link attributes in online 

social networks. 

3.7 Summary 

Within this third chapter, the first two research questions of this thesis have been addressed. 

Regarding the first research question, the analysis framework ALADINF as the first artefact of 

this work has been developed to enable and facilitate the analysis of presence, influence and 

dissemination of arbitrarily link attributes in online social networks. To enable the dynamic 

network analysis, this framework is based on an event-based network data model aggregating 

exchanged linkevents among users to network links. 

ALADINF consists of nine individual analysis parts each with a different focus on certain parts of 

the analysis data. Common social science theories such as Social Influence Theory, 

Interpersonal Complementarity Theory or the Emotional Contagion Theory have been used to 

derive design implications for the framework. Each analysis part encapsulates a certain 
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methodical approach and altogether 52 metrics adapted from SNA have been defined within 

the analysis framework. 

The ALADINF framework is applicable for arbitrary link attribute types for various kinds of 

network data. To address the second research question, the framework is embedded in a 

corresponding research guideline to facilitate its application. This guideline covers several 

phases from preparation of the analysis data, configuration of filters and selection of analysis 

parts up to evaluation of the results. 

Within the analytical part of the evaluation, three sequential steps are necessary to derive 

insights and statements about (1) presence, (2) influence and (3) dissemination of link 

attributes. In addition, the network graphs should be visually explored to trace link attribute 

dissemination across network relationships within the exploratory part of the evaluation. 



 

 

4                                                                                                                      
Software Application for Analysis of Link Attribute 
Dissemination In Networks (ALADINSA) 
To prove the feasibility of ALADINF 

presented in the previous chapter and to 

facilitate its application, a corresponding 

software application called ALADINSA as 

the second design artefact of this work 

was developed.  

The basic idea is to allow the user to apply 

the analysis framework with little effort as 

possible and without significant 

restrictions regarding the application 

scenarios defined by the type of the link 

attributes or the network data sources.  

ALADINSA provides a guided path covering 

the steps from the research guideline 

presented in chapter 3.6 that enables the 

user to analyse a selection of networks 

from different data sources regarding the 

influence and dissemination of arbitrary 

link attribute types. 

 

 

 

 

 

 

 

The software can be tailored towards a 

specific analysis with a broad variety of 

general application parameters as well as 

with specific settings within the individual 

analysis parts. 

The entire user interaction is realized with an 

integrated Graphical User Interface covering 

all tasks from analysis configuration, data 

selection and link attribute type definition up 

to result presentation and data export.   
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4.1 Conceptual Design and Architecture 

This chapter contains a description of the structure and technical implementation of the 

ALADINSA application. A schematic overview of the general conceptual design is presented in 

Figure 70. 

 

Figure 70: Conceptual design of ALADINSA 
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The design consists of four defined layers: the GUI Layer, the Data Layer, the Analysis Layer 

and the Workflow Layer. Each layer includes several application modules realizing specific 

functions or tasks. 

The GUI Layer includes the graphical user interface itself and integrates all user related 

interaction logic. This covers the analysis settings and general application parameters to 

configure a specific analysis, the selection of the analysis source data, the configuration of 

analysis filters as well as the presentation of the results. A detailed list including short 

descriptions of all GUI related software modules can be found in Table 11. 

Table 11: ALADINSA GUI-layer modules 

Element Function 
Analysis Settings Specifications This module is focused on the specification of analysis 

parameters, such as the minimum or maximum values 
for certain tests, the significance level for statistical test 
and specific parameters for the individual analysis parts. 

Data Selection This module realizes the selection of the network source 
data used as input for the analysis. 

Node Filter Configuration This component includes the node filter configuration to 
exclude nodes with certain attributes that should not be 
considered within the analysis. 

Timeframe Filter Configuration This component covers the timeframe filter to define a 
start- and end-point for the analysis. This filter excludes 
certain linkevents with timestamps outside of this 
defined time window from the analysis. 

Link Attribute Configuration This component covers the definition of up to four 
different link attribute types for the analysis based on 
Boolean, textual or numerical identifiers.  

Result Presentation This module encapsulates the presentation of the 
analysis results and, if feasible, a corresponding 
graphical representation. 

 

The Data Layer includes all software modules responsible for storing software related data. 

This covers settings and parameters for the analysis itself, the selected network data as well as 

the analysis results of the nine individual analysis parts. 

The Analysis Layer contains software modules for all of the nine analysis parts defined in 

ALADINF. Each module encapsulates analysis specific functions and calculations and stores the 

individual results into the Data Layer. This modularity ensures the flexible (de)selection of 

analysis parts as well as an easy expandability of the software. 

The Workflow Layer is the core layer of the application controlling and monitoring the 

application workflow. It includes software modules for loading analysis data from different 
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source formats, the application of analysis filters as an upstream task, the execution of 

separate analysis modules and the optional result export into external files for further 

analyses. The modules of this layer have interfaces to all other layers for data storage (Data 

Layer), user interaction (GUI Layer) and analysis execution (Analysis Layer). 

4.1.1 Class Diagram 

Figure 71 shows the class diagram of ALADINSA together with main interfaces and cardinalities.  

 

Figure 71: ALADINSA class diagram (majority of classes are suppressed to improve readability) 
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Each of the conceptual design layers described above is implemented as a separate application 

package including several classes. Core of the application is the workflow package hosting the 

class AnalysisLoop that controls the central workflow. In addition, several classes are 

responsible for the access of different network data formats and the result export. The class 

ApplyFilter covers the application of the two analysis filters as described in the research 

guideline (see chapter 3.6). 

The package data includes classes responsible for storing various kinds of data such as the 

analysis results (class AnalysisResults), the settings (class SettingsStorage) or the network 

source data (class Network). 

The package analysis includes corresponding classes for each of the nine individual analysis 

parts of ALADINF. Finally, the gui package encapsulates all classes responsible for the GUI itself 

and the user interaction logic. 

4.1.2 Technical Implementation 

The software application was written in Java utilizing the Abstract Window Toolkit (AWT) and 

Swing for the graphical representation to ensure its function on various operating systems. All 

together, the software consists of more than 20thousand lines of code distributed across 87 

classes in four packages as described above. 

The software was tested on Windows XP, Vista and 7 as well as Mac OS X 10.5 – 10.7. The 

minimum requirements include an installed Java Runtime Environment version 6, 2GB of RAM 

and a screen resolution of 1024x768 pixels. 

The software is distributed as a self-contained jar-file, and, to facilitate the application 

execution, as encapsulated .exe-file (for Windows environments) and .app-file (for Mac OSX 

environments).  

Due to high memory requirements of very large network data, the software should use at least 

1GB of RAM for 32Bit operating systems. In case of 64Bit operating systems, a minimum of 

2GB should be allocated to the application.  

4.1.3 External Libraries 

ALADINSA includes only self-made graphical resources and for the most part only proprietary 

source code. However, some special tasks require the usage of external software libraries. 

Such tasks include the realization of database connections, the import and export of Microsoft 

Excel files as well as the implementation of certain statistical tests. The following Table 12 
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shows all referenced external libraries together with their specific versions and licenses as well 

as their function within the ALADINSA application. 

Table 12: External libraries referenced in ALADINSA 

Library Function 
Java Excel API 
Version 2.6.12 
Lesser General Public License (LGPL) 

External library to read and write Microsoft 
Excel files. 

MySQL Connector 
Version 5.1.18  
GNU General Public License 

External library to establish connections to 
MySQL databases. 

Commons Math:  
The Apache Commons Mathematics Library
Version 3.1.1  
Apache License Version 2.0 

External library for statistical calculations 
which is used to perform statistical tests like t-
tests and chi-square tests. 

Commetrix Analyzer 
Version 2.45 
Proprietary License 

External library based on Commetrix (CMX) 
analysis framework which is used to read CMX 
Network files. 

 

4.1.4 Availability 

The software was initially developed by the author as part of the EU-funded research project 

CyberEmotions. An early prototype of the software, with limitations regarding the analysable 

link attribute types and network sources was made available within the project. 

The software was then further developed to overcome previous limitations and additional 

functionality has been added. After the disputation of this thesis and the creation of a suitable 

manual, the software will be made available as an open source software project. 

4.2 Application Workflow 

ALADINSA is an implementation of the analysis framework ALADINF described in chapter 3.3. 

Hence, the general workflow of the application equates to the research guideline presented in 

chapter 3.6. As already mentioned above, all user interaction is realized with an integrated GUI 

(see Figure 72) which is divided into several areas and views each focused on specific aspects 

of the application workflow that covers eight steps presented in Figure 73. 

Within the first step, the source data for the analysis has to be selected. The link attribute 

types need to be defined in step two. Prior to the actual analysis, appropriate filters and 

settings have to be adjusted. In step three, the node filter can be configured to exclude 

network nodes from the analysis depending on certain node attributes. Step four covers the 

configuration of the timeframe filter used to limit the analysis regarding a specified time span.  
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Figure 72: ALADINSA main GUI 

 

Figure 73: ALADINSA workflow 
Step five comprises the configuration of various analysis parameters, such as the significance 

level for statistical tests and/or minimum or maximum values regarding the network 

quantities. In addition, step five also includes the (de-)selection of certain analysis parts 

(please refer to chapter 3.6.4 for more information). The actual analysis is executed in step six. 

1. Select Analysis Input Data

2. Define Link Attribute Type

3. Configure Node Filter

6. Execute Analysis

4. Configure Time Frame Filter

7. Explore Results

8. Export Results

5. Specify Analysis Settings / Select Analysis Parts
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Afterwards, the results from the individual analysis parts can be explored (step seven) and, if 

necessary, exported for further analysis (step eight). 

The following sub chapters include further information for all eight workflow steps, including 

illustrations or screenshots if appropriate. 

4.2.1 Input Data Selection 

As described in chapter 3.3, a selection of networks can be used as input data for the analysis. 

ALADINSA supports three different data formats: MySQL databases, Microsoft Excel or 

Commetrix network files.  

In case of MySQL databases and Microsoft Excel files, the network data must be stored in 

accordance with the event-based data model introduced in chapter 3.1. Sample SQL scripts 

and Excel files can be found within the software package. Commetrix network files (CMX files) 

can be created with the CMXProducer application that is part of the Commetrix Analysis 

Framework. 

Within the application, the corresponding data format can be selected by choosing one of the 

three tabs in the upper left area of the main GUI: XLS, DB or CMX. The buttons Add 

Schema/Add File(s) can be used to select the specific input data. The button Clear List can be 

used to remove a previous selection. 

4.2.2 Link Attribute Definition 

ALADINSA is not tailored towards a specific kind of link attributes. Hence, as a basic prerequisite 

of the analysis, the user has to define the type of link attributes and their representation in the 

network data. To ensure the maximum flexibility, ALADINSA offers a broad variety of options in 

this regard. 

 
Figure 74: Link attribute type definition 
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The only constraint is the upstream decision, to analyse either two or four different link 

attribute types. This is done by choosing either the 2-Attribute Types or the 4-Attribute Types 

panel in the upper right area of the GUI.  

On each panel, further information regarding the location within the data model and the type 

of the link attributes needs to be set. In particular, the linkevent detail field that holds the 

attribute information needs to be defined, corresponding type names have to be assigned and 

the attribute identifiers have to be inserted using either Boolean, textual or numerical 

identifiers (see Figure 74). 

4.2.3 Node Filter Configuration 

To exclude certain nodes from the analysis according to specific attributes, a node filter can be 

activated by choosing the Use Node Filtering panel (see Figure 75). This filter reduces the 

number of nodes that are considered for the analysis. 

 
Figure 75: Node filter configuration 

To set the filter, the node detail field which stores the node specific attributes needs to be 

selected. As in the case of the link attribute type definition above, the filter can be configured 

by either using Boolean, textual, numerical or nodeID-based identifiers. 

4.2.4 Timeframe Filter Configuration 

The second filter that can be applied is called Timeframe Filter. The basic idea is not to analyse 

the whole data including all linkevents from the networks but instead specify an analysis 

timeframe. The filter can be activated by choosing the Use Timeframe Filtering Panel in which 

the start- and endpoint of the analysis time window can be defined (see Figure 76). 
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Figure 76: Timeframe filter configuration 

Each linkevent in the data basis contains a specific timestamp representing the timing of the 

event. Like in the case of the sub network extraction (see chapter 3.1.4), only certain 

linkevents are incorporated in the analysis whose timing is within the defined time window. 

Linkevents having a timestamp before the start- or after the endpoint are temporarily 

removed from the data basis. 

4.2.5 Analysis Settings and Selection of Analysis Parts 

As already indicated in chapter 3.4, the individual analysis parts and the ALADINSA application 

itself can be configured with a variety of options and parameters. The Settings Panel (see 

Figure 77) can be reached from the menu bar (Extras > Settings). 

 
Figure 77: Settings panel 

Within the settings menu, a variety of options to specify and customize the application and the 

individual analysis parts is available. Within the General Panel, the analysis parts that should 

be included in the analysis can be selected. Some analysis parts do only create meaningful 

results if the source data matches certain requirements (chapter 3.6.4 contains a description 

of the constraints and conditions of the individual analysis parts). The ASA and the GBA are 

obligatory and cannot be deselected. 
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In addition, certain quantitative requirements for the network data as well as some colour 

values for illustrations can be specified. The remaining panels include options that are tailored 

towards specific analysis parts and the configuration of a database connection. A list with 

detailed descriptions of all settings and parameters can be found in the appendix 7.3. 

4.2.6 Analysis Execution 

After all previous steps have been performed and all options and parameters have been set, 

the analysis itself can be executed. This is done by clicking on the Start Analysis button. A 

status screen showing the analysis progress will be displayed. Depending on the selected 

analysis parts and the quantities of the network data, the computation may take some time. 

The analysis can be cancelled at any time by clicking on the Cancel button. 

4.2.7 Result Exploration 

After the analysis is completed, the lower area of the ALADINSA main GUI includes several 

panels presenting the results of the analysis parts and the corresponding metrics described in 

chapter 3.4. Depending on the analysis selections made above, not all result panels may be 

accessible.  

The following chapters include brief descriptions on the individual layout of the nine result 

panels. 

4.2.7.1 Attribute Share Analysis (ASA) 
The Attribute Share Analysis panel (see Figure 78) includes the results of the metrics ASA 1-10. 

The results of ASA 9 and ASA 10 are also presented graphically showing the link attribute 

distributions using the preselected colours for the individual link attribute types. The ASA 

analysis part is obligatory and therefore always accessible.  

 

Figure 78: Attribute Share Analysis (ASA) result panel 
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4.2.7.2 Attribute Histogram Analysis (AHA) 
The Attribute Histogram Analysis panel (see Figure 79) presents the results of AHA 1 as a two-

dimensional diagram. As indicated in chapter 3.4.2, the temporal distribution of the link 

attribute types within 100 time slices is presented as a histogram graph. The x-axis represents 

the time, starting with the timestamp of the first linkevent and closing with the timestamp of 

the last linkevent within the analysis source data.  

The y-axis represents the percentage share of the predefined link attribute types. Checkboxes 

on the right side can be used to (de)select link attribute types and hide the corresponding data 

plots. 

 

Figure 79: Attribute Histogram Analysis (AHA) result panel 

4.2.7.3 Node-centric Analysis (NCA) 
The Node-centric Analysis panel (see Figure 80) presents the results of the metrics NCA 1-14. 

The panel hosts a table including all communication patterns from NCA 1-10 showing the 

expected values and information if the results represent a normal distribution (based on a chi-

square test). Furthermore, the average occurrence across all networks, the mean value based 

on single networks, the standard deviation, the results of a t-test (t-value and probability), the 

sample size and a resulting trend indicator are presented. 

Note: The consideration of average response times (NCA 11) in the analysis can be selected 

within the Settings Panel menu. 

Below the results of NCA 1-10, the remaining results of NCA 12-14 are presented in the same 

table including the share of nodes in touch with link attribute types 1-4 in incoming or 

outgoing linkevents. 
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Figure 80: Node-centric Analysis (NCA) result panel 

4.2.7.4 Link-centric Analysis (LCA) 
The Link-centric Analysis panel (see Figure 81) includes the results of the metrics LCA 1-8. The 

panel hosts a table including the absolute and percentage results (share of network links 

within the source data) sorted according to the corresponding metrics. If feasible, the 

expected values, based on calculations from ASA are also displayed like in case of LCA 3 and 4.  

 

Figure 81: Link-centric Analysis (LCA) result panel 

4.2.7.5 Static Motif Analysis (SMA) 
The Static Motif Analysis panel (see Figure 82) includes the results of metrics SMA 1-2. The 

panel hosts a table showing both the total and the percentage results. The sixteen available 

triad classes are presented above the table to facilitate the evaluation. For each of these triad 

classes, the number of networks in which they occur increased, decreased or as expected, 

compared to similar random networks, is shown. If a single result is above 50% of the total or 

relative values, the corresponding table cell is coloured in blue (for total values) or green (for 

relative values). 
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Figure 82: Static Motif Analysis (SMA) result panel 

Note: Within the Settings Panel, three different models for the creation of random networks 

(Erdös-Renyi, U|MAN or Watts) can be selected. For more information regarding the different 

models of Complex Networks, please refer to chapter 2.11 and 3.4.5. 

4.2.7.6 Dynamic Motif Analysis (DMA) 
The Dynamic Motif Analysis panel (see Figure 83) includes the results of metrics DMA 1-2. The 

panel hosts a table including the results for all thirty triad class transitions for the unfiltered 

network topology as well as for the link attribute-based sub networks. The last column 

comprises the corresponding graphical triad transition to facilitate the evaluation. 

 
Figure 83: Dynamic Motif Analysis (DMA) result panel 

The analysis results include the expected values, information if the results represent a normal 

distribution (based on a chi-square test), average values in the networks, standard deviation, 

sample size, results of a t-test (t-value and probability) as well as a trend indicator. Checkboxes 

within the DMA panel allow the (de-)selection of specific triad class transitions. 

4.2.7.7 Extended Motif Analysis (EMA) 
The Extended Motif Analysis panel (see Figure 84) includes the results of metrics EMA 1-2. The 

general layout corresponds to the DMA panel described above despite the focus on tetrads as 

network motifs. 
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Figure 84: Extended Motif Analysis (EMA) result panel 

4.2.7.8 Ego-Network Analysis (ENA) 
The Ego-Network Analysis panel (see Figure 85) hosts a table including the results of metrics 

ENA 1-12. In case of ENA 1-6, the results include a description of the corresponding interval as 

well as the total and percentage results (share of network links) from the analysis source data. 

 

Figure 85: Ego-Network Analysis (ENA) result panel 

The ENA results panel further includes two additional buttons on the right side which can be 

used to display a graphical representation of the link- and ego-network polarizations from ENA 

1-4 (button Polarization) as well as the link attribute mirroring from ENA 5-6 (button 

Mirroring).  

Examples of this graphical representation can be seen in Figure 86. Both graphs show the 

analysis intervals on the x-axis (from -1 to +1 in case of ENA 1-4 and 0 to 2 in case of ENA 5-6) 

and the percentage distributions of network links on the y-axis. The results are shown as 

separate bars. Checkboxes on the right side can be used to display or hide certain data plots. 
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Figure 86: Graphical representation of link attribute polarization and -mirroring 

At the bottom of the ENA panel, the result matrices of ENA 7-10 as well as the distributions of 

incoming and outgoing links (ENA 11-12) including link attribute type 1-4 are shown. 

4.2.7.9 Graph-based Analysis (GBA) 
The results of the Graph-based Analysis are presented in a separate window. This frame 

includes a graphical representation of the entire network graph as well as corresponding tables 

showing the node and linkevent data used as basis for the displayed network topology (see 

Figure 87).  

 

Figure 87: Graph-based Analysis (GBA) result panel 

If more than one network was included in the analysis, a drop down selector at the top can be 

used to switch between the separate network graphs. 
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The algorithm used for the graph layout uses a visualization technique based on a 2D spring 

embedder (Fruchtermann and Reingold 1991) that allows for adding and deleting of network 

elements to a graph representation. A spring embedder considers the nodes as connected by 

springs and those therefore repel or attract each other.  

The spring embedder works in iterations. Each time, the forces exerted on each node v are 

computed. All existing network edges between two nodes u and v attracts the node v with the 

force f(u,v) in the direction of u, with f(u,v) being proportional to the difference between the 

distance of u and v and the ‘natural’ length of the relaxed spring (“Hooke's Law”). Conversely, 

each absent edge (v,u) repels the node v away from u with the force f(v,u). After all force 

vectors have been summed up, the nodes are moved in the plane according to the forces 

exerted on them. 

After a node position has been changed, it is considered constant and the layout algorithm 

steps into the next iteration. The algorithms stops after all nodes have reached their final 

position. A schematic representation of the algorithm can be found in Figure 88. 

 

Figure 88: Graph layout algorithm for GBA 

A GBA result window showing a sample social network graph can be found in Figure 87. The 

graph is displayed on the left side. The right side contains the network data used as basis for 

the network topology and some options to manipulate the graph visualization. The node 

positions in the graph are calculated based on the layout algorithm described above. 

set up initial node position randomly // avoid identical positions

loop
for each node

this_node.force := (0,0) // reset force vector

for each other node
force_attraction := Hook_attraction (this_node, other_node)

next node

for each other node
force_repulsion := Coulomb_repulsion (this_node, other_node)

next node

this_node.force := force_attraction – force_repulsion // combine force vectors

this_node.position := this_node.position + this_node.force * constant_factor // update position

next node
until all nodes have reached final position
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Certain checkboxes enable the filtering of the network data according to the predefined link 

attribute types to extract link attribute-based sub networks (see chapter 3.1.4). In this case, 

the network graph only includes linkevents that match the corresponding selection.  

Two sliders at the bottom can be used to reduce the visualization timeframe by defining start- 

and endpoints of the analysis. As described in the GBA methodology in chapter 3.4.9, 

linkevents with time stamps outside this time window are suppressed and the steps of the 

timeframe modification are based on network topology changes.  

The size of the nodes in the network graph corresponds to the number of direct node contacts 

and is changed depending on the activated timeframe and selected link attribute-based sub 

networks. Further options include the visualization of nodeIDs as well as the removal of 

isolated nodes. The Freeze Network option deactivates the layout algorithm. All nodes remain 

on their last position. Single nodes can be selected with a left click and are then rendered with 

a red circle. A selected node can be moved to an alternative position with a right mouse click 

to modify the graph structure according to certain requirements. A screenshot of the actual 

network graph can be created at any time by clicking on the Screenshot button. 

All changes of the visualization options and/or sub network selections influence the graph 

layout and the two data tables with nodes and linkevents in real time. 

4.2.8 Result Export 

For further evaluations of the analysis results, all data, except the GBA graphs, can be exported 

into a Microsoft Excel file by clicking the Export button. The exported file contains separate 

worksheets for each analysis part including all corresponding analysis metrics. 

4.2.9 Additional Options 

All analysis related settings and parameters including the configuration of the link attribute 

types, the input data selection as well as the node and timeframe filter settings can be saved in 

a profile file by choosing File > Save Profile. These exported profiles can be restored by 

choosing File > Load Profile to avoid unnecessary repeated user input.  

To provide additional information, the triad and tetrad classes as well as the corresponding 

transition networks can be displayed in separate windows by choosing the corresponding 

entries in the Extras menu.  
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4.3 Summary 

The framework ALADINF presented in chapter 3 was implemented in a software application 

called ALADINSA to prove the feasibility of the first artefact. The software allows users to apply 

the proposed methodology and realize corresponding studies with little effort as possible. 

To ensure the cross platform applicability, the software was developed using the Java 

programming language. It consists of more than 20thousand lines of code in 87 classes 

distributed across four packages each focused on specific aspects like data storage, analysis 

part implementation, user interaction or workflow-execution and -control. 

The main feature is an integrated GUI which is used for all user interaction and result 

presentation. To realize the flexibility of ALADINF, ALADINSA includes a broad variety of settings 

and parameters to tailor the application towards particular analysis scenarios. All results from 

the nine individual analysis parts are presented in separate panels and can be exported into 

external files for further evaluation. 



 

 

5                                                                                         
Evaluation: Case Studies 
To evaluate both Design Science artefacts, 

ALADINF and ALADINSA, and according to the 

Information Systems Research Framework, two 

case studies have been conducted, following 

the research guideline presented in chapter 3.6 

and using  ALADINSA introduced in chapter 4. 

The first case study (chapter 5.1) analyses 

sentiments embedded in exchanged textual 

messages as possible link attributes. It tries to 

answer the third research question, to what 

extend sentiments influence node 

communication behaviour or propagate within 

digital social networks. The sentiments have 

been determined with the tool SentiStrength 

that has been developed as part of the EU-

funded research project CyberEmotions. Due to 

the intension to identify general dissemination 

patterns or influence effects in online social 

networks, the data sources of this analysis 

include a broad range of social networks from 

different online discourses, such as forum 

discussions, Internet-relay chats or micro-

blogging services. Parts of this case study have 

been published on several scientific 

conferences. 

To prove the flexibility of ALADINSA regarding 

the analysis of arbitrarily link attributes, a 

second case study focused on agreement and 

disagreement (chapter 5.2) was conducted. 

Software Application
ALADINSABasic Concepts Evaluation:

Case Studies
Conclusions & 
Future Research

Introduction Analysis Framework
ALADINF
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5.1 Influence and Dissemination of Sentiments in Online Social Networks 

This first case study is addressing the third research question of this thesis: 

3) To what extend do sentiments embedded in exchanged messages among users of 

online social networks influence node communication behaviour or propagate within 

digital networks? 
 

The spread and popularity of social network applications in the Internet allow for a 

comprehensive and large-scale analysis of user behaviour in online environments. There has 

been a variety of seminal research regarding the existence of sentiments or emotions in such 

communication channels dating back more than 20 years. Rice and Love (1987) conducted a 

study concluding that computer-mediated communication does in fact allow for the exchange 

of emotions despite the inherent absence of nonverbal communication parts. Subsequent 

research confirmed the existence of emotions and sentiments in various computer-mediated 

communication channels such as discussion boards, micro-blogging services and other social 

network applications (Belkin, Kurtzberg et al. 2006; Bollen, Pepe et al. 2009; Derks, Fischer et 

al. 2007; Doods and Danforth 2009; Thelwall and Wilkinson 2009).  

However, we currently lack understanding of exact interaction traces of micro-level interaction 

and the role of sentiment for triggering processes or even cascades of affective influence 

among users in online social networks. To address this gap, this case study adopts a social 

network perspective that models users as nodes and aggregate exchanged messages to links 

within complex social networks. Such a perspective enables explicating the micro-level 

processes of social influence that happen in actor communities and that might at least partially 

explain why actors (re-) act in a certain way. In particular the study is concerned with affective 

influences brought about by the sentiment valence of messages to which an online actor is 

exposed. Such influences can bring about dissemination processes that could explain emerging 

effects like a main tonality of some online community or a separation of a group.  

Within this case study, a broad variety of social interaction from the Internet has been 

analysed (see chapter 5.1.1) and an identification of sentiments embedded in online textual 

communication has been performed with special developed software (see chapter 5.1.2). The 

research guideline described in chapter 3.6 and ALADINSA have been used to perform an 

analysis of influence and dissemination of sentiments in online social networks to answer the 

third research question to what extend such sentiments influence node communication 

behaviour or propagate within digital networks. 
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5.1.1 Data Basis 

Due to the broad research scope of this case study, the data basis for this analysis covers 

online interaction data from various social network types including data from discussion 

forums, Internet relay chats (IRC), micro-blogging services and newsgroups in the Internet. 

The forum discussions were retrieved from the BBC website (forum dataset I) as well as the 

online portal Digg.com (forum dataset II). The BBC dataset includes all discussions from seven 

BBC message boards and covers a time span from 2005 till 2009. The Digg.com forum data is a 

complete crawl of all story related discussions and covers the months February, March and 

April of the year 2009. The IRC dataset (chat dataset III) includes chat interaction from the 

Ubuntu e-community and contains chat dialog recordings from 57 different communication 

channels and covers a period between summer 2004 and 2010. The micro-blogging dataset 

(micro-blogging dataset IV) is based on Twitter posts from February 2010. The newsgroups 

dataset (newsgroup dataset V) includes a corpus of Usenet newsgroups with the complete 

posting history for several Austrian newsgroups from 1995 to summer 2011. All datasets do 

include English textual communication except the newsgroup dataset which includes English 

and German posts. All five datasets together include more than 13thousand social networks. 

An overview of the individual quantities can be found in Table 13 below. 

Table 13: Number of networks used for case study I 

Dataset Number of networks 
Forum dataset I 1657 
Forum dataset II 8576 
Chat dataset III 1925 
Micro-blogging dataset IV 628 
Newsgroup dataset V 1001 

The data from all datasets (DS) have been converted and transformed into social networks 

using developed software. Each dataset has a specific underlying data structure, determined 

by certain technical properties of the Internet-service in use. To overcome the disadvantages 

of heterogeneous source data structures, all data have been transferred into the event-based 

data model described in chapter 3.1. 

Users of the online application are interpreted and being stored as nodes in the data model. 

These users participate within the online discourses by exchanging or posting textual 

messages, such as forum posts, chat conversations or micro-blogging posts. These exchanged 

textual messages have been stored as linkevents within the network data. In case of the forum 

datasets, these linkevents are post or comments on the two aforementioned forum websites. 
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Each of these posts or comments can be a reply to another post and/or can quote some other 

posts and by that create a link between different users. In case of the chat dataset, each 

linkevent is a message within a specific chat channel that includes a direct reference to 

another user and can therefore be interpreted as a direct message exchange. In case of the 

micro-blogging dataset, the linkevents are Twitter posts from users including a direct reference 

or mention of another user, excluding re-tweets which can be in fact interpreted as directed 

communication but do not include new user generated content. 

This perspective change from the original online discourse data to networks allows the 

emergence of social networks independent from the technical restrictions of specific web 

pages or communication channels. 

5.1.2 Classification of Sentiments 

The linkevents from all datasets have been analysed regarding embedded or expressed 

sentiments. That was done with the specialized sentiment detection software SentiStrength 

that was introduced in chapter 2.12.2. This classifier represents the state-of-the-art in 

sentiment classification and was developed as part of the European FP7 project CyberEmotions 

and was tested on a wide range of online discourses such as MySpace or Twitter (Thelwall 

2012). 

The SentiStrength software classifies English textual messages regarding included sentiments. 

The software determines the strength of positive and negative sentiments simultaneously with 

a scale ranging from 1-5 (for positive) or (-1) – (-5) (for negative) (Thelwall, Buckley et al. 2011). 

To overcome some limitations regarding the accuracy of the classification results (Thelwall, 

Buckley et al. 2011; Thelwall, Buckley et al. 2011) and to simplify the analysis, the sentiment 

spectrum of the classifier was converted according to a specified scheme (see Figure 89), that 

differs between four disjoint categories of sentiments. 

 

Figure 89: Transformation of sentiment data into four disjoint categories 
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Every analysed and tagged textual message can either be of positive, negative, both positive 

and negative or neutral nature. Due to the fact, that each message, as result from the 

classifier, contains two sentiment values (for positive and negative separately) between one 

and five, a general sentiment threshold at level three is defined. A classification with a positive 

result of three or larger and a negative result of less than three is categorized as overall 

positive. A message with a negative result above the threshold and with a positive result below 

the threshold level is classified as overall negative. If both the positive and the negative results 

are above the threshold level, the message is categorized as both positive and negative 

simultaneously. If both results are below the threshold level, the linkevent is classified as 

neutral expressing the fact, that the text contains neither positive nor negative sentiments at a 

meaningful level. 

In summary, all linkevents from the five datasets have been classified according to embedded 

sentiments into four disjoint categories which have been interpreted as four different link 

attribute types within the ALADINSA application. 

5.1.3 Analysis Part Selection for Case Study I 

As described in chapter 3.6.4, depending on the quantities and characteristics of the network 

data, not all of the nine analysis parts can be applied usefully. Therefore only selected analysis 

parts have been considered in the case study which are mentioned below. 

Attribute Share Analysis / Attribute Histogram Analysis 

The ASA analysis part of the ALADINF framework has been used to identify the share of the 

four sentiment types within all datasets. Due to the available timestamp information of all 

linkevents, the AHA was used in addition to analyse the temporal development of the 

sentiment types leading to their final distributions. 

Node-centric Analysis / Link-centric Analysis 

Due to the large available database, both the NCA and the LCA have been used to measure 

influence of sentiments on node communication patterns as well as the distribution of 

sentiments on social network links. 

Dynamic Motif Analysis 

ALADINF includes three different analysis parts with a focus on link attribute dissemination 

patters. All networks in the five datasets include detailed information regarding the 

timestamps of the linkevents. Hence, a dynamic network motif analysis, either DMA or EMA, 
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could be performed. However, due to the large number of networks (>13,000) the EMA based 

on tetrads cannot be calculated with the available time and computational resources. 

Therefore, the DMA was used to identify network motifs and to measure the occurrence of 

social network effects. 

Ego-network Analysis 

Unlike other link attribute types, for example, the spreading of keywords in networks, 

sentiments are suitable for the investigation of polarization and balance effects. The ENA was 

used to examine the ratio between positive and negative linkevents in network relationships 

and ego-networks. 

Due to the large amount of different networks in the datasets, the Graph-based Analysis, with 

an exploratory approach, could only be applied in limited ways on selected networks to verify 

certain analytical results. 

5.1.4 Results 

This first case study on influence and propagation of sentiments in online social networks was 

carried out as part of the EU funded research project CyberEmotions. To facilitate the 

publication of the results on scientific conferences, the individual analysis parts from ALADINF 

have been carried out separately and encapsulated as self-contained papers. Hence, each of 

the following sub chapters covers only one analysis part including the corresponding analysis 

results and if feasible, containing a theoretical framework with related hypotheses. Some of 

the theoretical foundations and hypotheses have intended overlapping due to similarities 

regarding the general research focus.  

A summary and final conclusion of all results from case study I can be found in chapter 5.1.5. 

5.1.4.1 Sentiment Distribution in Online Social Networks (based on ASA) 

The distribution of the four different sentiment types across the five different datasets can be 

seen in Figure 90.  

The networks differ in terms of their sentiment distribution. The positive fraction ranges from 

2% to 47%. The highest share is within the micro-blogging dataset with 47%. The linkevents 

expressing negative sentiments have a share from 8% to 46% with a peak in the newsgroup 

dataset. The fraction of both positive and negative linkevents ranges from 2% in the 

newsgroup dataset to 36% in the forum dataset I. The percentage of neutral messages has the 
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lowest value in forum dataset I (18%) and the highest proportion in the newsgroup dataset 

with 45%. 

 
Figure 90: Sentiment distribution within datasets (ASA 9) 

In general, all datasets exhibit differences regarding the share of positive, negative, neutral 

and pos&neg messages. Some of these discrepancies can be explained with the context of the 

message exchange, e.g. discussion forums including debates about politics and religion have a 

higher share of negative linkevents than the micro-blogging DS (with more casual 

conversations) and the software development community (chat DS III) has a higher share of 

neutral messages than the discussion datasets. In general, it can be said, that the individual 

datasets exhibit certain heterogeneities that may be described by their different origins but it 

is necessary to conduct further research on the different emerging cultures and norms for 

exchanging messages in different types of online media. 

5.1.4.2 Temporal Distribution of Sentiments (based on AHA) 

Figure 91 shows the general activity and aggregated temporal distribution of sentiment types 

(positive, negative, pos&neg and neutral) of all five datasets within the one hundred time 

slices. The datasets I – IV unveil a steady development of communication activity with a linear 

growth whereas dataset V includes two phases of high activity at the beginning and at the end 

of the discourse.  

Figure 92 shows the distributive percentage share of positive and negative sentiments for each 

of the 100 time intervals separately. Results show a time-invariant distribution with very little 

standard deviation in all datasets. 



 

 

Chapter 5: Evaluation: Case Studies 

Robert Hillmann  166 

 

 

Figure 91: Activity and temporal distribution of sentiments in datasets I-V (AHA 1) 
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Figure 92: Time-invariant sentiment distribution 

Based on these results, we can conclude that the sentiment distribution in the population of a 

specific online discourse can be considered as a property of the respective domain. The 

sentiment distribution is, independent of the total communication activity, stable in time and 

similar within every stage of the network emergence. Hence, the usage of the sentiment 

distribution in the population as expected values within the NCA below is therefore 

reasonable. 

5.1.4.3 Influence of Sentiments in Communication Patterns (based on NCA) 

The next part of the case study I is based on the Node-centric Analysis part. Resting upon Social 

Influence Theory describing how people’s individual actions are affected by other people as a 

result of interaction, the message exchange within ego-networks is transformed into 

communication chains representing the individual and node specific sequence of incoming and 

outgoing messages to analyse the influence of sentiments on communication behaviour.  

Theoretical Framework & Hypotheses 

For the theorization of the processes of relational social influence in this domain, we can draw 

from an extensive body of extant socio-psychological research. As a grounding framework we 

base our inquiry on the perspective of Social Influence Theory (Cialdini and Goldstein 2004; 

Kelman 1958; Rashotte 2007). It focuses on the general influence and interdependences of 

personal behaviour and provides a broad range of concepts to explain how people’s individual 

actions are affected by other people as a result of interaction. Social influence does not 

directly trigger actions but rather affects individual attitudes, as positive or negative 

evaluations.  
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Within this high level theory of social influence, theories of interpersonal behaviour are 

focusing on human behaviours that complement each other. Our theorization can be also 

informed by the Interpersonal Complementarity Theory of Kiesler (1983), who suggests an 

“interpersonal circle” that predicts which behavioural patterns are most likely to follow after 

another in a reactive sequence. Correspondingly, each action of one user with a certain 

sentiment direction, e.g. positive, is most likely to trigger a response from another user that 

bears the same sentiment direction, e.g. friendliness invites friendliness (Kiesler 1983).  

A similar prediction is suggested by the theory of Emotional Contagion. It explains the process 

by which human emotional states are influenced by other people through interaction and 

communication. People consciously and unconsciously adopt emotional states of their 

communication partners. Although Emotional Contagion Theory is essentially based on the 

effect of interpretation of non-verbal parts of human communication which are suppressed in 

online communication, it has been shown that emotional contagion is also present in online 

environments (Belkin, Kurtzberg et al. 2006; Hatfield, Cacioppo et al. 1993).  

Based on these theories, we can hence expect to find evidence for lock-in effects between 

individual pairs of users: Sentiments embedded in online communication exchanged within a 

node’s personal ego-network should have a measureable impact on the polarization of a 

subsequent message of another node. The influence should be observable as an increased 

likelihood of subsequent messages with identical sentiment polarization in the sequence of 

received and transmitted messages. This is also supported by results from Garas et al. (2012) 

and Weronski et al. (2012) who have analysed emotional cluster distribution and emotional 

persistence in online chatting communities and blogs. 

Based on the above theories, we can derive and formalize the following hypothesis for the 

process of message reception and response of nodes in online social networks: 

NCA-H1)  Online social networks exhibit an increased occurrence of sequential message 

pairs with identical sentiment polarization (e.g. positive > positive; negative > 

negative) and a decreased occurrence of sequential message pairs with 

different sentiment polarization. 

This type of a stochastic lock-in effect and the interpersonal influence would suggest that the 

whole network eventually should end in some equilibrium either with either only positive or 

only negative sentiment. However, Greetham et al. (2011) have analysed the relationship of 

social networks and positive and negative affect and found slightly different effects for positive 
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and negative sentiment valence. Their data was collected by logging personal communications 

within several communication media together with several node properties and measurement 

of positive and negative affect through self-reports.  

Results exhibit no evidence for contagion processes that percolate through the network, but 

positive affect tends to move towards a medium level whereas negative affect tends to be 

drawn to either low or high values (Greetham, Hurling et al. 2011).  

This finding is corroborating the above theories in that affective influence is inviting responses 

that maintain the polarization (i.e. positive or negative) of the sentiment leading to increased 

polarization. At the same time, sentiments in online networks do not necessarily exacerbate to 

polarized extremes but instead exhibit some kind of relaxing feature.  

We therefore state: 

NCA-H2)  Patterns of sentiment in online social networks do exhibit some kind of 

polarization feature leading to a decreased occurrence of neutral messages as 

responses to polarized (positive or negative) messages. 

NCA-H3)  Online social networks do exhibit some kind of relaxing feature leading to a 

decreased occurrence of polarized messages as responses to balanced 

messages (expressing even-tempered sentiments). 

With our research we augment current theories of generalized social influence with more 

precise theories that emphasize interdependent actor behaviour triggered by sentiment 

influences. 

Table 14 shows all communication patterns that have been considered in the case study based 

on NCA. Due to the four disjoint sentiment types and two different directions (incoming & 

outgoing), 16 x 2 possible combinatory sentiment patterns of message exchange between 

nodes can be defined, e.g. an incoming positive message is followed by an outgoing negative 

message. However, regarding the three hypotheses above, only twenty are relevant for this 

analysis. 

Our hypothesis NCA-H1 can be mapped onto the first twelve patterns. Patterns 1-8 describe a 

sequential occurrence of sentiments with the same polarity, e.g. an incoming negative 

message is followed by an outgoing negative message. These eight patterns are expected to 

occur significantly more often. The next four patterns can also be associated with hypothesis 

NCA-H1. In these cases, the messages contain a sentiment polarization change, e.g. an 
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incoming positive linkevent is followed by an outgoing negative linkevent. These patterns are 

expected to occur significantly less often. 

Table 14: Hypothesis mapped onto communication patterns (NCA) 

Trigger  Reaction Expectation 
Incoming (positive)  Outgoing (positive) 

NCA 
H1  

Incoming (negative)  Outgoing (negative) 
Incoming (both)  Outgoing (both) 
Outgoing (positive)  Incoming (positive) 
Outgoing (negative)  Incoming (negative) 
Outgoing (both)  Incoming (both) 
Incoming (neutral)  Outgoing (neutral) 
Outgoing (neutral)  Incoming (neutral) 
Incoming (positive)  Outgoing (negative) 

NCA 
H1  

Incoming (negative)  Outgoing (positive) 
Outgoing (positive)  Incoming (negative) 
Outgoing (negative)  Incoming (positive) 
Incoming (positive)  Outgoing (neutral) 

NCA 
H2  

Incoming (negative) Outgoing (neutral) 
Outgoing (positive) Incoming (neutral) 
Outgoing (negative) Incoming (neutral) 
Incoming (both)  Outgoing (positive) 

NCA 
H3  

Incoming (both) Outgoing (negative) 
Outgoing (both) Incoming (positive) 
Outgoing (both) Incoming (negative) 

 

The next four communication patterns in Table 14 express a sequence of polarized incoming or 

outgoing linkevents followed by a neutral response (hypothesis NCA-H2). These patterns are 

expected to be present significantly less often.  

The patterns connected with hypothesis NCA-H3 indicate the change from an incoming or 

outgoing balanced linkevent towards a polarized response, e.g. an incoming balanced message 

followed by a negative response which is also expected to be present significantly less often. 

Results 

The Table 15 includes the results of the analysis regarding the twenty selected communication 

patterns sorted according to hypotheses 1-3. A chi-square test was performed to ensure a 

normal distribution of the results as precondition for the t-test (all results exhibit a little 

skewed normal distribution).  
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For each of the five different datasets, the expected values of the communication patterns, the 

average occurrence in real networks as well as the identified deviations between the expected 

and the observed occurrence, identified with a t-test, are presented.  

The directional trends derived from the statistical tests are indicated with upward or 

downward arrows. In case the average occurrence is higher (lower) than the expected value 

and the probability based on a t-test is less than 1%, an upward (downward) arrow represents 

a significant upward (downward) deviation. 

The results of the first eight communication patterns support hypothesis NCA-H1. In all 

datasets and for all communication patterns, the average values are increased compared to 

their expected values. This is valid for negative, positive, neutral and balanced message 

sequences for incoming and outgoing messages. In case of a sentiment polarization change 

from positive to negative or vice versa (NCA-H1), the expected effect is also supported by the 

empirical results.  

The proposed decrease from polarized messages to neutral messages can also be found in the 

data (NCA-H2 supported). Except two cases, the results show a significant decreased 

occurrence in the network data. 

Regarding NCA-H3, in both forum datasets, the probability of a balanced message followed by 

a polarized one is significantly reduced. In case of the remaining three datasets, the results 

unveil an unbalanced picture with increased and decreased occurrences. Hence, NCA-H3 can 

only be partially supported. 

In summary, all analysed social networks exhibit a clear tendency towards increased 

occurrences of sequences of linkevents with a similar sentiment polarization and most 

networks showed a significantly reduced occurrence of subsequent messages that express 

different sentiment directions. Neutral messages are statistical less probable as responses to 

sentiment-laden messages and have a high likelihood of occurring in a sequence. The change 

from balanced messages to polarized messages is reduced in general, but depending on the 

dataset, exhibits blurry results. 
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Table 15: Sentiment influence in communication patterns (NCA 1&6) 
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Interpretation 

These empirical results represent the first necessary step regarding the analysis of concrete 

influence effects of sentiments within online social networks. Prior to searching for complex or 

higher order patterns of sentiment dissemination, this work contributes a micro-level 

foundation with regard to the reception and answering behaviour of humans in online social 

networks.  

Related to the core research objective, the results of the analysis are conveying a clear support 

for the predicted influence processes: A measureable impact of sentiments on node 

communication behaviour can be supported. This influence can be found in a broad variety of 

online social networks independent of specific communication types in discussion forums, 

chats, micro-blogging services or newsgroups. In line with the Interpersonal Complementarity 

Theory, people participating in online networks are significantly influenced by the sentiment of 

exchanged messages and are likely to respond in a similar manner avoiding polarization 

changes. Furthermore, these research findings extend the applicability of social science 

theories to the online domain.  

We further generally corroborate the notion of social influence and find evidence that it can be 

broken down to individual paths of influence. It is not just a generalized perception (reflected 

in a survey) but also surfaces as a bias in the concrete reaction (behaviour) to a particular 

triggering event. 

5.1.4.4 Sentiment Exchange across Social Network Relationships (based on LCA) 

This part of the case study is based on the Link-centric Analysis with a focus on links among 

pairs of nodes (dyads) in online social networks. Such dyads are established through exchange 

of messages among nodes. These exchanged textual messages can carry sentiment-related 

cues which may influence actor behaviour. 

Theoretical Framework & Hypotheses 

The analysis of network links allows studying how actors are polarized towards each other 

leading to the emergence of positive or negative tempered relationships. Such polarized actors 

are characterized by their transmitted messages expressing essentially only one type of 

sentiment. 

Literature identifies several cases, in which the relationship between nodes includes explicit 

sentiments carried by actors and expressing positive or negative views of the communication 
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partner (Maes and Knecht 2008). The classical theory of Social Balance proposes that actors 

will only maintain harmonious relationships, suggesting that negative attitudes are not stable 

(Heider 1946). Further research studies have been focused on the identification of affective 

polarized relationships in online social networks and their implication on interpersonal 

relationships in organizations and therefore also support the existence of positive or negative 

relationships in social networks (Labianca and Brass 2006). 

Based on the finding that network links can express a certain affective attitude towards the 

communication partner, the first hypothesis can be formulated as follows:  

LCA-H1)  A node polarization effect in online networks leads to a reduced occurrence of 

balanced nodes, transmitting an even amount of sentiment types to 

communication partners. 

The second aspect of this analysis part relates to the bilateral social influence brought about 

through affective message exchange. Social Influence Theory in general refers to influence and 

interdependence of personal behaviour. It covers a broad range of concepts describing how 

people’s individual actions are affected by other people as a result of interaction. This 

influence is not limited to actions but also addresses judgments, opinions and attitudes 

(Cialdini and Goldstein 2004; Kelman 1958; Rashotte 2007). 

In addition, Interpersonal Behaviour Theory deals with human behaviours that complement 

each other. In the frame of his Interpersonal Complementarity Theory, Kiesler (1983) outlines 

an “interpersonal circle” where each action triggers a response that will return a similar 

tempered answer with high probability, e.g. friendliness invites friendliness.  

Hence, beyond the identification of node polarization effects across network links expressed in 

LCA-H1 above, further sentiment related influence effects are analysed. The question is, if the 

communication between two interacting nodes exhibits short and/or long term correlations 

regarding exchanged sentiments embedded in textual messages.  

Miller et al. (2011) have analysed sentiment dissemination through hyperlink networks and 

report that nodes are strongly influenced by their communication partners. In addition, they 

found that sentiment polarization is more likely to occur as length of the communication chain 

increases. Further research has shown the existence of emotion-driven user communities and 

collective emotional states and their influence on community life. Results corroborate the 

influence of sentiments on other nodes and the existence of emotional clusters with identical 

sentiment polarization (Chmiel, Sienkiewicz et al. 2011; Mitrović, Paltoglou et al. 2010). 
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Based on these findings the following two hypotheses can be formulated to describe the 

expectations regarding short and long term sentiment influence across social network links: 

LCA-H2)  A short term sentiment mirroring effect leads to decreased sentiment 

polarization changes in sequences of communication messages. 

LCA-H3) A long term sentiment mirroring effect leads to similar distributions of 

transmitted sentiments in case of an even amount of messages being 

exchanged between communication partners. 

Results 

The methodology of this analysis corresponds to the LCA as part of ALADINF (see chapter 

3.4.4).  

The results for hypothesis LCA-H1 are presented in Figure 93 showing the share of balanced 

nodes. In all datasets, the amount of balanced nodes in communication dyads is close to zero 

with little standard deviation. This supports hypotheses LCA-H1 describing a low share of 

balanced network nodes predicting that polarizations of communication partners are likely to 

occur.  

 

Figure 93: Share of balanced network nodes (LCA 6) 
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To address hypothesis LCA-H2, the amount of sentiment polarization changes in subsequent 

messages in communication sequences between dyads of nodes have been measured. Figure 

94 includes the results of the metric LCA 5 analysing such short term sentiment mirroring 

effects. 

 

Figure 94: Share of network links with reduced attribute changes (LCA 5) 

The diagram shows the percentage share of network links from the five different datasets with 

more or less sentiment type changes within individual communication sequences. The results 

are either close to 50% (in case of dataset IV and V) or below 50% (in case of datasets I-III). 

Hence, the existence of a short term sentiment mirroring effect as described in hypothesis 

LCA-H2 can therefore not be supported. The amount of sentiment type changes in 

communication sequences between pairs of nodes is not reduced in significant ways. 

The third hypothesis LCA-H3 is addressed with LCA 7. The question is, if a long term sentiment 

mirroring effect occurs in cases where two communication partners do (a) each transmit a 

similar amount of messages to their communication partner and (b) tend to use a similar 

sentiment tone or express a similar sentiment distribution within these messages. 

Because of certain minimum requirements regarding the message exchange between pairs of 

nodes and to ensure meaningful and interpretable findings, only results from datasets I-III + V 

could be used (see Figure 95). In all four datasets, the reciprocal message exchange exhibits a 

sentiment mirroring effect and therefore supports hypothesis LCA-H3 with shares between 

56% in case of forum DS II and 68% in case of chat DS III. 
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Figure 95: Reciprocal message exchange & sentiment mirroring (LCA 7) 

Interpretation 

The results of this analysis part support hypothesis LCA-H1, which claims that actor 

polarization effects are likely to occur in communication networks: The communication 

partners tend to establish polarized (i.e. sentiment-laden) relationships without necessarily 

moving back to a neutral or balanced baseline.  

Possible short term sentiment influence effects were only found in an attenuated form. The 

amount of sentiment polarization changes in communication chains does not exhibit 

correlations regarding the embedded sentiments. Hypothesis LCA-H2, predicting short term 

sentiment mirroring effects can therefore not be supported.  

However, a long term sentiment mirroring effect can be found in the analysis results. In case 

two nodes exchange an approximately equal amount of messages, a tendency towards mimic 

the opponent’s sentiments is present and therefore hypothesis LCA-H3 can be supported. 

5.1.4.5 Dissemination Patterns and Network Effects of Sentiments (based on DMA) 

This fifth part of case study I is focused on the identification of possible dissemination patterns 

of sentiments in online social networks. The Dynamic Motif Analysis as part of ALADINF is used 

as the methodical course of action. 
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Theoretical Framework & Hypotheses 

Social networks in general are based on human interaction and evolve over time with the 

activities and affiliation of their members. In typical online environments, looking at exchanged 

textual messages among users over time can be used to derive network structures. This social 

acting however is influenced by a combination of actor- and network topology-based factors 

that are called Social Network Effects (see chapter 2.8), which represent an important 

differentiating factor in comparison with other, non-human network types (Kossinets and 

Watts 2006; Schaefer, Light et al. 2010). These Social Network Effects describe small 

interaction paradigms that influence emerging social network topologies. 

Possible dissemination patterns analysed in this part of the case study consist of network 

motifs based on triples of actors and the ties among them (see chapter 2.10). To derive 

meaningful insights and to formulate possible expectations about the relationship between 

sentiments and underlying communication mechanisms, the dissemination patterns are 

associated with Social Network Effects.  

To identify differences regarding the influence of positive and negative sentiments, sentiment-

based sub networks are extracted (see chapter 3.1.4). These sub networks are created by only 

utilizing messages with the corresponding sentiment type as basis for the sub network 

topology. 

As already mentioned in chapter 3.4.5, Social Network Effects which can be identified within 

such small network motifs are reciprocity, interpreted as the trend to establish bi-directional 

friendship relations, hierarchy or popularity, expressing the role of central actors in the 

network and transitivity, which can be seen as the process of friends of me becoming friends 

and is also known as triadic closure (de Nooy 2009; Newman 2003; Schaefer, Light et al. 2010). 

In general, human communication tends to be mutual (Wilson, Boe et al. 2009). Studies have 

shown that reciprocal network effects in human communication do play a major role in online 

learning networks (Aviv, Erlich et al. 2005). Ammann (2011) has identified reciprocity as an 

indispensable precondition of community formation in accordance with other studies who 

have shown that during online discussions, the underlying communication network structure 

includes a significant tendency towards bi-directional links. The tendency is not to establish 

new communication ties but the participants continue discussions with previous partners 

which increases reciprocity (Hurme, Veermans et al. 2008). 
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Despite this general trend towards reciprocity, there are few people within social networks 

with higher communication activity such as contributing more comments, posts or messages 

than others. This unequal distribution also has an influence on the underlying network 

structure. Users with a high share of participation tend to have an increased number of 

communication partners, leading to unequal node degree distributions. Hence, social networks 

unveil an additional trend towards hierarchy (de Nooy 2009; Knoke and Burt 1983; Schoberth, 

Preece et al. 2003).  

The presence of transitivity or triadic closure was also found in some studies. Schaefer et al. 

(2010) have analysed the friendship network formation among preschool children. According 

to their findings, reciprocity, hierarchy and triadic closure all together shaped the formation of 

preschool children’s networks. 

Panzarasa, Opsahl et al. (2009) have analysed the patterns and dynamics of user’s behaviour of 

an online community. According to their findings, the emerging network within a student 

social network platform is not constructed uniformly over time. Within the beginning phase of 

network growth, the vast majority of bi-directional relationships are reciprocated as soon as a 

single message has been sent.  

This network growth is followed by structural stability expressing network use and 

reinforcement of existing relationships. Within the development process of the network, the 

study also found characteristics of scale-free (Barabasi and Bonabeau 2003; Newman and Park 

2003) networks with few users having a higher popularity and are being contacted more often 

than others. 

This leads to higher-than-average number of acquaintances and an unequal node degree 

distribution. In addition to this reciprocity and hierarchy, the early evolution of the network is 

characterized by increased density and the development of small clusters merging into a large 

connected component that indicates the presence of transitivity in generating social clusters. 

(Panzarasa, Opsahl et al. 2009) 

These findings are in accordance with results from the aforementioned study from Schaefer, 

Light et al. (2010). The influence of reciprocity in children’s networks was constantly present, 

whereas popularity and triadic closure became important within the later network 

development.  
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Based on these sources, the following hypothesis is stated: 

DMA-H1)  The emergence of online social networks exhibits a strong tendency towards 

reciprocity, followed by the dominance of hierarchy as an intermediate step 

leading to social clustering with hubs and transitivity effects. 

With respect to the focus of this case study regarding potential differences between positive 

and negative sentiments regarding the expression of social network effects in the underlying 

network topology, only few literature insights are available.  

Heider’s (1946) classic theory of Social Balance is focused on the distribution and arrangement 

of positive and negative relationships in social networks. His Social Balance Theory describes 

certain small structural patterns and common principals that lead to stabile network structures 

on the basis of “the friend of my friend is my friend” and “the enemy of my friend is my 

enemy”. Heider’s theory describes the interplay of positive and negative relationships in 

network patterns among triples of nodes. A balanced situation is described as either having 

only positive relations or two negative or one positive relation. The flip cases with three 

negative or two positive and one negative relation are described as unbalanced, indicating 

instability and a tendency towards variation (Heider 1946). 

The applicability of Heider’s Social Balance Theory was analyzed by Leskovec et al. (2010). This 

study is focused on the prediction of positive and negative links in online social networks. 

Results support the applicability of Social Balance Theory in CMC environments and the 

presence of the aforementioned described structural patterns within online networks. 

In this case study, sentiments expressed in exchanged messages between users of social 

networks are projected onto network edges. Based on the described asymmetrical patterns 

from Social Balance Theory and the expected instability mentioned above, possible differences 

between positive and negative network patterns regarding hierarchy and transitivity are 

expected. Hence, the second hypothesis is formulated as follows. 

DMA-H2)  The analysis of exchanged sentiments within online social networks exhibit 

differences between positive and negative sub networks regarding the 

occurrence of network motifs expressing hierarchy and transitivity. 

Results 

The methodical course of actions is corresponding to the DMA of ALADINF. Table 16 and Table 

17 contain the results of DMA 2. The statistical significance of deviations regarding the 



 

 

Chapter 5: Evaluation: Case Studies 

Robert Hillmann  181 

 

distribution of triad class transitions has been determined with a t-test. For each network and 

for all relevant triad transitions, the expected value, average occurrence, standard deviation, 

number of samples, the probability and a trend indicator has been computed. Table 16 

contains a small excerpt including results from four transitions within the negative sub 

network from DS III. In this example, 79.32% of all triads within the negative sub networks 

from dataset III have changed from triad class 2 to 3. This is a significant upward derivation 

from the 20% expectation derived from the triad class network. 

Table 16: Example results DMA 2 (negative sub-network / chat DS III) 

 
              *All results based on t-test with a = 0.99 

The complete results of DMA 2 for both the positive and negative sub networks from all five 

datasets are presented in Table 17. Due to the limited space, the precise results are 

suppressed and only the resulting trends, based on a t-test (a = 0.99) are shown. All detailed 

result tables can be found in appendix 7.4.  

Results of the first triad class transition step unveil a tendency towards reciprocity. The 

majority of all transitions developed towards triad class three, except within the micro-

blogging dataset and the positive sub network of forum DS II. DS II and IV exhibit a trend 

towards hierarchy. No dataset includes a significant share of transitions expressing outgoing 

hierarchy or the chain/cycle effect. 

Within the second transition step, results express a slightly mixed picture but also allow for 

relative unambiguous conclusions. The forum datasets I and II show a clear tendency 

developing towards incoming hierarchy as the second network effect whereas the other 

datasets exhibit outgoing hierarchy as the second network effect. Triads including incoming or 

outgoing hierarchy from previous transitions (triad class four and five) exhibit a trend towards 

the expression of reciprocity within the next transition. Triads of type six exhibit a strong 

tendency towards expression of reciprocity. Forum dataset II exhibits a trend towards 

transitive relationships. Again, no dataset includes a significant share of transitions expressing 

the chain/cycle effect. 

Trans. Eff. Exp. % AVG % SD N P* T
2 > 3 R 0,2 0,7932 0,2290 1366 >0.01
2 > 4 HO 0,2 0,0735 0,1340 1366 >0.01
2 > 5 HI 0,2 0,0450 0,1018 1366 >0.01
2 > 6 CC 0,4 0,0883 0,1294 1366 >0.01
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Within the majority of all datasets, the third transition step from triads of type seven and eight 

develop towards triad state eleven expressing reciprocity. Furthermore, the results show a 

significant decreased occurrence of transitions expressing transitivity.  

Table 17: Results of dynamic network motif analysis (DMA 2) 

 
                *All results based on t-test with a = 0.99 

 

Regarding the temporal occurrence and hierarchical order of the social network effects, 

reciprocity is the network effect having the most influence on social network emergence. 

Hierarchy can be seen as the secondary influence effect. The presence of transitivity is 

generally suppressed within the analysed online social networks and its occurrence differs 

among the datasets. The dataset II and IV show transitivity effects, whereas all other datasets 

express a significant absence of this network effect. Hypothesis DMA-H1 predicting the 

temporal order of social network effects can therefore be supported.  

The second hypothesis DMA-H2 is focused on possible differences between positive and 

negative sentiment-based sub networks. Results unveil a clear picture. The influence and 

expression of social network effects differs slightly among the five datasets, however, within a 

Transition Social 
Network 
Effects

Negative
Subnetwork

Positive
Subnetwork

I II III IV V I II III IV V
2>3 R
2>4 HO

2>5 HI

2>6 CC
3>7 HI

3>8 HO

4>8 R
4>9 T
5>7 R
5>9 T
6>7 R
6>8 R
6>9 T

6>10 CC
7>11 R -
7>12 HO,T -
7>14 T -
8>11 R -
8>13 HI -
8>14 T -
9>12 R -
9>13 R -
9>14 R -
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specific dataset, the majority of triad class transitions do not exhibit differences between the 

sentiment-based sub networks.  

Under consideration of additional results from LCA 1 showing that the majority of network 

edges only include linkevents with one sentiment type (see Figure 96), the sentiment-based 

sub networks can be seen as largely disjoint only sharing small parts of the network topology. 

Hence, hypothesis DMA-H2 predicting differences between the sub networks must be 

rejected. 

 
Figure 96: Different sentiment types across network links (LCA 1) 

Interpretation 

The trend to establish bi-directional relationships is a dominating factor in the emergence of 

online social networks. This tendency towards reciprocity is present in a broad variety of online 

social interaction.  

Hierarchy is the second influence factor expressing human behavioural patterns in online 

environments. People with high node degree can be seen as influential within the network. 

One can assume that within the development of online social networks, users having a central 

position in the final network topology gain their position with an early contribution to the 

network and afterwards establish reciprocal connections with other people that address them. 

Triadic closure or transitivity, the process of friends of me becoming friends, interpreted as the 

emergence of social clusters is not uniformly present in online social networks. This leads to 

the finding that different online applications with divergent purpose do not in general support 
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or enable clustering but instead transitivity is more context dependent and cannot be found in 

general. 

A major result of this part of the case study is that the dynamic influence of network effects 

within the network emergence must be seen as a property of the network and the context 

rather than being influenced by sentiments exchanged among users. The DMA performed in 

this part of the case study unveils that sentiments embedded in exchanged textual messages 

do only play a secondary role in network emergence and do not express differences regarding 

the emergence of network patterns. This is in partially inconsistency with Heider’s Social 

Balance Theory that proposes differences regarding the occurrence of certain positive and 

negative actor configurations. The large-scale analysis of exchanged sentiments in online 

networks conducted here can therefore not support this theory. Possible explanations are that 

the determination of sentiments is either not precise enough or that the general conclusion 

from exchanged sentiments onto affective actor configurations is too vague. 

5.1.4.6 Sentiment Polarization and Balance among online Users (based on ENA) 

The sixth part of the first case study is focused on the identification of possible polarization or 

balance effects within ego-networks. The methodical course of action is based on the Ego-

Network Analysis described in chapter 3.4.8.  

Theoretical Framework & Hypothesis 

Within this part of the case study, we can draw from a variety of academic contributions that 

theorized positive or negative network relationships among people (Belkin, Kurtzberg et al. 

2006; Brzozowski, Hogg et al. 2008; Huang 2009; Kunegis, Lommatzsch et al. 2009). Other 

research focused on the implications of affective polarized relationships on interpersonal 

relationships and therefore emphasizes the prevalence of positive or negative relationships in 

social networks (Labianca and Brass 2006). Polarized relationships represent a certain actor’s 

attitude towards a communication partner. Hence, sentiments embedded within messages 

transmitted among users should exhibit a bias towards either positive or negative polarization 

(see also chapter 5.1.4.4).  

Based on this assumption and in addition to the one-sided view of actor’s attitude, this case 

study is also focussed on bi-directional network relationships by including reciprocal 

communication behaviour and analysing the distribution of reciprocal exchanged sentiments in 

communication dyads within ego-networks. 
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Interpersonal Behaviour Theory deals with human behaviours that complement each other. 

The Interpersonal Circle by Kiesler outlines which behavioural patterns relate to each other. In 

the frame of his Interpersonal Complementarity, each action triggers a response and each 

response adapts to the previous action so that these will be repeated with high probability, 

e.g. friendliness invites friendliness (Kiesler 1983). 

Emotional Contagion describes the issue that human emotional states are influenced by other 

people through interaction and communication. People consciously and unconsciously adopt 

emotional states of their communication partners. Although Emotional Contagion Theory is 

essentially based on the effect of interpretation of non-verbal parts of human communication 

which are suppressed in online communication, it has been shown that Emotional Contagion is 

also present in online environments (Belkin, Kurtzberg et al. 2006; Hatfield, Cacioppo et al. 

1993). 

Miller et al. have analysed sentiment dissemination through hyperlink networks and report 

that nodes are strongly influenced by their communication partners (Miller, Sathi, Wiesenthal, 

Leskovec and Poots, 2011). In addition, they found that sentiment polarization is more likely to 

occur as the length of communication chains increases. Based on these findings regarding the 

influence of sentiments and the adoption of reciprocal attitudes, the first hypothesis is 

formulated as follows: 

ENA-H1)   Communication partners mirror exchanged sentiments leading to reciprocal 

equally polarized relationships. 

Within the second part of this analysis, we extend the analysis scope by looking at a node’s 

complete set of communication partners. Our main emphasis lies on the relationship between 

the polarization of individual communication links in respect to the expressed attitudes 

towards all communication partners especially on possible balance effects within a holistic 

analysis of the personal communication network. 

To explain possible differences regarding the polarizations of affective ties, we can further 

apply Attachment Theory. This approach addresses different levels of perceived importance of 

individual relationships between a focal actor and his contacts, e.g. the relationship between a 

mother and her children (Cassidy and Shaver 2008). In our context, Attachment Theory 

suggests that polarization of relationships should be conceptualized as a property of the links 

or relationships rather than being a characteristic of the actors themselves.  
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This is in accordance with research done by Wellman and Wortley (1990). They have 

conducted a study why different types of network ties provide different kinds of support 

resources such as emotional or financial aid or companionship. They have found, that the 

differences are more related to characteristics of the relationship than to characteristics of the 

network nodes. 

This leads to the expectation that nodes within networks should, despite their polarized 

attitude towards specific communication partners, express a rather balanced pattern when 

looking at the whole set of all their contacts. 

This notion of sentiment as a relational rather than a nodal attribute is in accordance with 

Heider’s (1946) theory of Social Balance. It focuses on the distribution and arrangement of 

positive and negative relationships in social networks. Social Balance Theory describes certain 

small structural patterns and common principles that lead to stabile network structures on the 

basis of “the friend of my friend is my friend” and “the enemy of my friend is my enemy”.  

Heider’s theory describes the interplay of positive and negative relationships in network 

patterns among triples of nodes and therefore supports expectations regarding possible 

balance effects across all communication links of a specific node. Leskovec et al. have analysed 

the distribution of positive and negative links within social networks. They found evidence that 

certain pattern configurations in accordance with Social Balance Theory are present at a local 

network level and thereby proved the applicability of Heider’s theories in online environments 

(Leskovec, Huttenlocher and Kleinberg, 2010).  

Based on Attachment Theory and Social Balance Theory regarding local configurations of 

positive and negative ties, we expect a sentiment balancing effect when looking at an ego’s 

complete group of contacts. In other words, the polarized relationships of a focal actor are 

balancing out in ego-networks: 

ENA-H2)   Within the whole group of contacts, nodes tend to develop a balanced state 

regarding transmitted sentiments across all their communication links. 

Social networks are known to belong to the class of scale-free networks showing scale-free 

degree distributions which are dominated by few highly connected nodes and a majority of 

nodes with a small node degree (Albert and Barabasi 2002; Barabasi and Bonabeau 2003; 

Caldarelli 2007; Panzarasa, Opsahl et al. 2009). Hence, the communication activity of nodes 

within social network is unequally distributed - few nodes are responsible for the majority of 

network edges. 
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The aforementioned expression of a balanced state within ego-networks should be more 

obvious in case of nodes with a high number of communication partners, e.g. serving as some 

kind of moderator. Therefore, based on the expectation that nodes have the tendency to 

develop towards a balanced state within their personal communication network and the 

presence of scale-free degree distributions, the third hypothesis is formulated as follows: 

ENA-H3)  Online social networks exhibit a correlation between node degree and the 

expression of a well-balanced state in ego-networks.  

Results 

The methodical course of action of this analysis is based on the Ego-Network Analysis as part 

of ALADINF. Figure 97 includes the results of the upstream analysis regarding the share of 

polarized links within the online social networks in the analysis database.  

The distributions differ among the five datasets. The highest share of can be found within the 

micro-blogging dataset, the lowest part is present in the chat dataset. The distribution of 

polarized links is separated according to 0.2 range intervals from strong negative polarization  

(-1) to strong positive polarization (+1) as a result of the calculations of metric ENA 1. Except 

the chat dataset, a tendency towards link polarization with peaks at the positive and negative 

extremes can be seen, exhibiting a U or W shape. 

 

Figure 97: Link-polarization distribution (ENA 1) 

Figure 98 includes the results regarding the analysis of ENA-H1 focused on sentiment mirroring 

effects on reciprocal links. The polarization value is calculated for both directions separately. 

The distance between both values is calculated and presented (DS IV could not be used due to 

insufficient number of interpretable network links). 
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Figure 98: Sentiment mirroring distribution (ENA 5) 

Results exhibit correlations regarding the exchanged sentiments on reciprocal network links. 

The majority of network relationships only exhibit a small distance between both polarization 

values. Between 48% and 93% of all analysed links express reciprocal similar sentiments with 

results ≤ 0.6. Therefore, hypothesis ENA-H1 predicting reciprocal similar polarized network 

links can be supported. 

Figure 99 shows the polarization results for both ego-networks (black bars) and individual 

network links (grey bars). The bars represent the percentage share of polarizations according 

to metric ENA 1&3 divided into 0.2 intervals from (-1) to (+1). 

Compared with the link polarization (grey), a tendency towards balanced ego-node states can 

be seen. The graphs do not exhibit a U or W shape but instead having a peak in the middle 

expressing a slightly positive tendency. In case of the newsgroup dataset, the peak is slightly 

negative between I = [-0.6,-0.4] which is in accordance with the sentiment distribution within 

the population with a strong share of negative sentiment. In comparison with the link 

polarization results, ego-networks exhibit a tendency towards a well-balanced state regarding 

expressed sentiments therefore supporting hypothesis ENA-H2. 
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Figure 99: Ego-network polarization distribution (ENA 1&3) 

Figure 100 conveys the results of the analysis regarding hypothesis ENA-H3 in a two-

dimensional matrix. The analysed ego-nodes have been categorized according to their node 

degree (high or low) and their ego-network polarization (low, medium or high) according to 

the ENA methodology described in chapter 3.4.8. 

Results exhibit a significant correlation between node degree and ego-network polarization 

supporting hypothesis ENA-H3. Except dataset IV, the independence of both features needs to 

be rejected. The distributions exhibit a correlation showing low ego-network polarization in 

combination with high-node degree independent of specific network sizes or node degree 

levels. 
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Figure 100: Correlation between node degree and ego-network polarization (ENA 7) 

Interpretation 

In general, the data suggests the existence of polarized network links (positive or negative). 

However, some network links also express a balanced state, either through neutral messages 

or the exchange of an equal amount of positive and negative sentiment. One can conclude that 

people participating in online networks either do take a certain positive or negative attitude 

towards people or maintain a rather balanced position towards their communication partners. 

Our theories predicting polarized relationships among users of social interaction can be 

supported by analysing sentiments embedded within exchanged messages. However, 

depending on the specific context and network discourse, neutral or balanced relationships are 

also present in social networks. 

Within this analysis, the one-sided view of nodes in ego-networks and their communication 

was extended by analysing bi-directional relationships. Results show that communication 

partners are likely to respond in a similar way expressing the same attitude towards the ego-

node. Therefore, social networks exhibit a trend to establish links with a similar view or 

attitude between pairs of nodes leading to reciprocal identical polarized relationships. 

In contrast to the presence of individual polarized network links, sentiments in ego-networks 

developed towards a balanced distribution. Polarized attitudes of users towards other nodes 

can therefore be seen as a property of the relationships themselves rather than being a node 

attribute. The existence of polarized users in general cannot be supported. Instead, the users 

express a balanced state at a global level consisting of specific positive and negative 

relationships at the local level within dyads.  
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In addition, a significant correlation between node degree and the expression of a well-

balanced state can be found indicating a certain moderating role of central actors independent 

of network size or communication activity. 

5.1.5 Conclusions 

In conclusion, this first case study is built upon six individual analysis parts from the ALADINF 

framework and represents one of the first comprehensive empirical analyses which aims at 

uncovering regularities of influence and dissemination of sentiment conveyed in textual 

message exchange among users of online social networks. The present approach considers the 

empirical social network configuration and can hence go beyond previous rather general 

conceptions of affect and social influence by avoiding the assumption of homogeneity across 

actors and across time. The comprehensive data basis allows for the discovery of general 

regularities independent of specific communication types or application contexts. 

The examined online data sources exhibit different distributions of the individual sentiment 

types. The datasets I-III do have rather similar distributions. Dataset IV consisting of micro-

blogging messages based on Twitter shows a high share of positive sentiment whereas the 

newsgroup dataset almost consists of 50% negative messages. Hence, the different sentiment 

distributions can be seen as a specific property of the domain and seem largely determined by 

the communication purpose or the general conversational tone of the related discourse. 

Independent of the individual distribution within the datasets, all five datasets exhibit a 

constant temporal development. This suggests that the ratio of different sentiment types 

during the network emergence should be also regarded as a property of the respective domain 

and is less influenced by internal or external events. 

Sentiments embedded in textual communication do influence interacting nodes in a significant 

way independent of social interaction types, node roles or communication activity. Patterns of 

sentiments within incoming and outgoing messages reveal strong correlations and users tend 

to exchange messages that attenuate polarization changes. 

Social Influence Theories and Emotional Contagion describing real world interactions are 

applicable in online social networks. Moreover, based on this large scale analysis, we can 

conclude that these effects happen regardless of the network domain and also regardless of 

the overall share of positive versus negative sentiment of the interaction medium. 

The case study results further reveal diverse effects on node behaviour. In line with Kiesler’s 

Interpersonal Complementarity Theory, users are likely to establish polarized relationships and 
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tend to mirror transmitted sentiments in longer communication sequences rather than in short 

term message exchange. The important role of existing Social Science Theories regarding 

offline actor polarization and sentiment mirroring effects can be maintained in the context of 

online social networks.  

However, this polarization must be seen as an attribute of the network links itself rather than 

being an actor property due to balanced sentiment distributions within ego-networks. 

Furthermore, the significant correlation between node degree and the expression of such a 

well-balanced state within ego-networks emphasizes a possible moderating role of central 

actors.  

Regarding the relationship between sentiments and patterns of network emergence, the 

analysis performed in this case study allows for the identification and temporal ordering of 

typical dissemination patterns within the network development and associated Social Network 

Effects. 

Previous research from social science predicting a tendency towards reciprocity and hierarchy 

in social networks can be supported. Results show that the general emergence of digital social 

networks exhibits a strong tendency towards reciprocity, followed by the dominance of 

hierarchy as an intermediate step leading to social clustering with hubs and transitivity. 

However, the results do not exhibit differences regarding positive and negative sentiment-

based sub networks. This leads to the conclusion, that sentiments can only be seen as an 

indirect influence factor for network emergence and do not exhibit different propagation 

paths. 

These conclusions can now be evaluated and aggregated to sketch prototypical processes and 

patterns of sentiment influence and dissemination within online social networks. Such a typical 

sentiment dissemination process can be seen in Figure 101. 

The process can be described by the following features and characteristics: 

• People participating in online networks are influenced by the sentiment of exchanged 

messages and react in a similar way avoiding polarization changes.  

• The communication patterns exhibit a strong tendency towards bi-directional links.  

• During longer discussions, communication partners tend to establish relationships with 

a tendency towards polarization rather than expressing mixed sentiments.  

• People in social networks show a tendency to mirror their communication partners 

regarding exchanged sentiments.  
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• In contrast, people express a more balanced state towards all their communication 

partners.  

• Sentiment-based sub-networks are disjoint in terms of topology but do not exhibit 

differences regarding small topological patterns.  

• Therefore, reciprocity and hierarchy can be seen as higher-order network effects that 

influence human interaction and the emergence of social networks and their 

underlying topology.  

• Sentiments embedded in exchanged textual messages do only play a secondary role in 

network emergence and do not lead to different network patterns. 

 
Figure 101: Dynamic processes and patterns of sentiment propagation 

5.1.6 Dissemination 

To extend the ISR body of knowledge, parts of this case study with a focus on sentiments in 

online social networks have been published on several scientific conferences in 2012 and 2013. 

The corresponding references and abstracts can be found below. 
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 Sentiment Exchange Across Social Network Relationships 

Hillmann, R., Trier, M., Poster presented at European Conference on Information 

Systems ECIS (2012)  

Based on Link-centric Analysis (LCA) 
 

“Communication in online social networks has been shown to allow for the expression 

and transmission of sentiments. Existing research is mainly dealing with the existence 

or distribution of sentiments in online communication at a very general level or in 

small observed groups in controlled settings rather than analysing the role of 

sentiments from a network perspective. This paper is addressing this gap by shedding 

light on patterns of influence of sentiments embedded in textual communication in 

online networks. The communication is analysed for a multitude of social networks 

ranging from discussion forums, chats to micro-blogging services. Each exchanged 

message is categorized regarding embedded sentiments as neutral, positive, negative 

or both positive and negative simultaneously. Analysis results exhibited node 

polarization and long term sentiment mirroring effects suggesting that 

communication partners establish similar temporal stable attitudes towards each 

other.” 

 

 Sentiment Polarization and Balance among Users in Online Social Networks,  

Hillmann, R., Trier, M.,  18th Americas Conference on Information Systems AMCIS 

(2012) 

Based on Ego-Network Analysis (ENA) 
 

“Communication within online social network applications enables users to express 

and share sentiments electronically. Existing studies examined the existence or 

distribution of sentiments in online communication at a general level or in small-

observed groups. Our paper extends this research by analysing sentiment exchange 

within social networks from an ego-network perspective. We draw from research on 

social influence and social attachment to develop theories of node polarization, 

balance effects and sentiment mirroring within communication dyads. Our empirical 
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analysis covers a multitude of social networks in which the sentiment valence of all 

messages was determined. Subsequently we studied ego-networks of focal actors 

(ego) and their immediate contacts. Results support our theories and indicate that 

actors develop polarized sentiments towards individual peers but keep sentiment in 

balance on the ego-network level. Further, pairs of nodes tend to establish similar 

attitudes towards each other leading to stable and polarized positive or negative 

relationships.” 

 

 Dissemination Patterns and Associated Network Effects of Sentiments in Social 

Networks,  

Hillmann, R., Trier, M., IEEE / ACM International Conference on Advances in Social 

Network Analysis and mining ASONAM (2012) 

Based on Dynamic Motif Analysis (DMA)  
 

“Communication in online social networks has been analysed for some time regarding 

the expression of sentiments. So far, very little is known about the relationship 

between sentiments and network emergence, dissemination patterns and possible 

differences between positive and negative sentiments. The dissemination patterns 

analysed in this study consist of network motifs based on triples of actors and the ties 

among them. These motifs are associated with common social network effects to 

derive meaningful insights about dissemination activities. The data basis includes 

several thousand social networks with textual messages classified according to 

embedded positive and negative sentiments. Based on this data, sub-networks are 

extracted and analysed with a dynamic network motif analysis to determine 

dissemination patterns and associated network effects. Results indicate that the 

emergence of digital social networks exhibits a strong tendency towards reciprocity, 

followed by the dominance of hierarchy as an intermediate step leading to social 

clustering with hubs and transitivity effects for both positive and negative sentiments 

to the same extend. Sentiments embedded in exchanged textual messages do only 

play a secondary role in network emergence and do not express differences regarding 

the emergence of network patterns.” 
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 Influence and Dissemination of Sentiments in Social Network Communication 

Patterns 

Hillmann, R., Trier, M. European Conference on Information Systems ECIS (2013) 

Based on Node-centric Analysis (NCA)  
 

“Previous research suggests the existence of sentiments in online social networks. In 

comparison to real life human interaction, in which sentiments have been shown to 

have an influence on human behaviour, it is not yet completely understood which 

mechanisms explain how sentiments influence users in online environments. We 

develop a theoretical framework that tries to bridge the gap between social influence 

theories that focus on offline interactions on one hand and online interaction in social 

networks on the other hand. We then test our hypothesis about the influence and 

dissemination of sentiments in a quantitative analysis that is based on retrieved 

textual messages of communication patterns in over 12000 online social networks. 

Our empirical results suggest a general influence of sentiments on node 

communication patterns that is evidenced by increased occurrences of subsequent 

messages that express the same sentiment polarization. We interpret these findings 

and suggest future research to advance our currently limited theories that assume 

perceived and generalized social influence to path-dependent social influence models 

that consider actual behaviour.” 
 

5.2 Agreement and Disagreement in Online Discussion Networks 

To prove the general ability to realize different analysis scenarios (as introduced in chapter 1.5) 

and to demonstrate the flexibility of both artefacts ALADINF and ALADINSA regarding the 

analysis of different types of link attributes, a second case study was conducted.  

In this case study II, agreement and disagreement have been interpreted as link attributes and 

their influence and propagation within online discussions was examined. Due to certain 

constraints regarding the manual classification of linkevents (see chapter 5.2.2) this second 

case study only has a limited database consisting of one large online discussion. 
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5.2.1 Data Basis 

An online discussion forum was used as data source for this case study. The network was 

extracted based on an online debate from a BBC message board focused on political and daily 

news within the United Kingdom. 

The extracted social network includes 32 nodes exchanging 131 linkevents. The overall 

duration of the debate was approximately 24h and the discussion took place on December, 

20th 2007. 

5.2.2 Assessment of Agreement and Disagreement  

The identification of agreement and disagreement within the individual discussion posts was 

carried out manually by the author. Each linkevent in the network data was classified as either 

expressing agreement, disagreement or maintaining a neutral position. This additional 

information was annotated to the linkevents in the network data. 

5.2.3 Analysis Part Selection for Case Study II 

This second case study was also carried out according to the proposed methodology ALADINF 

and realized using the ALADINSA application. Agreement, disagreement and neutral positions 

have been defined as different link attribute types. Because of the availability of fine grained 

time stamp information and the interpretability of polarization and balance effects, no 

restrictions regarding the separate analysis parts have to be considered. To compare the two 

case studies, the Dynamic Motif Analysis was again selected to identify different dissemination 

patterns. 

Due to the aforementioned limitation on a single network, some statistical tests could not be 

performed. In return, due to the limited database, the analysis of the network graph itself both 

regarding the whole topology as well as focussed on link attribute-based sub networks within 

the GBA could be realized. 

5.2.4 Results 

The following chapters include the results of the second case study focused on influence and 

propagation of agreement and disagreement in online social networks. 
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5.2.4.1 Share of Agreement and Disagreement in the Data (based on ASA) 

The discussion network contains 131 linkevents. The share of agreement, disagreement and 

neutral posts can be seen in Figure 102. The network includes 44 linkevents (34%) expressing 

agreement, 71 linkevents (54%) expressing disagreement and 16 (12%) neutral posts. 

 

Figure 102: Share of agreement and disagreement in discussion network (ASA 9) 

The results are as expected. The online discussion includes heated debates about controversial 

topics such as politics or society with different individual user opinions. This setting leads 

inevitable to a higher share of disagreement and a low share of neutral posts. 

5.2.4.2 Temporal Distribution of Agreement and Disagreement (based on AHA) 

Figure 103 presents the temporal distribution of agreement and disagreement during the 

development of the online discussion. 

 
Figure 103: Temporal distribution of agreement and disagreement (AHA 1) 

The graph reveals a very steady development of the three different link attribute types. Within 

the first 70% of the discussion lifetime, the share of agreement and disagreement are 

approximately the same. Only the last period of the discussion network exhibits a clear excess 

of linkevents expressing disagreement. Possible reasons for this development may be found in 

the specific discussion topics. A study from Chmiel et al. (2011) has shown, that negative 

t discussion start t discussion end

neutral (12%)
agreement (34%)
disagreement (54%)

% Share
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comments can “fuel” and extend a discussion. It would therefore be interesting, to further 

analyse possible correlations between disagreement and negative sentiment. However, in 

order to derive general statements about this phenomenon, the investigation of further online 

discussion networks is necessary. 

5.2.4.3 Influence on Node Communication Behaviour (based on NCA) 

Within the analysis regarding influence of agreement and disagreement on node 

communication behaviour in the network, essentially the same assumptions as in the first case 

study have been made. Basically, a higher incidence of identical link attribute types as well as a 

reduced incidence of opposed types is expected.  

The selection of communication patterns therefore includes 10 patterns with identical or 

opposite link attribute types (e.g. an incoming message expressing agreement followed by an 

outgoing message also expressing agreement). The results of this analysis part can be found in 

Table 18. 

Table 18: Influence of agreement and disagreement on node communication (NCA 1&6) 

 
The results exhibit a strong influence of the analysed link attributes. Inbound and outbound 

linkevents show a correlation regarding the expression of agreement and disagreement. A 

message expressing disagreement is followed by another message also expressing 

disagreement with high probability. Neutral messages also show correlations regarding similar 
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link attribute types in communication patterns. Furthermore, the results also indicate a 

reduced likelihood of attribute type changes, e.g. from agreement to disagreement. However, 

in case of incoming messages expressing agreement, the aforementioned dependencies 

cannot be found.  

In summary, the results exhibit similar effects regarding influence of link attributes on node 

communication as in the first case study. Again, to derive robust conclusions, the number of 

analysed networks has to be increased. 

5.2.4.4 Network Link Distribution of Agreement and Disagreement (based on LCA) 

The data basis for this second case study comprises only one social network with a limited 

amount of network links. Therefore, some metrics from LCA cannot be determined, e.g. the 

analysis of link attribute mirroring effects and the search for balanced network nodes (LCA 5-8) 

are not possible due to the sparse data base. However, the metrics LCA 1&2 could be applied 

to study the distribution of agreement and disagreement across network relationships. The 

corresponding results are shown in Figure 104. 

 
Figure 104: Distribution of agreement and disagreement across network relationships (LCA 1&2) 

The figure above illustrates both the distribution of different link attribute types on network 

edges (metric LCA 1) as well as the corresponding type of link attributes (metric LCA 2).  

Within the discussion network, 79% of all network edges include only one link attribute type 

regardless of the number of exchanged linkevents. 38% of the network edges are exclusively 

spanned by linkevents that express agreement and 32% of the network edges only include 

3%

18%

79%
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linkevents expressing disagreement. This high share of network links with only one link 

attribute type points to a significant trend regarding the occurrence of polarized network 

relationships. 

5.2.4.5 Dissemination Patterns of Agreement and Disagreement (based on DMA) 

The Table 19 below includes the results of the Dynamic Motif Analysis for the two sub 

networks based on agreement and disagreement. The table includes all triad network 

transitions together with the associated Social Network Effects, the expected values, the 

percentage distributions within the network as well as the corresponding trend. 

Table 19: Dissemination patterns of agreement and disagreement (DMA 2) 

 
 

Within the first group of transitions, reciprocity is the dominant network effect whereas the 

other network effects only play a minor role. Triads of class three show no preferences 

concerning incoming or outgoing hierarchy within the subsequent transition step. The triads of 

Transition
Social 

Network 
Effects

Agreement
Subnetwork

Disagreement
Subnetwork

Exp. % Data% Trend Exp. % Data % Trend

R 0.2 0,4567 0.2 0,7250

HO 0.2 0,0748 0.2 0,0417

HI 0.2 0,2087 = 0.2 0,1139

CC 0.4 0,2598 0.4 0,1194

HI 0.5 0,5000 = 0.5 0,4595

HO 0.5 0,5000 = 0.5 0,5405

R 0.5 0,7143 0.5 0,6667

T 0.5 0,2857 0.5 0,3333

R 0.5 0,8571 0.5 0,9565

T 0.5 0,1429 0.5 0,0435

R 0.25 0,4444 0.25 0,5000

R 0.25 0,3333 0.25 0,2000

T 0.25 0,0556 0.25 0,0000

CC 0.25 0,1667 0.25 0,3000
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class four and five show a clear development towards reciprocity. The triads of class six also 

show a strong tendency towards reciprocity with the development towards triad class seven. 

The results of the LCA above have shown that the majority of network edges contain only one 

type of link attribute. In consequence, it can be assumed that the link attribute-based sub 

networks are (for the most part) disjoint in terms of topology. Interestingly, the two sub 

networks exhibit an almost identical expression of triad transitions and associated Social 

Network Effects. 

Due to the limited size of the network, complex triad transitions are not present in sufficient 

numbers to derive resilient statements. The deviations within the available results are clear, 

but since only one network is analysed, no statistical tests could be applied. 

In summary, we can state that reciprocity, as the trend to develop bi-directional network 

connections, is the dominating Social Network Effect in the emergence of the discussion 

network. Hierarchy, both incoming and outgoing may be regarded as a secondary factor. 

Similar to sentiments within the first case study, agreement and disagreement in online 

discussion networks can only be treated as a secondary influence factor. The temporal 

evolution of online discussion networks can be described primarily with the emergence of 

reciprocal links and the subsequent development of hierarchical structures regardless any 

expression of agreement and disagreement. 

5.2.4.6 Network Graph Topology of Agreement and Disagreement (based on GBA) 

Figure 105 includes the different link attribute-based sub network graphs extracted within the 

GBA. The figure shows the unfiltered network graph as well as the three sub networks based 

on agreement, disagreement and neutral linkevents. 

The links are coloured based on the specific link attribute distribution: Green is used for a 

linkevent expressing agreement, red is used for a linkevent expressing disagreement and blue 

is used for a neutral linkevent. In case of the unfiltered network topology, these colours are 

interpolated based on the link-specific distributions. 

Corroborating the results of the LCA, the sub networks are, for the most part, disjoint in terms 

of topology. The agreement sub network consists of 37 links and the disagreement sub 

network is based on 36 links. In accordance with results from the DMA, the network graphs 

exhibit hierarchical structures whereas transitive network structures cannot be recognized. 
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Figure 105: Sub network graphs based on agreement and disagreement (GBA 1) 

5.2.5 Conclusions 

The distribution of agreement and disagreement shows a slight imbalance with a higher share 

of disagreement. This is not surprising, since the examined network is based on a discussion 

forum. However, the temporal evolution exhibits that within in the first hours of the 

discussion, both link attribute types have about the same share. Only within the last 30% of 

the discussion, a clear trend towards the expression disagreement can be identified.  

The analysed link attribute types exhibit a strong influence on communication patterns of 

network nodes. The actors do have a strong tendency to reciprocate agreement and 

disagreement in message exchange within the online discussion. In addition, most network 

links exhibit a strong tendency towards polarization by expressing either only agreement or 

disagreement. 

The network structure itself is characterized by a dominance of reciprocal connections. During 

the network formation and based on different node communication activities, a subsequent 

trend regarding the emergence of hierarchical structures can be identified. Interestingly, the 

sub networks on the basis of agreement and disagreement show almost disjoint topologies, 

but similar structural patterns. Like in case of the first case study focused on sentiments, 
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agreement and disagreement do not represent a dominant influence factor within the 

emergence of social network structures. 

We assume, that people participating in online discussion networks, seem to build two major 

coalitions. Within these coalitions, the exchanged linkevents express mainly agreement, 

whereas the communication with the opposing coalition is characterized by the expression of 

disagreement. However, as already mentioned above, further studies covering a broader 

database are necessary to derive reliable statements. 

5.3 Summary 

According to the Information Systems Research Framework and to evaluate and demonstrate 

the applicability of both Design Science artefacts of this thesis, to case studies have been 

conducted. Both times, the ALADINF framework for analysis of link attribute dissemination in 

networks and the corresponding software implementation ALADINSA have been successfully 

applied. 

The source data for both case studies have been transformed into the event-based data model 

described in chapter 3.1. The annotation of the link attributes was done both manually and 

tool-supported. 

Within the first case study, the influence and propagation of sentiments in online social 

networks have been analysed. The data base comprises more than 13thousand networks from 

five different data sources, including discussion forums, newsgroups, chats, and micro-

blogging networks. The sentiments have been classified using state-of-the-art classification 

software that was developed as part of the EU funded project CyberEmotions. 

This first case study also addresses the third research question of the thesis asking to what 

extend sentiments embedded in exchanged messages among users of online social networks 

do influence node communication behaviour or propagate within digital networks.  

In conclusion, we can say that people are influenced by the sentiment of exchanged messages 

and react in a similar way. The emerging networks exhibit a strong tendency towards bi-

directional links. During longer conversations, humans tend to establish polarized relationships 

and they show a tendency to mirror their communication partner regarding exchanged 

sentiments. Despite their influence on communication behaviour, embedded sentiments in 

exchanged textual messages do only play a secondary role in network emergence and do not 

lead to different network patterns. 
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In the second case study, agreement and disagreement have been interpreted as link 

attributes. A network derived from an online discussion forum has been used for the analysis. 

The classification of agreement and disagreement in discussion posts was done manually.  

In conclusion, we can state that agreement and disagreement as link attribute types also show 

a significant influence on node communication behaviour. People tend to reciprocate 

agreement and disagreement in message exchange within online discussions. They exhibit a 

strong tendency to express either agreement or disagreement towards specific communication 

partners and therefore support the emergence of polarized network links. The network 

structure is again dominated by bi-directional network links and hierarchical patters. 

Agreement and disagreement sub networks do show almost disjoint topologies but without 

differences regarding the basic structural patterns. 

In both case studies, the analysis framework ALADINF and the corresponding research 

guideline have been used successfully to derive insights about the influence and dissemination 

of different link attributes in online social networks. The software application ALADINSA has 

proven to be an appropriate analysis tool to apply the proposed methodical course of action. 
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6.1 Summary 

The present work entitled Link Attribute Dissemination in Electronic Social Networks is focused 

on the analysis of influence and dissemination of attributes or facets of human communication 

in digital networks. 

As highlighted in this work, novel electronic forms of communication both in private and 

business environments gain in importance. Within this work, methods and tools to examine 

and understand digital social networks, emerging through the use of such electronic 

communication media, are provided.  

Following the Design Science approach of Hevner’s Information Systems Research Framework, 

the work is focused on the development of two artefacts: a methodical analysis framework 

(ALADINF) and a software tool as its technical implementation (ALADINSA). The evaluation of 

this approach has been realized with two case studies investigating the propagation of 

different link attribute types in various online social discourses. 

In this work, three research questions could be successfully addressed. The first question 

relates to the issue of how common metrics from SNA can be applied and extended to develop 

a framework to analyse link attribute influence and dissemination. Such a framework is 

presented in chapter 3 of this thesis. Special attention was laid upon the overall flexibility 

regarding the analysable network data and the definition of arbitrary link attribute types. This 

flexibility has been shown in two case studies presented in chapter 5 by analysing different link 

attributes in a variety of online social networks. 

The foundation of the analysis framework ALADINF is an event-based data model that 

interprets any communication in social networks as a series of communication events with a 

sender-recipient relationship. ALADINF itself consists of nine individual analysis parts each with 

an own methodological approach and a focus on specific aspects of the network data. For each 

of these analysis parts, corresponding analysis metrics have been defined, which can be used 

for the evaluation of influence and dissemination of link attributes. These metrics are either 

based on standard metrics from the SNA research discipline or are novel derivations.  

In addition to the definition of analysis metrics, the whole approach itself is integrated into a 

research guideline. This guideline includes all necessary steps required for a successful 

application of ALADINF. This covers in particular the transformation of the source data into the 

event-based data model, the application of certain analysis filters regarding node attributes or 

the timeframe of the analysis and the selection of the analysis parts. 
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The second research question of this thesis relates to the issue of how such heterogeneous 

analysis metrics with different perspectives can be combined and evaluated in order to gain 

meaningful and complex findings regarding presence, influence and dissemination of link 

attributes. Corresponding instructions are also included in the research guideline. The general 

idea is to combine and evaluate the results of the individual analysis parts together from both 

an analytical and an exploratory side. 

The analytical evaluation is performed in three steps. With the first step, the presence and 

occurrence of the link attributes in the network data has to be determined. Such presence is a 

logical prerequisite for the second step, in which an analysis of influence of link attributes on 

the communication behaviour of users is determined. This influence is again a requirement for 

the third step which covers the analysis of patters of link attribute propagation. 

Parallel to the analytical evaluation, an exploratory investigation should be performed in which 

the entire network graph and its dynamic emergence is examined step by step to manually 

trace the occurrence of link attributes within the growing network topology. 

Both perspectives, the analytical and the exploratory side, are mutually dependent and should 

be performed iteratively. The results of the analysis metrics can be visually identified within 

the network structure. In addition, the study of the network graph and its evolution over time 

can unveil interesting aspects which should then be studied analytically. 

In summary, the analysis framework ALADINF is built upon nine different analysis parts 

including a broad variety of specialized analysis metrics. The framework is embedded into a 

comprehensive research guideline covering all aspects from data selection to result evaluation. 

The second artefact of this work is a software application called ALADINSA which represents a 

technical implementation of ALADINF. The software is written in Java to ensure platform 

independence and allows for a convenient selection of analysis source data and a flexible 

configuration of different analysis filters and parameters. The interaction with the user is 

entirely realized via a graphical user interface. The results of all nine analysis parts from 

ALADINF and their encapsulated metrics are presented within the application and, if feasible, 

graphically illustrated. For further analyses, all results can be exported into external files. 

The evaluation of the two artefacts has been realized by performing two different case studies. 

These case studies have been carried out using both the analytical framework ALADINF as the 

methodical course of action and ALADINSA as the analysis tool. The first case study addresses 

the third research question of this thesis. The question is, to what extent sentiments 
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embedded or expressed within exchanged electronic messages have an impact on 

communication behaviour of users or propagate within online social networks. 

In summary, it can be said that people participating in online networks are influenced by the 

sentiment of exchanged messages and react in a similar way avoiding sentiment type changes. 

During longer discussions, communication partners tend to establish relationships expressing a 

polarized attitude towards each other. However, when looking at the whole group of contacts, 

people develop towards a balanced state having both positive and negative relationships. The 

results of the case study further suggest that sentiment-based sub networks are disjoint in 

terms of topology but do not exhibit differences regarding topological patterns. Hence, some 

higher-order network effects influence human interaction and the corresponding emergence 

of social networks and their underlying topology, regardless of exchanged sentiments. 

In order to demonstrate the flexibility of the framework regarding the analysis of different 

types of link attributes, a second case study was conducted. This time, the influence and 

spreading of agreement and disagreement in online discussion groups was examined. 

Analogous to the results of the first case study, a moderate influence could be found but no 

significant topological differences could be determined. 

In both case studies, ALADINF as the methodical approach and ALADINSA as the analysis tool 

have been applied successfully. To extend the existing ISR base of knowledge, the results of 

the first case study have been published in several scientific publications. 

6.2 Main Contributions of this Work 

In conclusion, the three main contributions of this work can be summarized as follows: 

1. Conceptual design of a research framework for the analysis of influence and 

dissemination of link attributes in digital social networks (ALADINF) as a Design Science 

artefact with a high level of flexibility regarding the type of link attributes to be 

examined and the applicability in a broad variety of application scenarios. The 

framework is embedded in a corresponding research guideline covering all necessary 

steps for a successful application of the approach. 

2. Development of the software tool ALADINSA as a second Design Science artefact as 

technical implementation of ALADINF to facilitate its application. The software 

application features an integrated graphical user interface that realizes the entire user 

interaction including the selection of analysis source data, the flexible definition of link 
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attribute types, the configuration of settings, parameters and analysis filters as well as 

the presentation and  export of the analysis results. 

3. The realization of an extensive case study on influence and dissemination of 

sentiments in online social networks. In order to derive general statements, a large 

and diverse database including social network data from different online discourses 

has been created. The results of this case study have been published in several 

scientific publications. 

6.3 Application in Business Environments 

Before discussing possible extensions and future research aspects of this work, the role and 

applicability of this work in the context of Information Systems and Wirtschaftsinformatik will 

be briefly discussed. 

As already explained in the introduction, the Design Science artifacts presented in this work 

are generally designed to enable or facilitate behavioral research focused on the analysis of 

influence and dissemination of link attributes in social networks. In addition to this basic 

academic use, the analysis framework ALADINF and the corresponding tool ALADINSA can be 

applied in the context of corporate knowledge management as well. 

However, due to the flexibility of the two artifacts, it is difficult to make concrete statements 

but as already mentioned above, Social Software and Enterprise 2.0 both set the higher frame. 

Such applications that enable or facilitate communication and collaboration play a major role 

in corporate environments and are being widely used in the future. The main application of the 

presented work in the context of knowledge management can be described as follows: 

Existing network structures within a company can be investigated in detail with ALADINF and 

ALADINSA. A corresponding study can cover very different aspects due to the given flexibility 

regarding the type of the link attributes. Conceivable application scenarios include but are not 

limited to an analysis of the communication structures itself, the media channel used and/or 

the spread of knowledge and innovation in form of keywords. In addition to the analysis of 

structure and content, several social aspects can be integrated. Examples include the spread of 

opinions and sentiments, expression of agreement or rejection as well as the general tone of 

the communication between colleagues or departments of a company. 
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The findings obtained by applying ALADINF and ALADINSA can be used to understand and 

improve the communication and collaboration relationships between colleagues and 

departments which have proven to be an important factor for the success of companies. This 

includes in particular the disclosure of shortcomings related to existing processes and 

communication behavior. Possible improvements can include the restructuring of 

organizations or departments, the installation of additional knowledge management tools or 

the introduction of organizational measures such as weekly team meetings. 

Without going beyond the general scope of this work, possible privacy issues should be briefly 

discussed. The analysis of digital social networks, particularly in business environments, 

includes processing and linking of personal data and therefore requires the consideration of a 

variety of applicable regulations and laws which may limit possible application scenarios. For 

capacity reasons, this will not be further discussed here. However, it is important to mention 

at this point, that the analysis of network structures often do not have to be based on 

individual employees but instead can be carried out anonymously to avoid legal obstacles. 

6.4 Future Research 

The present work has been developed within a timeframe of four years. Many of the original 

constraints could be dissolved during the development and revision of the analytical 

framework and the software application. However, there is of course always room for further 

development. Hence, some possible extensions of the framework ALADINF, the software 

application ALADINSA and the case studies are presented below. 

Regarding the conducted case study on sentiments in online networks, a number of extensions 

have already been identified within the EU project CyberEmotions. A more precise 

determination of sentiments in online discourses is necessary and could be archived by not 

just using a lexicon-based classification scheme exclusively (as done in the case study), but 

rather using a combination of different classifiers such as a mixture of lexicon-based, rule-

based, machine-learning and supervised learning approaches (Prabowo and Thelwall 2009). 

Furthermore, the differentiation of sentiments according to four possible types (positive, 

negative, neutral or positive & negative) could be extended to examine the hitherto, under the 

term sentiment, combined aspects of valence and arousal. Another possible extension of the 

case study could be the combined analysis of sentiment and topic occurrence within 

exchanged textual messages to analyse a topic-sentiment mixture. First approaches in this 

regard have already been published (Mei, Ling et al. 2007; Paltoglou and Thelwall 2011). 
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In both case studies, different types of link attributes in social networks have been studied. 

The analysis was based on data obtained from different Internet domains. This data includes, 

as it is common on the Internet, no further information about the users involved. The 

consideration of demographic information, such as age or gender was therefore not possible. 

Future analyses could focus on the interplay between node characteristics and the 

propagation of link attributes. 

Taken a little further, the analysis could also be extended regarding the type of networks. The 

limitation on the exclusive usage of social networks could be resolved by allowing any type of 

network as possible analysis source data. The present restriction on social networks is caused 

by the evaluation of particular user behaviour based on Social Network Effects and Social 

Science Theories. However, regarding the technical implementation, there are no such 

restrictions. Any type of network, as presented in Table 3, could be used as analytical data. 

Particularly in the area of biological cell networks, a large number of studies and surveys have 

already been published that could be extended regarding the propagation of link attributes 

(Conradi, Flockerzi et al. 2007; Prill, Iglesias et al. 2005; Sharan and Ideker 2006). 

With regard to the methodical design of the analysis framework, there are also a number of 

possible extensions. The modular design facilitates the integration of additional analysis 

components in both ALADINF and ALADINSA considerably. Particularly, the extension towards 

larger and more complex network motifs and their evolution over time is an obvious step. 

However, the resulting computational complexity may require new algorithms for this kind of 

analysis. Some research studies have already done first steps towards the identification of 

larger network motifs and related sub graphs (Grochnow and Kellis 2007; Leskovec, Singh et al. 

2006). 

The basic concept of the present work utilizes a data-based approach. The analysis requires 

existing network data as analysis input to derive descriptive findings. In the long term, both 

artefacts could be extended towards the creation and verification of dissemination models. 

Identified influence or dissemination patterns of link attributes could then not only be 

described but expressed with underlying mathematical models. Although such an integration 

of both a data- and model-based approach would be a very powerful combination, the 

required effort would be significant and a realization is probably only possible to a very limited 

extent. 



 

 

7                                                                                           
Appendix 
This section contains additional information 

regarding both artefacts ALADINF and 

ALADINSA. 

Within the first part of the appendix 7.1, the 

descriptions for the defined tetrad classes from 

chapter 3.4.7 are provided. Due to the 

enormous increase regarding the number of 

possible combinations, a definition based on 

isomorphic class types (as done in the triad 

analysis) is not possible. Instead, each tetrad 

class is described by included basic network 

structures (see chapter 2.4.1) and typical 

topology features. In addition, a list of 

transition probabilities within the defined 

tetrad class network is presented in appendix 

7.2. 

ALADINSA provides a high degree of flexibility 

with regard to the configuration of analysis 

parameters and to the definition of link 

attribute types. Appendix 7.3 contains an 

overview and description of all available 

settings and parameters within the application. 

For space reasons, not all of the results from 

metric DMA 2 within the first case study could 

be included in chapter 5.1.4.5. Hence, a 

complete listing of all results can be found in 

appendix 7.4.  
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7.1 Description of Tetrad Classes 

The terms introduced in Table 20 are used to describe the tetrad class types presented in Table 

21. 

Table 20: Terminology used for tetrad class descriptions 

Term Description 
Link A link between two nodes. A tetrad can have up to 6 links. 
Connection Each link can consists of two connections in opposite directions 
Star Links in a tetrad are arranged in a star shape 
Linear Links in a tetrad are arranged in a row (or line) 
Cycle Links in a tetrad are arranged in a cycle 
Transitive Tetrad with a basic network structure (star, linear or cycle 

shape) and one additional transitive connection 
Weak Tetrad with a basic network structure (star, linear or cycle 

shape) and one connection in a wrong direction 
Open, Closed, Semi-closed Tetrad with most of the connections present with none 

(closed), one (semi-closed) or two missing links (open) 
 

Table 21: Tetrad class descriptions 

Tetrad Class Description  Tetrad Class Description 
0 / 12 Connections 

 

Four unconnected nodes 

1 / 12 Connections 

 

Tetrad with two dyads of type one and two 

2 / 12 Connections 

 

Tetrad with two dyads of  
type one and three 

 

Tetrad with two dyads of  
type one 

 

Tetrad with triad type five 
and one unconnected node 

 

Tetrad with triad type four 
and one unconnected node 
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Tetrad with triad type six 
and one unconnected node 

   

3 / 12 Connections 

 

Tetrad with two dyads of 
type two and three 

 

Tetrad with triad type eight 
and one unconnected node 

 

Tetrad with triad type seven 
and one unconnected node 

Tetrad with triad type ten 
and one unconnected node 

 

Tetrad with triad type nine 
and one unconnected node 

Tetrad with three 
connections in a linear row 

 

Tetrad with three 
connections in a not-linear 
row 

Tetrad with three 
connections creating an 
inbound star shape 

 

Tetrad with three 
connections creating an 
outbound star shape 

Tetrad with three 
connections creating an star 
shape with one wrong 
directed connection (weak 
star) 

4 / 12 Connections 

 

Tetrad with two dyads of 
type three 

 

Tetrad with triad type eleven 
and one unconnected node 

 

Tetrad with triad type 
twelve and one 
unconnected node 

Tetrad with triad type 
thirteen and one 
unconnected node 

 

Tetrad with triad type 
fourteen and one 
unconnected node 

Tetrad with four connections 
with a circle shape and in a 
linear row 
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Tetrad with four 
connections in a cycle shape 
without a linear row 

Tetrad with four connections 
in a cycle shape (2x nodes 
with out-degree of two and 
2x nodes with in-degree of 
two) 

 

Tetrad with four 
connections in a linear row 
and one reciprocal link 

 

Tetrad with four connections 
in a linear row with one 
reciprocal link and one 
wrong directed connection 

 

Tetrad with four 
connections in an inbound 
star shape with one 
reciprocal link 

Tetrad with four connections 
in an inbound star shape 
with one transitive 
connection 

 

Tetrad with four 
connections in an outbound 
star shape with one 
reciprocal link 

Tetrad with four connections 
in an outbound star shape 
with one transitive 
connection 

 

Tetrad with four 
connections in a star shape 
with one reciprocal link and 
one wrong directed 
connection  

Tetrad with four connections 
in an star shape with one 
transitive connection and 
one wrong directed 
connection 

5 / 12 Connections 

 

Tetrad with triad type 
fifteen and one 
unconnected node 

 
Tetrad with five connections 
in a cycle shape with one 
reciprocal link 

Tetrad with five connections 
in a weak and transitive star 
or cycle shape (two missing 
links)  

Tetrad with five connections 
in a linear row with two 
reciprocal connections 

 

Tetrad with five connections 
in an inbound star shape 
with one transitive 
connection and one 
reciprocal link 

Tetrad with five connections 
in an outbound star shape 
with one transitive 
connection and one 
reciprocal link 

 

Tetrad with five connections 
in a star shape with two 
reciprocal links 

  

  

31

Star-Out.-Trans.
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6 / 12 Connections 

 

Tetrad consisting of triad type 
sixteen and one unconnected 
node 

 
Tetrad with six connections 
creating a cycle including 
two reciprocal links 

 

Tetrad with six connections and 
all links present 

Tetrad with three 
reciprocal links in a linear 
row 

 

Tetrad with six connections and 
one missing link 

 

Tetrad with three 
reciprocal links in a star 
shape 

7 / 12 Connections 

 

Tetrad with seven connections 
but two missing links 

 
Tetrad with seven 
connections but one 
missing link 

 

Tetrad with seven connections 
and all links present 

  

8 / 12 Connections 

 

Tetrad with two missing links  

 

Tetrad with one missing 
link 

 

Tetrad with all links present 

  

9 / 12 Connections 

 

Tetrad with nine connections 
and one link missing 

 
Tetrad with nine 
connections and all links 
present 
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10 / 12 Connections 

 

Tetrad with one missing link 
between two nodes 

 Tetrad with two missing 
connections but each link 
between nodes is at least 
present with one connection 

11 / 12 Connections 

 

Tetrad with all links but one 
missing connection  

   

12 / 12 Connections 

 

Tetrad with four fully 
connected nodes 

   

 

7.2 Tetrad Class Transition Probabilities 

Table 22: Tetrad class transition probabilities 

Nr. Trans. Prob. 

 

Nr. Trans. Prob. 

 

Nr. Trans. Prob. 
1 1 > 2 1.00 55 13 > 23 0.11 109 28 > 40 0.25 
2 2 > 3 0.09 56 13 > 24 0.11 110 29 > 38 1.00 
3 2 > 4 0.18 57 13 > 26 0.33 111 30 > 39 0.75 
4 2 > 5 0.18 58 13 > 33 0.44 112 30 > 40 0.25 
5 2 > 6 0.18 59 14 > 24 0.17 113 31 > 36 0.22 
6 2 > 7 0.36 60 14 > 25 0.06 114 31 > 38 0.13 
7 3 > 8 0.20 61 14 > 26 0.11 115 31 > 39 0.65 
8 3 > 9 0.40 62 14 > 27 0.22 116 32 > 36 0.8 
9 3 > 10 0.40 63 14 > 29 0.06 117 32 > 40 0.2 

10 4 > 8 0.20 64 14 > 31 0.06 118 33 > 36 0.80 
11 4 > 13 0.20 65 14 > 33 0.33 119 33 > 38 0.13 
12 4 > 14 0.60 66 15 > 28 0.33 120 33 > 39 0.07 
13 5 > 10 0.20 67 15 > 29 0.67 121 34 > 41 0.14 
14 5 > 12 0.20 68 16 > 30 0.33 122 34 > 45 0.86 
15 5 > 14 0.40 69 16 > 31 0.67 123 35 > 42 0.43 
16 5 > 15 0.10 70 17 > 28 0.06 124 35 > 45 0.57 
17 5 > 17 0.10 71 17 > 30 0.06 125 36 > 43 0.14 
18 6 > 9 0.20 72 17 > 32 0.22 126 36 > 45 0.86 
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19 6 > 12 0.20 73 17 > 33 0.67 127 37 > 42 0.29 
20 6 > 14 0.40 74 18 > 37 1.00 128 37 > 44 0.14 
21 6 > 16 0.10 75 19 > 34 0.25 129 37 > 45 0.57 
22 6 > 17 0.10 76 19 > 37 0.50 130 38 > 43 0.14 
23 7 > 9 0.10 77 19 > 40 0.25 131 38 > 45 0.86 
24 7 > 10 0.10 78 20 > 34 0.06 132 39 > 43 0.04 
25 7 > 11 0.10 79 20 > 36 0.53 133 39 > 45 0.96 
26 7 > 12 0.10 80 20 > 38 0.33 134 40 > 45 0.14 
27 7 > 13 0.20 81 20 > 39 0.08 135 40 > 46 0.86 
28 7 > 14 0.20 82 21 > 34 0.18 136 41 > 47 1.00 
29 7 > 17 0.20 83 21 > 36 0.41 137 42 > 47 0.33 
30 8 > 18 0.11 84 21 > 38 0.14 138 42 > 48 0.67 
31 8 > 26 0.44 85 21 > 39 0.27 139 43 > 49 1.00 
32 8 > 27 0.44 86 22 > 34 0.19 140 44 > 47 1.00 
33 9 > 19 0.11 87 22 > 36 0.59 141 45 > 47 0.10 
34 9 > 21 0.11 88 22 > 38 0.12 142 45 > 48 0.68 
35 9 > 22 0.11 89 22 > 39 0.10 143 45 > 49 0.22 
36 9 > 26 0.22 90 23 > 35 0.50 144 46 > 47 1.00 
37 9 > 27 0.22 91 23 > 36 0.50 145 47 > 50 0.20 
38 9 > 30 0.11 92 24 > 35 0.625 146 47 > 51 0.80 
39 9 > 32 0.11 93 24 > 36 0.25 147 48 > 51 0.60 
40 10 > 19 0.11 94 24 > 38 0.125 148 48 > 52 0.40 
41 10 > 20 0.11 95 25 > 35 0.65 149 49 > 52 1.00 
42 10 > 22 0.11 96 25 > 38 0.33 150 50 > 53 1.00 
43 10 > 26 0.22 97 25 > 39 0.02 151 51 > 53 0.50 
44 10 > 27 0.22 98 26 > 35 0.27 152 51 > 54 0.50 
45 10 > 28 0.11 99 26 > 36 0.26 153 52 > 54 1.00 
46 10 > 32 0.11 100 26 > 37 0.31 154 53 > 55 0.33 
47 11 > 22 0.33 101 26 > 38 0.08 155 53 > 56 0.67 
48 11 > 33 0.67 102 26 > 39 0.08 156 54 > 56 1.00 
49 12 > 20 0.11 103 27 > 35 0.25 157 55 > 57 1.00 
50 12 > 21 0.11 104 27 > 36 0.18 158 56 > 57 1.00 
51 12 > 22 0.11 105 27 > 37 0.35 159 57 > 58 1.00 
52 12 > 29 0.11 106 27 > 38 0.11    
53 12 > 31 0.11 107 27 > 39 0.11    
54 12 > 33 0.44 108 28 > 38 0.75    
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7.3 Settings and Parameters of ALADINSA 

Table 23: Settings and parameters of ALADINSA 

Section Name Function 

General 
 

Perform analysis part xy 

A checkbox for every analysis part allows 
enabling or disabling of certain analysis 
parts. The Attribute Share Analysis and the 
Graph-based Analysis are obligatory. 

Significance level for  
statistical test 

Sets the significance level for all metrics 
including a statistical test 

Minimum number of  
nodes per network 

Defines the minimum number of nodes per 
network (excludes networks with less 
nodes) 

Maximum number of  
nodes per network 

Defines the maximum number of nodes per 
network (excludes networks with more 
nodes) 

Also sort linkevents by ID 

Linkevents are sorted according to their 
timestamp. If this option is checked, the 
linkevents are also sorted according to their 
ID (required if temporal resolution of 
timestamps is not high enough) 

Save memory mode 

This option can be used to reduce the 
amount of required Random Access 
Memory of ALADINSA . 
(consequences are longer computational 
time & GBA will not be available) 

Export normal distribution  
test results 

Some analysis parts (NCA, DMA, and EMA) 
include t-tests to ensure the statistical 
significance of the results.  
As a precondition, the results are compared 
with a similar (in terms of mean and 
standard deviation) normal distribution by 
applying a chi-square test.  
If this option is selected, the results of the 
chi-square test are exported into separate 
files.   

Colour graph background Sets the background colour for network 
graphs 

Colour graph nodes Sets the node colour for network graphs 

Colour all linkevents, 
attribute type 1, attribute 
type 2, attribute type 3, 
attribute type 4, unknown 

Sets the colours used for all linkevents and 
link attribute type 1-4 in all graphical result 
diagrams, e.g. within the Attribute 
Histogram Analysis or the Graph-based 
Analysis.  
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Node-centric 
Analysis  
(NCA) 

(NCA 1 - NCA 10)  
Minimum number of 
patterns for valid sample 

Defining minimum number of patterns for 
metrics NCA 1-10 

(NCA 11) 
Integration of avg response 
time in analysis 

Defines if the metrics of NCA should be 
calculated considering the average 
response time 

(NCA 11)  
Minimum number of 
patterns to calculate avg 
response time 

Defines the minimum number of patterns 
with incoming / outgoing linkevents to 
calculate the node specific average 
response time 

(NCA 11)  
Upper time limit  
for avg time analysis 

Defines the upper limit of the time frame 
for the node-specific average response time  

Link-centric 
Analysis  
(LCA) 

(LCA 1) Minimum noof 
linkevents per link 

Defines the minimum number of linkevents 
per specific network link for metric LCA 1 

(LCA 2) Minimum noof 
linkevents per link 

Defines the minimum number of linkevents 
per specific network link for metric LCA 2 

(LCA 3) Minimum noof 
linkevents per link 

Defines the minimum number of linkevents 
per specific network link for metric LCA 3 

(LCA 5) Minimum noof 
linkevents per link 

Defines the minimum number of linkevents 
per specific network link for metric LCA 5 

(LCA 5)  
Number of runs 

Defines the number of random 
communication sequences for baseline 
calculation 

(LCA 5)  
Number of random swaps 

Defines the number of random swaps 
within random sequences 

(LCA 5)  
Minimum number of 
attribute changes 

Sets the minimum number of link attribute 
changes within communication sequences 
to determine mirroring effects 

(LCA 6) Minimum noof 
linkevents per link 

Defines the minimum number of linkevents 
per specific network link for metric LCA 6 

(LCA 7) Minimum noof 
linkevents per link 

Defines the minimum number of linkevents 
per specific network link for metric LCA 7 

(LCA 7)  
Range definition for 
attribute mirroring 

Defines the range in which opposing 
polarization values are interpreted as equal; 
has to be a value between 0 and 1 

(LCA 8)  
Minimum noof linkevents 
per link 

Defines the minimum number of linkevents 
per specific network link for metric LCA 8 
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Static Motif 
Analysis  
(SMA) 

(SMA 1 - SMA2)  
Number of random 
networks 

Defines the number of random networks to 
be created for baseline calculations 

(SMA 1- SMA2)  
Random network model 

Defines the network model used for the 
creation of the random networks (Erdös-
Renyi, UMAN or Watts) 

Ego-Network 
Analysis  
(ENA) 

(ENA 1 - ENA 6)  
Limited total sum for 
polarization calculation 

Changes between two different formulas 
used for polarization calculation in ENA 1-6. 
 In case of the limited sum calculation, the 
difference between linkevents with 
attribute x and y is not divided by the total 
number of linkevents (all types) but instead 
only the sum of linkevents with attributes 
of type x and y is used. 

(ENA 1 - ENA 2)  
Minimum number of 
linkevents per link 

Defines the minimum number of linkevents 
per specific network link to calculate link 
polarizations 

(ENA 3 - ENA 12)  
Minimum number of links 
per ego-node 

Defines the minimum number of 
communication partners per ego node to 
calculate ego-network polarizations 

(ENA 7 - ENA 10)  
Minimum number of 
values for matrix tests 

Defines the minimum number of required 
valid node results to calculate thresholds 
for ENA 7-10 (if not enough result values 
are present in specific network, network 
will be skipped)  

(ENA 7 - ENA 8)  
high / low node  
degree threshold 

Defines the threshold to distinguish 
between a node with a high or low node 
degree; needs to be a value between 0 and 
1; absolute threshold is calculated for each 
network separately 

(ENA 9 - ENA 10)  
high / low number of 
linkevents threshold 

Defines the threshold to distinguish 
between a node with a high or low number 
of linkevents; needs to be a value between 
0 and 1; absolute threshold is calculated for 
each network separately 

Database 
Connection 

DB User Username for MySQL database access 
DB Password Password for MySQL database user 
DB URL Location of MySQL database  
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7.4 Results of Case Study I: Dynamic Motif Analysis (DMA 2)  

This chapter contains the results of the dynamic motif analysis of the first case study (based on 

metric DMA 2). The following tables include all results for the considered triad transitions 

including expressed Social Network Effects, expected values, average results, standard 

deviation, number of samples, probability based on a t-test and the resulting trend. 

Table 24: Results Forum DS I - positive sub network (DMA 2) 

Transition Effect Exp.% AVG% SD N P T 

2>3 R 0.2 0.6580 0.1510 1652 >0.01  

2>4 H
O
 0.2 0.0786 0.0531 1652 >0.01  

2>5 H
I
 0.2 0.1145 0.0814 1652 >0.01  

2>6 CC 0.4 0.1489 0.0844 1652 >0.01  

3>7 H
I
 0.5 0.5180 0.2043 1585 >0.01  

3>8 H
O
 0.5 0.4820 0.2043 1585 >0.01  

4>8 R 0.5 0.8430 0.1879 1575 >0.01  

4>9 T 0.5 0.1570 0.1879 1575 >0.01  

5>7 R 0.5 0.8965 0.1723 1564 >0.01  

5>9 T 0.5 0.1035 0.1723 1564 >0.01  

6>7 R 0.25 0.4777 0.2315 1584 >0.01  

6>8 R 0.25 0.3477 0.2202 1584 >0.01  

6>9 T 0.25 0.1032 0.1388 1584 >0.01  

6>10 CC 0.25 0.0714 0.1146 1584 >0.01  

7>11 R 0.3333 0.7198 0.2900 1419 >0.01  

7>12 H
O
,T 0.3333 0.1369 0.2108 1419 >0.01  

7>14 T 0.3333 0.1433 0.2208 1419 >0.01  

8>11 R 0.3333 0.6899 0.2717 1469 >0.01  

8>13 H
I
 0.3333 0.1660 0.2093 1469 >0.01  

8>14 T 0.3333 0.1441 0.2029 1469 >0.01  

9>12 R 0.3333 0.3696 0.3630 1165 >0.01  

9>13 R 0.3333 0.2372 0.3255 1165 >0.01  

9>14 R 0.3333 0.3933 0.3649 1165 >0.01  

* All results based on t-test with a = 0.99 
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Table 25: Results Forum DS I - negative sub network (DMA 2) 

Transition Effect Exp.% AVG% SD N P T 

2>3 R 0.2 0.6345 0.2058 1632 >0.01  

2>4 H
O
 0.2 0.0825 0.0795 1632 >0.01  

2>5 H
I
 0.2 0.1219 0.1250 1632 >0.01  

2>6 CC 0.4 0.1611 0.1146 1632 >0.01  

3>7 H
I
 0.5 0.5123 0.2570 1464 >0.01  

3>8 H
O
 0.5 0.4877 0.2570 1464 >0.01  

4>8 R 0.5 0.8248 0.2585 1399 >0.01  

4>9 T 0.5 0.1752 0.2585 1399 >0.01  

5>7 R 0.5 0.8789 0.2342 1371 >0.01  

5>9 T 0.5 0.1211 0.2342 1371 >0.01  

6>7 R 0.25 0.4664 0.2936 1467 >0.01  

6>8 R 0.25 0.3537 0.2791 1467 >0.01  

6>9 T 0.25 0.1000 0.1807 1467 >0.01  

6>10 CC 0.25 0.0799 0.1551 1467 >0.01  

7>11 R 0.3333 0.7367 0.3318 1071 >0.01  

7>12 H
O
,T 0.3333 0.1293 0.2379 1071 >0.01  

7>14 T 0.3333 0.1340 0.2574 1071 >0.01  

8>11 R 0.3333 0.6920 0.3425 1126 >0.01  

8>13 H
I
 0.3333 0.1637 0.2724 1126 >0.01  

8>14 T 0.3333 0.1443 0.2530 1126 >0.01  

9>12 R 0.3333 0.4008 0.4076 716 >0.01  

9>13 R 0.3333 0.2378 0.3662 716 >0.01  

9>14 R 0.3333 0.3614 0.3984 716 >0.01  

* All results based on t-test with a = 0.99 
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Table 26: Results Forum DS II - positive sub network (DMA 2) 

Transition Effect Exp.% AVG% SD N P T 

2>3 R 0.2 0,2417 0,3607 7879 >0.01  

2>4 H
O
 0.2 0,2471 0,2316 7879 >0.01  

2>5 H
I
 0.2 0,3893 0,2844 7879 >0.01  

2>6 CC 0.4 0,1220 0,1591 7879 >0.01  

3>7 H
I
 0.5 0,8033 0,3110 1312 >0.01  

3>8 H
O
 0.5 0,1967 0,3110 1312 >0.01  

4>8 R 0.5 0,3318 0,4327 1980 >0.01  

4>9 T 0.5 0,6682 0,4327 1980 >0.01  

5>7 R 0.5 0,1326 0,2823 4057 >0.01  

5>9 T 0.5 0,8674 0,2823 4057 >0.01  

6>7 R 0.25 0,0532 0,1822 4010 >0.01  

6>8 R 0.25 0,0737 0,2101 4010 >0.01  

6>9 T 0.25 0,8699 0,2846 4010 >0.01  

6>10 CC 0.25 0,0032 0,0391 4010 >0.01  

7>11 R 0.3333 0,1684 0,3425 574 >0.01  

7>12 H
O
,T 0.3333 0,8086 0,3598 574 >0.01  

7>14 T 0.3333 0,0230 0,1286 574 >0.01  

8>11 R 0.3333 0,5035 0,4905 142 >0.01  

8>13 H
I
 0.3333 0,3838 0,4802 142 >0.01  

8>14 T 0.3333 0,1127 0,3117 142 >0.01  

9>12 R 0.3333 0,7531 0,4102 407 >0.01  

9>13 R 0.3333 0,1683 0,3577 407 >0.01  

9>14 R 0.3333 0,0786 0,2540 407 >0.01  

* All results based on t-test with a = 0.99 
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Table 27: Results Forum DS II - negative sub network (DMA 2) 

Transition Effect Exp.% AVG% SD N P T 

2>3 R 0.2 0,1525 0,3193 7346 >0.01  

2>4 H
O
 0.2 0,3361 0,2912 7346 >0.01  

2>5 H
I
 0.2 0,3836 0,2966 7346 >0.01  

2>6 CC 0.4 0,1279 0,1891 7346 >0.01  

3>7 H
I
 0.5 0,7955 0,3212 678 >0.01  

3>8 H
O
 0.5 0,2045 0,3212 678 >0.01  

4>8 R 0.5 0,2936 0,4241 1148 >0.01  

4>9 T 0.5 0,7064 0,4241 1148 >0.01  

5>7 R 0.5 0,1112 0,2734 2722 >0.01  

5>9 T 0.5 0,8888 0,2734 2722 >0.01  

6>7 R 0.25 0,0390 0,1608 2745 >0.01  

6>8 R 0.25 0,0634 0,2087 2745 >0.01  

6>9 T 0.25 0,8952 0,2723 2745 >0.01  

6>10 CC 0.25 0,0024 0,0383 2745 >0.01  

7>11 R 0.3333 0,1143 0,2885 271 >0.01  

7>12 H
O
,T 0.3333 0,8540 0,3241 271 >0.01  

7>14 T 0.3333 0,0316 0,1527 271 >0.01  

8>11 R 0.3333 0,5729 0,4750 64 >0.01  

8>13 H
I
 0.3333 0,3620 0,4596 64 >0.01  

8>14 T 0.3333 0,0651 0,2442 64 >0.01  

9>12 R 0.3333 0,7300 0,4343 171 >0.01  

9>13 R 0.3333 0,1823 0,3745 171 >0.01  

9>14 R 0.3333 0,0877 0,2785 171 >0.01  

* All results based on t-test with a = 0.99 
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Table 28: Results Chat DS III - positive sub network (DMA 2) 

Transition Effect Exp.% AVG% SD N P T 

2>3 R 0.2 0,8108 0,2140 1425 >0.01  

2>4 H
O
 0.2 0,0592 0,1050 1425 >0.01  

2>5 H
I
 0.2 0,0467 0,1101 1425 >0.01  

2>6 CC 0.4 0,0833 0,1303 1425 >0.01  

3>7 H
I
 0.5 0,4268 0,1720 1295 >0.01  

3>8 H
O
 0.5 0,5732 0,1720 1295 >0.01  

4>8 R 0.5 0,8985 0,1626 1230 >0.01  

4>9 T 0.5 0,1015 0,1626 1230 >0.01  

5>7 R 0.5 0,8661 0,1723 1197 >0.01  

5>9 T 0.5 0,1339 0,1723 1197 >0.01  

6>7 R 0.25 0,4357 0,2032 1242 >0.01  

6>8 R 0.25 0,4759 0,2091 1242 >0.01  

6>9 T 0.25 0,0550 0,0928 1242 >0.01  

6>10 CC 0.25 0,0334 0,0753 1242 >0.01  

7>11 R 0.3333 0,7891 0,1901 1194 >0.01  

7>12 H
O
,T 0.3333 0,1077 0,1330 1194 >0.01  

7>14 T 0.3333 0,1033 0,1442 1194 >0.01  

8>11 R 0.3333 0,7858 0,1939 1193 >0.01  

8>13 H
I
 0.3333 0,1289 0,1604 1193 >0.01  

8>14 T 0.3333 0,0853 0,1183 1193 >0.01  

9>12 R 0.3333 0,3311 0,2598 967 >0.01  

9>13 R 0.3333 0,3914 0,2738 967 >0.01  

9>14 R 0.3333 0,2776 0,2468 967 >0.01  

* All results based on t-test with a = 0.99 
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Table 29: Results Chat DS III - negative sub network (DMA 2) 

Transition Effect Exp.% AVG% SD N P T 

2>3 R 0.2 0,7932 0,2290 1366 >0.01  

2>4 H
O
 0.2 0,0735 0,1340 1366 >0.01  

2>5 H
I
 0.2 0,0450 0,1018 1366 >0.01  

2>6 CC 0.4 0,0883 0,1294 1366 >0.01  

3>7 H
I
 0.5 0,4026 0,1892 1190 >0.01  

3>8 H
O
 0.5 0,5974 0,1892 1190 >0.01  

4>8 R 0.5 0,8899 0,1767 1122 >0.01  

4>9 T 0.5 0,1101 0,1767 1122 >0.01  

5>7 R 0.5 0,8507 0,1969 1079 >0.01  

5>9 T 0.5 0,1493 0,1969 1079 >0.01  

6>7 R 0.25 0,4068 0,2299 1156 >0.01  

6>8 R 0.25 0,4824 0,2328 1156 >0.01  

6>9 T 0.25 0,0640 0,1169 1156 >0.01  

6>10 CC 0.25 0,0467 0,1064 1156 >0.01  

7>11 R 0.3333 0,7568 0,2160 1029 >0.01  

7>12 H
O
,T 0.3333 0,1215 0,1537 1029 >0.01  

7>14 T 0.3333 0,1217 0,1659 1029 >0.01  

8>11 R 0.3333 0,7414 0,2286 1036 >0.01  

8>13 H
I
 0.3333 0,1516 0,1885 1036 >0.01  

8>14 T 0.3333 0,1071 0,1458 1036 >0.01  

9>12 R 0.3333 0,3092 0,2785 838 >0.01  

9>13 R 0.3333 0,3899 0,3015 838 >0.01  

9>14 R 0.3333 0,3010 0,2728 838 >0.01  

* All results based on t-test with a = 0.99 
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Table 30: Results Micro-blogging DS IV - positive sub network (DMA 2) 

Transition Effect Exp.% AVG% SD N P T 

2>3 R 0.2 0.1341 0.2243 502 >0.01  

2>4 H
O
 0.2 0.0672 0.1454 502 >0.01  

2>5 H
I
 0.2 0.7781 0.2931 502 >0.01  

2>6 CC 0.4 0.0206 0.0487 502 >0.01  

3>7 H
I
 0.5 0.3720 0.4059 110 >0.01  

3>8 H
O
 0.5 0.6280 0.4059 110 >0.01  

4>8 R 0.5 0.6586 0.4471 123 >0.01  

4>9 T 0.5 0.3414 0.4471 123 >0.01  

5>7 R 0.5 0.5196 0.4802 113 >0.01  

5>9 T 0.5 0.4804 0.4802 113 >0.01  

6>7 R 0.25 0.1894 0.3241 121 >0.01  

6>8 R 0.25 0.5105 0.4538 121 >0.01  

6>9 T 0.25 0.2760 0.4166 121 >0.01  

6>10 CC 0.25 0.0241 0.1384 121 >0.01  

7>11 R 0.3333 0.7136 0.4267 11 >0.01  

7>12 H
O
,T 0.3333 0.0409 0.0917 11 >0.01  

7>14 T 0.3333 0.2455 0.4034 11 >0.01  

8>11 R 0.3333 0.5182 0.4757 22 >0.01  

8>13 H
I
 0.3333 0.4727 0.4753 22 >0.01  

8>14 T 0.3333 0.0091 0.0426 22 >0.01  

9>12 R 0.3333 0.2143 0.3780 14 >0.01  

9>13 R 0.3333 0.7321 0.4436 14 >0.01  

9>14 R 0.3333 0.0536 0.1447 14 >0.01  

* All results based on t-test with a = 0.99 
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Table 31: Results Micro-blogging DS IV - negative sub network (DMA 2) 

Transition Effect Exp.% AVG% SD N P T 

2>3 R 0.2 0.0605 0.2219 468 >0.01  

2>4 H
O
 0.2 0.1378 0.2374 468 >0.01  

2>5 H
I
 0.2 0.7678 0.3284 468 >0.01  

2>6 CC 0.4 0.0339 0.1140 468 >0.01  

3>7 H
I
 0.5 0.3167 0.4595 10 >0.01  

3>8 H
O
 0.5 0.6833 0.4595 10 >0.01  

4>8 R 0.5 0.7692 0.4385 13 >0.01  

4>9 T 0.5 0.2308 0.4385 13 >0.01  

5>7 R 0.5 0.7143 0.4880 7 >0.01  

5>9 T 0.5 0.2857 0.4880 7 >0.01  

6>7 R 0.25 0.3939 0.4364 11 >0.01  

6>8 R 0.25 0.5152 0.4500 11 >0.01  

6>9 T 0.25 0.0909 0.3015 11 >0.01  

6>10 CC 0.25 0.0000 0.0000 11 >0.01  

7>11 R 0.3333 - - 0 >0.01  

7>12 H
O
,T 0.3333 - - 0 >0.01  

7>14 T 0.3333 - - 0 >0.01  

8>11 R 0.3333 - - 2 >0.01  

8>13 H
I
 0.3333 - - 2 >0.01  

8>14 T 0.3333 - - 2 >0.01  

9>12 R 0.3333 - - 2 >0.01  

9>13 R 0.3333 - - 2 >0.01  

9>14 R 0.3333 - - 2 >0.01  

* All results based on t-test with a = 0.99 
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Table 32: Results Newsgroup DS V - positive sub network (DMA 2) 

Transition Effect Exp.% AVG% SD N P T 

2>3 R 0.2 0,3395 0,4268 453 >0.01  

2>4 H
O
 0.2 0,2370 0,2848 453 >0.01  

2>5 H
I
 0.2 0,1642 0,2452 453 >0.01  

2>6 CC 0.4 0,2593 0,2996 453 >0.01  

3>7 H
I
 0.5 0,4348 0,3845 124 >0.01  

3>8 H
O
 0.5 0,5652 0,3845 124 >0.01  

4>8 R 0.5 0,8167 0,3238 105 >0.01  

4>9 T 0.5 0,1833 0,3238 105 >0.01  

5>7 R 0.5 0,6234 0,4243 98 >0.01  

5>9 T 0.5 0,3766 0,4243 98 >0.01  

6>7 R 0.25 0,3138 0,3882 129 >0.01  

6>8 R 0.25 0,4500 0,3999 129 >0.01  

6>9 T 0.25 0,1669 0,3054 129 >0.01  

6>10 CC 0.25 0,0693 0,1819 129 >0.01  

7>11 R 0.3333 0,5079 0,4571 37 >0.01  

7>12 H
O
,T 0.3333 0,2597 0,4165 37 >0.01  

7>14 T 0.3333 0,2325 0,3813 37 >0.01  

8>11 R 0.3333 0,5092 0,4060 36 >0.01  

8>13 H
I
 0.3333 0,1991 0,2815 36 >0.01  

8>14 T 0.3333 0,2917 0,3700 36 >0.01  

9>12 R 0.3333 0,1496 0,3246 26 >0.01  

9>13 R 0.3333 0,5721 0,4153 26 >0.01  

9>14 R 0.3333 0,2783 0,3779 26 >0.01  

* All results based on t-test with a = 0.99 
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Table 33: Results Newsgroup DS V - negative sub network (DMA 2) 

Transition Effect Exp.% AVG% SD N P T 

2>3 R 0.2 0,7131 0,2867 621 >0.01  

2>4 H
O
 0.2 0,0782 0,1349 621 >0.01  

2>5 H
I
 0.2 0,0715 0,1285 621 >0.01  

2>6 CC 0.4 0,1372 0,2086 621 >0.01  

3>7 H
I
 0.5 0,4814 0,1848 506 >0.01  

3>8 H
O
 0.5 0,5186 0,1848 506 >0.01  

4>8 R 0.5 0,8844 0,1465 488 >0.01  

4>9 T 0.5 0,1156 0,1465 488 >0.01  

5>7 R 0.5 0,8160 0,1745 475 >0.01  

5>9 T 0.5 0,1840 0,1745 475 >0.01  

6>7 R 0.25 0,4052 0,2088 505 >0.01  

6>8 R 0.25 0,4556 0,2076 505 >0.01  

6>9 T 0.25 0,0789 0,1069 505 >0.01  

6>10 CC 0.25 0,0602 0,1233 505 >0.01  

7>11 R 0.3333 0,7362 0,1995 456 >0.01  

7>12 H
O
,T 0.3333 0,1319 0,1476 456 >0.01  

7>14 T 0.3333 0,1319 0,1416 456 >0.01  

8>11 R 0.3333 0,7433 0,1998 449 >0.01  

8>13 H
I
 0.3333 0,1494 0,1565 449 >0.01  

8>14 T 0.3333 0,1073 0,1356 449 >0.01  

9>12 R 0.3333 0,2685 0,2334 396 >0.01  

9>13 R 0.3333 0,4242 0,2556 396 >0.01  

9>14 R 0.3333 0,3072 0,2398 396 >0.01  

* All results based on t-test with a = 0.99 
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