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Abstract

The use of people analytics and social network analysis have grown in popularity in recent years
as a way of gaining insights into organizational behavior. Social network analysis can be useful in
people analytics the context because it can help identify key influencers and leaders within a group,
as well as reveal patterns of communication and collaboration. Understanding these patterns,
organizations can make informed decisions about how to structure and manage their teams and how
best to support employee development. Social network analysis also helps people analytics to identify
potential sources of conflict within an organization and bottlenecks in the flow of information, which

in turn can aid in improving communication and productivity.

There is, however, still much to learn about the potential of social network analysis in a people
analytics context. This thesis aims to contribute to this knowledge by examining the potential of
using people analytics in conjunction with social network analysis as a way to understand and analyze
relational data better, particularly communication and interaction data. To guide this investigation,
the thesis begins with a narrative review of the theories and concepts that form the foundations of
social network analysis, organizational network analysis, and people analytics, the overarching topic
of this dissertation. This review underlies the development of a taxonomy for categorizing social
network analysis studies in work-related contexts. The research conducted as part of this thesis is
structured around one main research question and four subordinate research questions, all of which
focus the understanding and application of social network analysis in a people analytics context. The
findings from this research are presented in the six papers, which together form the core of the

dissertation.
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German Summary
(Zusammenfassung)

Die vorliegende Arbeit befasst sich mit der Analyse von personenbezogenen Daten im Kontext
von People Analytics. Dabei wird insbesondere den Kommunikations- und Interaktionsdaten von
Mitarbeitenden Beachtung geschenkt. Im Mittelpunkt stehen Erkenntnisse, die durch Methoden der
Netzwerkanalyse sowohl in interpersonellen als auch in interorganisationalen Netzwerken erlangt
werden. In einem einleitenden Rahmenpapier beleuchte ich die theoretischen Grundlagen der
Netzwerkanalyse, deren Anwendung in Organisationen und ihre Bedeutung in People Analytics.
Weiterhin wird eine umfassende Literaturiibersicht genutzt, um traditionelle Analyseansétze
personenbezogener Daten mit relationalen Analysen in Unternehmen zu vergleichen. Die aktuellen
relationalen Analysen in Unternehmen unterscheiden sich vor allem durch die zunehmenden
Datenmengen (z.B. Kommunikationsdaten von Mitarbeitenden) und die jiingsten technologischen
Fortschritte bei Analysemethoden und -verfahren (z.B. maschinelles Lernen und neuronale Netze).
Aus diesem Vergleich und seinen Auswirkungen auf die Anwendung von Methoden und Theorien der

Netzwerkanalyse leitet sich die zentrale Forschungsfrage der vorliegenden Arbeit ab:

Welchen Stellenwert hat die Analyse interpersoneller und interorganisationaler Netzwerke in People

Analytics und welche Methoden haben einen entscheidungsunterstitzenden Wert?

In diesem Rahmenpapier werden die Besonderheiten von People Analytics ndher betrachtet und
vor allem im Zusammenhang mit Methoden und Theorien der Netzwerkanalyse dargestellt, die eine
zentrale Rolle in der interdisziplindren Forschung in Arbeitskontexten spielen. Auf der Grundlage

dieser Untersuchung werden vier Unterforschungsfragen formuliert:
(1) Welche Rolle spielt die Analyse sozialer Netzwerke im Projektmanagement?

(2) Welche negativen und positiven Konsequenzen hat Mitarbeiterfluktuation fiir

Mitarbeitende und Unternehmen?

12



(3) Welchen  Erkenntnisgewinn  haben  Analysen  von  interpersonalen  und
interorganisationalen Netzwerken auf Basis von Mitarbeiterfluktuationen fiir People

Analytics?

(4) Wie konnen Interaktions- und Kommunikationsdaten genutzt werden, um Vorhersagen

iber unternehmensrelevante Verhaltensmuster der Mitarbeitenden zu treffen?

Die Antworten auf diese Forschungsfragen prasentiere ich in sechs wissenschaftlichen Artikeln
innerhalb dieser Dissertation. Im Rahmenpapier wird eine iibergeordnete Taxonomie présentiert, die
die individuellen Beitrdge den verschiedenen Kontexten der Analyse sozialer Netzwerke und People
Analytics zuordnet. Zwei der sechs Artikel sind Literaturanalysen. Eine Literaturanalyse befasst sich
mit der Identifikation von positiven und negativen Auswirkungen von Mitarbeiterfluktuation auf
Mitarbeitende und Unternehmen. Die zweite Literaturanalyse stellt den aktuellen Forschungsstand
der Anwendung der Analyse sozialer Netzwerke im organisationalen Kontext des
Projektmanagements dar. Die verbleibenden vier Artikel sind anwendungsbezogene Studien, wobei
zwei sich mit der Analyse von interorganisationalen und interpersonellen Netzwerken befasst, die auf
Basis von Mitarbeiterfluktuations-Daten erstellt werden und die anderen beiden Studien sich auf die
Vorhersage von unternehmensrelevanten Verhaltensmustern (u.a. Mitarbeiterfluktuation)

konzentrieren.

Artikel I, der sich auf die erste Forschungsfrage bezieht, bietet mittels einer systematischen
Literaturanalyse Einblick in den aktuellen Stand der Forschung und Anwendung der
Netzwerkanalyse innerhalb von Unternehmen mit dem Fokus des Projektmanagements. Eine zentrale
Erkenntnis der Studie ist, dass die Netzwerkanalyse in organisationalen Kontexten zur Identifizierung
von Schwéchen in der Kommunikation und Interaktion in Projektteams und zur Leistungsbeurteilung
von Mitarbeitenden hilfreich sein kann und die Urspriinge negativer verhaltensbasierter

Konsequenzen identifizieren kann.

Die Artikel II entféllt auf die zweite Forschungsfrage. Artikel II befasst sich mit den kognitiven,
verhaltens- und leistungsorientierten Konsequenzen von Mitarbeiterfluktuationen und untersucht den
aktuellen Forschungsstand zu diesem Thema. Eine Erkenntnis dieser Studie ist, dass es einen Mangel

an Forschung zu positiven Konsequenzen von Mitarbeiterfluktuation auf die ehemaligen
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Arbeitgeber /-innen und Kollegen /Kolleginnen als auch das Fehlen von Forschungsaktivitidten zu
negativen Konsequenzen bei dem/r neuen Arbeitgeber/-in gibt. Die Studie gibt Anwendungshinweise
und Forschungsrichtungen fiir zukiinftige People Analytics Studien auf, sowohl in Bezug auf die

bestehenden Forschungsliicken als auch die untersuchten Aspekte in der Literatur.

Artikel IIT und IV beantworten die dritte Forschungsfrage. Artikel III untersucht mittels eines
Mixed-Method-Ansatzes die Einfliisse von Sozialkapital von Unternehmensgriindern auf den
Unternehmenserfolg. Im qualitativen ersten Teil dieser Mixed-Methods-Studie zeigen 17
Experteninterviews, dass das Sozialkapital von Unternehmensgriindern als entscheidender Faktor fiir
die Entwicklung des Geschéftsmodells und letztlich fiir den Erfolg ihrer Startups angesehen werden.
Im quantitativen zweiten Teil der Studie wird diese Behauptung auf der Grundlage einer Analyse
der Mitarbeiterfluktuationen von 70 Internet-Startups und ihren 145 Griindern iiberpriift. Die Studie
zeigt starke Belege fiir die entscheidende Bedeutung des Sozialkapitals der Griinder/-innen fiir den
Erfolg von Internet-Startups auf. Artikel IV présentiert ein Verfahren zur Erstellung von
Industrieklassifikationen auf Basis von Mitarbeiterfluktuationen. In der vorgestellten Studie werden
Community-Detection-Verfahren der Netzwerkanalyse auf einem gesammelten Datensatz
angewendet, der interorganisationale Mitarbeiterfluktuationen dokumentiert, um Unternehmen
geméft des Verhaltens ihrer Mitarbeitenden, das durch Personaldaten abgebildet wird, zu
klassifizieren. Der Beitrag demonstriert nicht nur das Potential des Verfahrens und ordnet es ein,

sondern bietet auch empirische Einblicke in die Struktur der IT-Branche.

Artikel V und VI entfallen auf die vierte Forschungsfrage, die sich mit der Vorhersagekraft von
neuartigen methodischen Ansétzen der Analyse sozialer Netzwerke befasst. Artikel V adressiert die
Forderung nach innovativen Methoden zum préadiktiven und préskriptiven People Analytics. Die
bisherigen Ansétze zur u.a. Vorhersage von Mitarbeiterfluktuationen durch klassische statistische
Methoden ist nur gering bis méafkig. Um dieses Manko zu beheben, fithren wir ein Deep-Learning-
Experiment zur Vorhersage der Mitarbeiterfluktuation eines international agierenden
Beratungsunternehmens durch. Basierend auf einem einzigartigen Datensatz, der eine 12-monatige
Zeitreihe der E-Mail-Kommunikation von 3952 Managern enthélt, zeigen wir, dass neuronale
Netzwerke auf Basis von Metriken der Netzwerkanalyse das Potential haben, klassische

Vorhersagemodelle zu iibertreffen. Artikel VI fiihrt ein neues Mafk namens FEntanglement zur Analyse
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sozialer Netzwerke ein. Entanglement ist eine neuartige Metrik zur Messung der Synchronitdt der
Kommunikation zwischen Teammitgliedern. Dieses Maf berechnet die euklidische Distanz zwischen
den Zeitreihen ausgewéhlter Zentralitdtsmetriken der Teammitglieder. Wir validieren die Metrik in
der Studie anhand von vier Fallstudien. Die erste Fallstudie verwendet die Vernetzung von 11
medizinischen Innovationsteams, um die Teamleistung und das Lernverhalten der Teammitgliedern
vorherzusagen. In der zweiten Fallstudie wird die E-Mail-Kommunikation von 113 Fiihrungskréiften
eines internationalen Dienstleistungsunternehmens untersucht, um die Mitarbeiterfluktuation
aufgrund mangelnder Vernetzung im Kommunikationsnetzwerk vorherzusagen. In der dritten
Fallstudie wird die individuelle Mitarbeiterleistung von 81 Managern analysiert. Im Rahmen der
vierten Fallstudie sagen wir die Leistung von 13 kundenorientierten Teams in einem grofien
internationalen Unternehmen voraus, indem wir die Vernetzung durch E-Mail-Interaktion mit der
Zufriedenheit ihrer Kunden/Kundinnen vergleichen, die anhand des Net Promoter Score gemessen
wird. Studie VI stellt fest, dass es sich bei der vorgeschlagenen Metrik um einen neuen und vielseitigen
Indikator fiir People Analytics handelt, der die bisher wenig genutzte zeitliche bzw. dynamische
Dimension organisationaler Netzwerke analysiert und als leistungsfahiger Pradiktor fiir Mitarbeiter-

und Teamleistung, Mitarbeiterfluktuation und Kundenzufriedenheit eingesetzt werden kénnte.

Von den in der Dissertation zusammengefassten Artikeln wurden vier Artikel (I, II, III, VI) in
einschldgigen Journalen (International Journal of Software Engineering and Knowledge Engineering,
ACM SIGMIS Database, Information Systems Journal und Social Networks) veroffentlicht. Artikel
IV wurde in einem Tagungsband (Proceedings of the Academy of Management (AOM) Annual
Meeting) und Artikel V in einem Sammelband (Springer Series: Studies on FEntrepreneurship,

Structural Change and Industrial Dynamics) veroffentlicht.
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Introduction



Over the past few decades, there has been a considerable increase in interdisciplinary research
attention to employee behavior that uses data from human resources information systems and other
digital work-related data sources such as email archives or communication platforms in general. There
have been a significant number of applications within organizations themselves. The growing volume and
pervasiveness of employee-related data is one of the main reasons behind this phenomenon. Interaction
and communication data, which can indicate the work performance of employees and thus of organizations
as a whole, have been a significant part of these data. A survey conducted by McKinsey & Company
(2012) found that employees spend 28% of their workweek, on average, reading, writing, and responding

to emails, which gives a sense of how much communication data is generated in organizations each day.

The analysis of interaction and communication data raises expectations about the technology and
methodologies needed. While technological barriers (e.g., missing analytical power) can be solved by
increased investments in information technology, matching methodologies must be tailored to the

analytical goals of the organization and its data analysts.

Social network analysis is a set of theories and methods (Borgatti & Halgin, 2011) that provides an
appropriate toolbox that can be tailored for analyzing communication and interaction among individuals
and groups. Its procedures (mathematical and graphical techniques) use indications of relatedness among

entities to represent social structures in a compact and systematic manner (Butts, 2009).

Organizational network analysis is an application of social network analysis in work-related contexts.
It comprises a set of theories and methods for mapping and measuring relationships between employees,
teams, and organizations with the resources, knowledge, and tasks used to perform work (Borgatti &
Foster, 2003). It draws upon theories of organizational theory and network theory (Borgatti & Halgin,
2011) to produce models representing complex interpersonal and interorganizational interactions that
would be impossible to describe without relational concepts. The resulting insights can help managers
understand critical performance factors such as how information diffuses among individuals and influences
the speed, quality, and accuracy of organizational decisions (Galbraith, 1974). Further, these insights
can reveal where resources are inadequate for employees to perform their work. Thus, social network
analysis and organizational network analysis can support planning for and justifying the allocation of
resources and aid decisionmaking by revealing links between information networks and process

performance.
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People analytics, also known as human resources analytics, is a data-driven approach to managing
people and processes in organizations that supports decisionmaking (Marler & Boudreau, 2017). It
involves the use of human resources data, especially employee demographic data (work history, gender,
tenure, etc.), and analytics to understand and predict the behavior and performance of employees. People
analytics is seen as the key component of many organizations’ human resources strategies, with the use
of data and analytics playing a critical role in driving business decisions and improving the employee

experience.

Some companies have implemented people analytics and have used it for operational reporting and
decision making, but many others still struggle to do so. Those that have focused on people analytics
have often found it difficult to transition from basic reporting to more advanced statistical analysis and
the identification of causal dimensions as a way to deliver actionable solutions (Minbaeva, 2017;
Schiemann et al., 2018). Here is where social network analysis can help people analytics by providing a
theoretical lens and methods to analyze and understand the human resources data from a relational
perspective (Leonardi & Contractor, 2018). For example, communication and interaction data could be
analyzed to identify key influencers within an organization, study the impact of communication network
structures on team performance, or examine the impact of social network positions on individual career
outcomes (Cross & Parker, 2004; Kilduff & Tsai, 2003). There is an extensive and rapidly growing body
of scientific literature on the application of social network analysis in organizational contexts (Borgatti &
Foster, 2003; Brass, 2003, 2022; H. Chen et al., 2022), as well as case studies of real-world applications in

organizations (e.g., Deloitte, 2020).

Thus, the goal of this thesis is to provide an overview of the role of social network analysis in people
analytics and explore how social network analysis can be used to improve the predictive power of people
analytics. Further, it discusses and provides various analytical approaches that are rooted in social

network analysis.

This work poses the four main research question:

(1) What role does social network analysis play in managing projects?

(2) What are the potential positive and negative consequences of employee turnover for employees

and companies?

18



(3) How can social network analysis be applied to assess the consequences of employee turnover for

interpersonal and interorganizational networks relevant for people analytics?

(4) How can social network analysis be applied to predict company-relevant employee behavior

patterns for people analytics?

Each of the six research papers presented herein contribute in some way to these four questions. Two
of the papers are literature reviews and four are applications of social network analysis in a people

analytics context.

This thesis is structured as follows: The next section provides a theoretical overview on social network
analysis and its application within organizations. It is followed by a section dedicated to background on
people analytics. Based on this theoretical background, I create a classification framework aimed at
categorizing the six papers comprising this thesis, show their similarities and differences with respect to
diverse constructs of social network analysis and people analytics. The framework section is followed by
a discussion of how the papers contribute to the four research questions of this thesis, based on the
classification framework. The limitations of this research are discussed, and the dissertation concludes

with a summary of the contributions. The papers comprise the Appendix.

19



Theoretical Foundations

20



This section explores the topic of social network analysis and its application in analyzing social
relationships and networks in organizations. It also delves into the concept of people analytics, discussing
its origins and role in human resources management. Specifically, it examines how social network analysis
can be utilized in people analytics to optimize human resources practices and enhance an organization’s

overall performance and success.

Social Network Analysis

The field of social network analysis has a long and rich history, with roots dating back to Georg Simmel’s
concept of the intersection of social circles in the early 1900s (Simmel, 1908). One of the earliest and most
influential pioneers of modern social network analysis (Freeman, 2004) was sociologist Jacob Moreno, who
developed a methodology called sociometry for studying the patterns of social interactions and
relationships within groups (Moreno, 1937). Moreno’s work laid the foundation for many of the theories,
concepts, and techniques that are now central to social network analysis, including the use of graphs and
matrices to represent social networks and the analysis of centrality (Carrington et al., 2005; Freeman,

1977), as well as the relative importance of individuals within a network.

Social network analysis continued to evolve as more researchers began to use it to study social interactions
in a variety of contexts. Two notable examples of the application of social network analysis are the studies
of sociologist Mark Granovetter and Ronald S. Burt. Granovetter’s theory on the strength of weak ties
(1973)— the importance of more distant connections in social networks—has become a foundation of
social network analysis. Similarly, Burt’s introduction of the theory of structural holes (1992)—gaps
between individuals who have complementary sources of information—has also become a crucial theory

within the field.

The theoretical origins of social network analysis focus on the role of social networks in interpersonal
relationships and social structures and can be used to understand the mechanisms that shape the beliefs
and behaviors of individuals, groups, and organizations (Kilduff & Tsai, 2003). This includes small and
large groups, departments within an organization, and the organization as a whole (Borgatti & Foster,
2003). By mapping and analyzing the relationships between people, researchers can study group dynamics
(Borgo, 2006; Gloor et al., 2012; Hasan, 2012) and how individuals leverage their connections to achieve
desired outcomes (Coleman, 1988; Corredoira & Rosenkopf, 2010). The validity of the theoretical
foundation is often assessed through the use of social network analysis (Howison et al., 2011).
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Social network analysis is a multifaceted field that encompasses a wide range of methods and techniques
(Carrington et al., 2005; Howison et al., 2011) and has been applied in various domains (Borgatti et al.,
2009; Girvan & Newman, 2002; Lazer et al., 2009; Oinas-Kukkonen et al., 2010). The fundamental method
of social network analysis is to model social relationships and interactions between individuals as graphs
comprised of nodes representing individual actors and edges representing their relationships (Butts, 2009).
Social network analysis has multiple objectives, including understanding the structure and patterns of
relationships within the network (Barabasi, 2002), examining the impact of social relationships on
individual behavior and outcomes (Granovetter, 1973), analyzing the flow of information and resources
within the network (Burt, 1997), predicting future events and outcomes based on network structures
(Lazer et al., 2009), identifying key drivers of social change within the network (Moody & White, 2003),
evaluating the effectiveness of interventions and strategies aimed at modifying the network (Centola &
Macy, 2007), and developing strategies for managing and optimizing the network to achieve specific goals

(Kleinberg, 2000).

As mentioned above, social network analysis can be applied in organizational studies. This application of
social network analysis is specified as organizational network analysis. In organizational network analysis,
researchers use network theory and organizational behavior theory and apply social network analysis
methods to understand the relationships between employees (Brass, 1981), organizations (Burt, 1992),
and other non-human elements within an organization and to investigate their effects on organizational

outcomes such as job attitudes and performance (Raz et al., 2007; Uzzi, 1996).

An organizational network is a system of informal cooperation between multiple interdependent actors,
which is established through the division of labor and the creation of value through synergy. The
functioning of an organization is based primarily on interactions and the exchange of knowledge and
information between people working together (Nonaka, 1994). These interactions create relationships, and
the form and intensity of these relationships shape micro-level and macro-level networks within the
organization (Granovetter, 1973; Mead, 1934). Micro-level networks (often called interpersonal or
intraorganizational networks) focus on relationships between employees with specific attributes (e.g., years
of tenure) or memberships (e.g., team or department), whereas macro-level networks (or
interorganizational networks) mainly concern relations between organizations (Galaskiewicz &

Wasserman, 1994).
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The internal dynamics of an organization also influence the network structure of relationships between
its elements (H. Chen et al., 2022). Organizations, teams, and even individual employees are in a constant
state of flow. The flow of information, knowledge, resources, and tasks is inherently dynamic and provides
valuable insights into the patterns of interactions between people and departments in the organization.
This understanding is what shifted the research focus from the analysis of network structure to an
increasing exploration of network dynamics (Brass, 2022; H. Chen et al., 2022). Network dynamics
examine networks whether the ties are relational states (e.g., collegiality) or events (e.g., sent messages)
that occur over relatively short time scales (Borgatti & Halgin, 2011). Examples of events that have been
studied in micro-level networks include physical interactions between people tracked by sociometric

badges (Fischbach et al., 2008) and emails exchanged between several employees (e.g., Gloor et al., 2014).

Studies that focus on events often aim to understand their sequence and timing and how they relate to
the flow of information between individuals or organizations (Borgatti & Halgin, 2011). Event-based data
are a valuable source of information because they allow for tracking and analyzing specific events or
actions that have occurred within the organization (H. Chen et al., 2022). By analyzing these data over
time, organizations can gain insights into how their processes are functioning and identify areas for
improvement. Time-stamped event data, for instance, can be particularly useful in understanding how
communication patterns within an organization change over time (H. Chen et al., 2022). This can help
organizations understand the effectiveness of their communication channels and identify potential
bottlenecks or inefficiencies in their processes (Scott, 2000). Event-based data can also be useful in
identifying trends or patterns that may not be immediately obvious from other types of data (H. Chen et
al., 2022). At the macro-level, such patterns can have a structural and temporal nature (Kitts et al.,
2017). As mentioned above, gaining insights about performance and efficacy of employees and behavioral

patterns are very important topics of organizational network analysis.

The relationship between performance and network has been studied quite extensively. The study of
organizational performance on a micro level is an important application of network analysis (Borgatti &
Foster, 2003). By analyzing communication patterns within an organization, it is possible to identify key
influencers and decisionmakers and understand how information flows through the organization (Barabési,
2002). Sparrowe et al. (2001) found that individuals who were central in their workgroups’ advice networks
had higher levels of both in-role and extra-role performance compared to those who were not central in

such networks. Conversely, those who were central in a hindrance network, which is a network of
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relationships with colleagues who impede task behaviors, had lower levels of performance in both their
assigned duties and additional responsibilities (Sparrowe et al., 2001). These results suggest that being
central in a group’s advice-sharing network is associated with more positive evaluations of individual

performance (Sparrowe et al., 2001).

The study by Soda et al. (2021) suggests that the ability of individuals to benefit from their network in
terms of creative performance is influenced by the network’s dynamic nature. Specifically, the study found
that the positive effect of structural holes on individual creativity was greater when the network structure
was dynamic, with the addition of new ties over time (Soda et al., 2021). This suggests that maintaining
a dynamic network structure, with the incorporation of new connections and relationships, can be
beneficial for individual creativity (Soda et al., 2021). Conversely, when the network structure becomes
more static, with fewer changes in the ties that make up the structural holes, the benefits of these
structural holes for creativity may disappear as a result of the increased inflexibility in thinking and

coordinating (Soda et al., 2021).

Performance has been studied at a macro level in the context of patent ownership in the semiconductor
industry (Podolny et al., 1996), pricing strategies (Podolny, 1993), and power relations (Baker, 1992) of
investment banks and alliances (Chellappa & Saraf, 2010; Goerzen, 2007). Chellappa & Saraf (2010)
suggest that a firm’s relative structural position within its alliance network can be used as a proxy for its
standards dominance and can be indicative of its performance. Rather than using structural measures
designed for interpersonal networks, they propose a measure of relative firm prominence specifically for
the business software network, where the benefits of alliances may still be obtained even through weakened

indirect connections (Chellappa & Saraf, 2010).

At the micro level, the consequences that derive from behaviors have been studied. This includes employee
turnover, a critical behavior that can have serious impacts on individuals and organizations (Staw, 1980;
Zylka & Fischbach, 2017). In recent years, researchers have been interested in studying employee turnover
from a relational perspective (Holtom et al., 2008), taking into account not only individual factors, but
also organizational, environmental, and economic factors. There has also been growing interest in the role
of employee social relationships in predicting employee turnover. This is based on the idea that having
strong social connections at work (also known as social capital) can improve job satisfaction and reduce

turnover (Gloor et al., 2017). For example, a study by Krackhardt and Porter (1986) found that turnover
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at a fast-food restaurant was related to groups of employees who had similar structural positions and
communicated more with each other. Woehler et al. (2021) examined the impact of corporate mergers on
employee personal networks and turnover intentions, using a combination of survey data and email
communication data to analyze the behavior of employees at two firms before and after their merger.
They found that employees who increased the number of connections they had with individuals from the
other company during the merger process were less likely to leave the firm (Woehler et al., 2021); the
researchers attributed this to the fact that these employees were able to gain valuable information and
support from their connections in the other company, which helped them adjust to the changes brought

about by the merger.

In macro-level network studies, researchers have been interested in corporate behavior such as rivalry and
competitive actions (Hofer et al., 2022; Porac et al., 1995) and collaborations (Park et al., 2011). However,
many macro-level studies link behaviors such as competitive actions to performance and do not focus on

the actual behavior (e.g., Hofer et al., 2022).

Over the years, a wide range of measures have been developed to study how the patterns of connections
among individuals and groups in a social network can affect various outcomes such as performance and
behavior. These measures, often referred to as structural measures, describe the structure or configuration
of relationships within a network. Structural measures can be further divided into point measures, which
describe an individual’s position within a network, and whole network measures, which describe the
configuration of the entire network or a subnetwork within it (Brass, 2022). Point measures of centrality,
for example, can be used to quantify an individual’s importance within a network in terms of that
individual’s number of connections (degree centrality), the proximity of their connections to other
individuals in the network (closeness centrality), and their ability to connect other individuals in the

network through the shortest paths between them (betweenness centrality) (Brass, 2022; Freeman, 1977).

Studying the presence and size of structural holes can provide insights into how information flows within
an organization (Burt, 1992). Density, as a whole network measure, reflects the extent to which individuals
or groups in a network are connected. A dense network is one in which most individuals are connected to

each other, while a sparse network is one in which there are fewer connections (Scott, 2000).
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Clustering coefficient reflects the extent to which individuals or groups in a network tend to cluster
together (Watts & Strogatz, 1998). A high clustering coefficient indicates that individuals are more likely

to be connected to each other through multiple pathways.

Assortativity reflects the extent to which individuals or groups in a network tend to be connected to
others who are similar to them (Newman, 2002). For example, employees with similar job titles or

departments may be more likely to be connected to each other.

The section that follows first presents the roots of people analytics and then explains subsequently how
social network analysis is related to people analytics and can provide novel analytical approaches to

people analytics by using the various measures and concepts spelled out above.

People Analytics

People analytics is a data-driven approach to managing people at work. Business leaders can make
decisions about their employees based on extensive analysis of data rather than using the traditional

methods of personal relationships, decisionmaking based on experience, and risk avoidance.

The development of people analytics can be traced back to the 1960s, when the research stream of
organizational behavior studies began to emerge (Argyris, 1960). Researchers and practitioners began to
explore the use of data and analytics to understand the relationship between the formal structure of an
organization and individual employee behavior (Argyris, 1960) and factors that drive organizational
performance (Etzioni, 1960). This included the use of statistical analysis, survey research, and other
methods to collect and analyze data on employee attitudes, behaviors, and outcomes (Argyris, 1960;
Presthus, 1962). Later, the field of analytics in human resources management continued to evolve, with
a focus on using data and analytics to support decisionmaking in human resources departments
(DeSanctis, 1986). Human resources information systems and other technologies allowed organizations to
collect and analyze data on employee demographics, performance, and other factors (Tannenbaum, 1990).
The rise of “Big Data” and advances in analytics technologies such as machine learning and artificial
intelligence have further expanded people analytics, but have also added complexity to the data analysis
(Angrave et al., 2016). Organizations have since begun to use data and analytics to support a wider range
of human resources functions, including recruitment (Laumer et al., 2022), workforce planning, and

employee engagement (Isson & Harriott, 2016).
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Organizations are using people analytics to gain a competitive advantage by defining metrics for human
capital investment, analyzing data and considering potential scenarios for future workforce needs, and
improving talent retention (Isson & Harriott, 2016). This is known as human resources analytics in the
academic literature (Marler & Boudreau, 2017). Research has shown that there are complementarities
between information technology, performance pay, and human resources analytics practices (Aral et al.,
2012). However, human resources analytics will not bring about desired transformations unless several
issues are addressed and better methods and approaches are developed (Angrave et al., 2016). These
include maximizing value from human resources data, measuring and modeling the impact of human
capital inputs on strategy, and overcoming limitations and a lack of understanding within human resource
departments and analytics teams. Measuring and understanding employee engagement has emerged as an

important challenge and opportunity in human resources analytics.

People analytics and human resources analytics are closely related; both involve using data and analytical
techniques to understand and improve the effectiveness of human resources policies and practices. There
are, however, some key differences. One of the main differences between people analytics and human
resources analytics is the focus; people analytics is a broader term that encompasses a range of analytical
techniques and approaches that can be used to understand and improve the performance and wellbeing
of employees, whereas human resources analytics is more narrowly focused on using data and analysis to
understand and improve human resources policies and practices (Huselid, 2018). Another key difference
concerns scope: people analytics encompasses a wide range of data sources and analytical techniques, and
can be applied to a variety of human resources-related issues, such as workforce planning, talent
management, and employee engagement; human resources analytics typically focuses more on specific
human resources processes, such as recruitment and performance management (Tursunbayeva et al.,

2018).
The following understanding of people analytics guides this thesis:

People analytics is a field within human resource management that focuses on using data analytics and
visualization tools to wunderstand workforce dynamics, human capital, and individual and team
performance. It involves the use of information technologies and data analytics to generate insights that
can be used to make strategic decisions and improve organizational effectiveness, efficiency, and outcomes,

and to enhance the employee experience.
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People analytics can also be considered as a part of the broader literature on information technology and
human resources management. Stone et al. (2015) highlight the significant impact of information
technology on human resources processes, but also point out the limitations of existing human resources
systems with respect to attracting and retaining employees. Technology has transformed the nature of
work and the management of human resources processes through the use of e-human resources
management, such as e-recruiting, e-learning and training, employee performance management, and e-
compensation systems. The authors argue that the main goal of e-human resources management should
be effectiveness in achieving human resources objectives, rather than simply the efficiency of processes

(Stone et al., 2015).

Wirtky et al. (2016) conducted a systematic review of the e-human resources management literature since
1990, covering major human resources management functions including planning, internal staffing,
external recruiting, development, motivation, and administration. The research examined the role of
information technology in human resources management functions and the implementation and adoption
of human resources management systems, particularly in the context of the current “war for talent” that
has emerged from labor market shortages (Wirtky et al., 2016). The authors pointed out opportunities
for research in the areas of transformative human resources management capabilities and talent

management, including identifying talent across various skills such as leadership and knowledge.

Tools for analytical forecasting and decision making in people analytics are relatively new and not as
advanced as those used in other business areas such as marketing, sales, production planning, and finance
(Schiemann et al., 2018). Many studies have noted that current data analysis approaches in this field are
mostly limited to reactive, standardized, and/or historical reporting based on demand, as well as simple
forecasts (Boudreau & Cascio, 2017; Minbaeva, 2017). As a result, many organizations are still trying to

move beyond basic operational reporting and toward more advanced forms of analytics.

Analytics in general can be categorized as descriptive, predictive, or prescriptive (Davenport & Harris,
2007; Lustig et al., 2010). Descriptive people analytics refers to the use of data and analytics to describe
and summarize existing human resources data, such as employee demographics and productivity; this
involves using basic statistical and visualization techniques to understand the current state of human
resources data, and to identify patterns and trends in this data (King, 2016). Predictive people analytics

refers to the use of data and analytics to make predictions about future human resources trends and
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outcomes; this involves using advanced analytical techniques, such as machine learning and predictive
modeling, to build models that can forecast human resources trends and outcomes based on past data
(Schafheitle et al., 2020). Finally, prescriptive people analytics refers to the use of data and analytics to
recommend actions and interventions to improve human resources and people management in
organizations; this involves using advanced analytics to identify and evaluate potential human resources
interventions, and to recommend the most effective and efficient interventions based on the data and
analysis (Fernandez & Gallardo-Gallardo, 2021). Overall, these three categories—descriptive, predictive,
and prescriptive people analytics—are in a continuum of different levels of maturity and capability in the
use of data and analytics to support human resources and people management in organizations (Lustig
et al., 2010). As organizations move from one stage to the next, they are able to use data and analytics
in increasingly sophisticated and effective ways to improve the employee experience and drive

organizational performance (Burton et al., 2020; Schatheitle et al., 2020).

The objectives of people analytics can be summarized as falling into two main categories: performance
(Kryscynski et al., 2018; Sharma & Sharma, 2017; Wang & Cotton, 2018) and behavior (Chamorro-
Premuzic & Bailie, 2020), indicating a diversification of people analytics and a growing focus on
relationships caused by behavior and vice versa. They include performance assessment and development,
employee lifetime value, onboarding and culture fit, engagement, and workforce planning (Tursunbayeva
et al.,, 2018). A thematic analysis identified four categories: employee collaboration, diversity and

inclusion, people risks, and inter-organizational relationships (Tursunbayeva et al., 2018).

Leonardi and Contractor (2018) call for focusing on relational data in order to overcome the low analytical
power of current people analytics efforts. They argue that this relational perspective should replace
traditional organizational design approaches (Leonardi & Contractor, 2018) because of its potential for
analyzing interactions, affiliations, and the performance of groups, including the use of data on social and
organizational networks. Their call for the relational perspective could be addressed by social network
analysis. For example, people analytics could use social network analysis to identify employees with strong
ties to external networks and/or customers and encourage them to share their insights and connections
with their coworkers. Understanding the strength of weak ties can also assist a company in identifying
potential candidates for job openings or to work on new projects. By analyzing the social networks of
current employees, a people analytics team could identify individuals with a diverse range of connections

who may be able to refer qualified candidates or bring new ideas to the table. Further, weak ties can also
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be used to promote workplace diversity and inclusion. An organization could broaden its network and
create more diverse and inclusive opportunities for all of its employees by identifying and cultivating

relationships with employees who have weak ties to underrepresented teams.

According to the structural holes theory, individuals or organizations that occupy structural holes, or
gaps, in a social network are more likely to have access to valuable resources and opportunities (Burt,
1992). In the context of people analytics, this theory can be applied by analyzing the social networks of
employees to identify individuals who occupy structural holes and may be able to facilitate connections
and information flow between different parts of the organization or external networks. By identifying
structural holes within an organization, people analytics teams can also identify opportunities to create
new connections and facilitate the flow of information and resources. In addition, structural holes theory
can be used to identify and address potential barriers to information flow within an organization, such as
isolated groups (silos) or departments. Burt (2004) showed that between-groups brokers—employees who
bridge structural holes between teams—are more likely to express ideas and are evaluated as more
valuable. This specific position in a network tends to come with greater social capital than others (Burt,

2004).

As mentioned in the social network analysis section, social network analysis does not provide only a
theory (Borgatti & Halgin, 2011), but also measures which help to identify specific positions, such as
brokers in micro- and macro-level networks. For example, centrality measures are proxies for importance,
prestige and power (Freeman, 1977). A high betweenness centrality for instance, could be used to find

brokers in a network.!

Modularity, or the degree to which a network can be divided into distinct subgroups (Newman, 2006),
can also be useful in people analytics, for several reasons. By analyzing the modularity of an organization’s
social network, data analysts could identify subgroups that are highly interconnected and may be more
effective at collaboration and problem solving. A modularity-based analysis can also help identify

subgroups that may be isolated from the rest of the organization (silos) and in need of stronger connections

I Betweenness centrality is only one variant for measuring brokerage. There are many other variants of shortest-path centrality
algorithms that can be used for brokerage (Everett & Valente, 2016).
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to facilitate information flow and collaboration. In addition, understanding the modular structure of an
organization can inform the design and implementation of team-building and communication strategies
that align with the natural patterns of interaction within the organization. The modularity measure can
also be used to identify potential conflicts or bottlenecks within an organization, as well as opportunities
to create new connections and facilitate the flow of information and resources between different parts of

the organization.

In summary, social network analysis could improve people analytics in two ways. First, it provides a
powerful toolset, with measures for relational analyses of organizational data such as communication and
interaction data combined with demographic data of employees. Second, it can support descriptive and
predictive people analytics by providing a theoretical lens, namely network theory (Borgatti & Halgin,

2011), which is helpful for the interpretation of the analysis results.

31



Categorization of Articles
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Based on the insights gained from the theoretical background section, the overarching framework shown
in Figure 1 was built. Although social network analysis and people analytics represent concurrent
independent research streams, social network analysis can—as the figure suggests—help people analytics
efforts by taking the relational lens of social network analysis into account. Further, people analytics
benefit from network theory because it “refers to the mechanisms and processes that interact with network
structures to yield certain outcomes for individuals and groups” (Borgatti & Halgin, 2011, p. 1); this
matches with people analytics efforts aimed at understanding workforce dynamics and individual and
team performance and generating insights that can be used to make strategic decisions and improve
organizational effectiveness, efficiency, and outcomes. The two research streams encompass the six major

concepts discussed in Section 2 and emphasize two major consequences: performance and behavior.

Article I investigates the applications of social network analysis in project management and provides an
overview of current structural analysis efforts at the micro level, focusing on performance and behavior
outcomes. Article II contributes to the fundamental understanding of the consequences of individual
employee turnover. Article III investigates the influence of social capital on the funding success of early-
stage startups, and demonstrates how social network analysis methods can be applied to micro- and
macro-level networks and derive metrics for descriptive people analytics. Article IV uses data on employee
turnover in an explorative approach to derive a novel industry classification system. Both Articles III and
Article IV analyze state-based ties, since employee turnover is by definition not an event that occurs over
a relatively short period of time scales. Articles V and VI analyze, from a microlevel perspective, event-
based ties formed by communication data; both articles apply machine learning and neural networks.
Article V focus on behavioral outcomes only, whereas Article VI also analyzes the performance of

employees and employee behavior.

The articles are classified based on their level of analysis (micro- or macro-level network), whether the
article applies a structural analysis of networks, and the network dynamics perspective on social ties
adopted, that is, whether the ties are states-type ties (e.g., collegiality) or event-type ties (e.g., sent
message) that occur over relatively short periods of time. The articles are further classified according to
where they fall on the continuum of maturity and capability (descriptive, predictive, and prescriptive)

for people analytics discussed in Section 2.
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Social network analysis People Analytics

Structure Relational Descriptive
Lens

Dynamics Predictive

Level of Analysis Prescriptive

Consequences

Behavior Performance

Figure 1. Overarching framework.

Table 1 shows the classification of the six articles within this overarching framework and summarizes
each article’s focus of the six research articles. Each of the table’s columns correspond to a different aspect
of social network analysis, people analytics, and consequences. The “Structure” column indicates whether
the article provides insights about the structural analysis of network; “Dynamics” whether the article
focuses on state-type or event-type ties; and the “Micro level” and “Macro level” columns indicate whether
the article focuses interpersonal networks (on micro-level) or interorganizational networks (macro-level).
The “Descriptive,” “Predictive,” and “Prescriptive” columns indicate the degree to which the article is
focused on describing, predicting, or prescribing actions based on the analyzed data. The “Performance”

column indicates whether the article focuses on the performance outcomes of the analysis; and “Behavior”

whether the article focuses on the behavior or actions of individuals or organizations.
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X X X X

X X
X X X X X X X
X X X X X
X X X X X
X X X X X X

Table 1. Categorization of the included articles.

The following section summarizes the individual contributions of these articles in terms of the four

research questions introduced earlier.
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The contribution of the six articles with respect to the four research questions (RQ column) of this thesis
are summarized in Table 2, which is followed by a brief summary of each article’s contribution,

motivation, goal, methodologies, and results 2.

RQ | No. | Article
1 I |Schreiber, R. R., Zylka, M. P. (2020). Social Network Analysis in Software Development Projects: A
Systematic Literature Review. In: International Journal of Software Engineering and Knowledge

Engineering, Vol. 30, No. 3

2 | II |Zylka, M. P. & Fischbach, K. (2017). Turning the Spotlight on the Consequences of Individual IT
Turnover: A Literature Review and Research Agenda. In: ACM SIGMIS
Database, Vol.48, No. 2, pp. 52-78

3 | IIT | Spiegel, O., Abbassi, P., Zylka, M. P., Schlagwein, D., Fischbach, K. & Schoder, D. (2015).
Business Model Development, Founders’ Social Capital, and the Success of Early-Stage Internet
Startups: A Mixed-Method Study. In: Information Systems Journal (ISJ), Vol. 26, No. 5, pp.421-449

3 | IV |Spiegel, O., Abbassi, P., Zylka, M. P., Posegga, O., Fischbach, K., Schlagwein, D., & Schoder, D.
(2014). Getting Boundary Conditions Right: Towards a Classification of the Information Economy
Sectors. In: Proceedings of the Academy of Management Annual Meeting. Philadelphia, PA.

4 | V |De Oliviera, J. M., Zylka, M. P & Gloor, P. A., Joshi, T. (2019). Mirror, Mirror on the Wall, Who
is Leaving of Them All - Predictions for Employee Turnover with Gated Recurrent Neural

Networks. In: Studies on Entrepreneurship, Structural Change and Industrial Dynamics. Springer,
Cham.

4 | VI |Gloor, P. A., Zylka, M. P., Fronzetti Colladon, A., Makai, M. (2022). ‘Entanglement’ — A new
dynamic metric to measure team flow. In: Social Networks, Vol. 70, July, pp.100-111

Table 2. Contributions to Research Questions.

2 Some of the material discussed in this section have, in part, been introduced in the research articles comprising this dissertation,
which can be found in the Appendix.
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Research Question 1

Article I contributes to the first research question:
What role does social network analysis play in managing projects?

Contribution of Article I

Article I provides a systematic literature review that contributes to Research Question 1 by investigating
the current state of research and applications of social network analysis in an organizational context,
namely project management. The study was conducted in 2018-19 and was published in 2020 in the

International Journal of Software Engineering and Knowledge Engineering.

Motivation. There are many different tasks and subtasks involved in the software development process,
which can be complex and cover a range of aspects related to software and project management. To help
structure and define these tasks and make them more manageable, there are various conceptual models
that provide guidance regarding the order in which tasks should be completed. Each approach, however,
has its own strengths and limitations and may not be suitable for all types of software development
projects. The complexity of a project is an important factor to consider when selecting an appropriate
software development model. Organizational network analysis or social network analysis in general can
provide insights about the software development process. There has been a significant amount of research
on the role of social network analysis in open-source software development projects, but less on the
importance and influence of social networks in closed-source software development projects. In contrast
to open-source projects, closed-source projects in enterprises may have more flexibility in terms of

organizational structure, spatial distribution, task allocation, and competence distribution.

Goal. The goal of this study was to provide a comprehensive overview of how social network analysis is
currently being used in software development projects. Additionally, we proposed a research agenda for
further exploring the role of social networks in software development projects through a systematic

literature review.

Methodology. To identify potential gaps in research and the potential for using social network analysis
in software development projects, a systematic literature review was conducted. The systematic literature

review is a structured and repeatable method for identifying, evaluating, and interpreting relevant
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literature on a specific research topic. We followed guidelines for conducting systematic literature reviews
in software engineering and focused on research outcomes and methods related to software development
projects and social network analysis. A focus on propositions and concepts in these two areas informed
the organization of this paper, which is structured conceptually. To present a neutral representation of
the review results, no particular perspective was adopted. The intended audience for this review is scholars
with a specialized interest in research on using social network analysis in the context of software
development projects. The review process was divided into three phases, as suggested by Kitchenham and
Charters (2007): planning, conducting, and reporting. These phases and their sub-steps ensure rigor and

transparency throughout the review process (see Figure 2).

Define objectives of SLR Study selection Dissemination

Define research questions Quality assessment Answers to research questions

Define search strategy Data extraction and monitoring Evaluation

Define inclusion and exclusion criteria Data synthesis

Protocol validation

Figure 2: Main literature review phases.

Results. In software development projects, organizing distributed software developers can be challenging
due to factors such as geographic distance, cultural differences, different time zones, and inter-company
cooperation. From the analysis, we found that research in this area has examined coordination and
cooperation in software development projects, particularly in terms of social project structure and clique
analysis. Clique analysis includes topics such as core periphery (core team and enhanced team) and
clusters. There has also been research on the influence of social capital and power law distribution in
software development projects. Previous studies have explored the influence of social capital on the success
and developer productivity of software projects and found that cohesive social ties within team members’
social networks can lead to increased productivity. In addition, there is evidence that power law
distribution exists in software development projects. In this area, many social network analysis studies

have focused on the rational characteristics of social ties.
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Effective communication within projects is crucial for project success, and it can be complex to manage.
Several studies we have found, used social network analysis to visualize and analyze the communication
structure between team members. Research on communication networks in large commercial software
projects found that software developers perform better when they are central in their team’s
communication network and when they are embedded in dense communication clusters at the team and
project levels. Another study examined how communication develops over time between individuals and
groups and its correlation to project development. Using social network analysis to visualize
communication patterns can help teams and managers track progress, improve communication, and avoid

communication gaps in software development projects.

Further findings from our review have demonstrated the importance of network ties for knowledge flow
in software development projects. Research has examined the direction of knowledge flow among different
projects in organizational networks and its impact on project success. Network analysis techniques can
also be used to identify key authors and subject matter experts, and it has been demonstrated that it is
possible to identify knowledge experts in software projects using social network analysis methods.
Moreover, boundary spanners who have extensive domain knowledge and hold key positions in the control

project structure have been found to be important in this area.
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Research Question 2

Article II contributes to the second research question:

What are the potential positive and negative consequences of employee turnover for employees and

companies?

Contribution of Article II

Article 1II is a scoping literature review, which helps to understand the consequences of turnover behavior
of information technology employees. This article contributes to the understanding of employee turnover
by identifying its antecedents and consequences, as well as highlighting the need for further research into
its consequences and identifying research gaps. Through this understanding, top management can
effectively weigh the pros and cons of turnover and plan for it as a way to manage human resources more

effectively.

Motivation. The demand for highly skilled personnel has been on the rise in recent years due to the
increasing importance of technology in various industries. This trend has been fueled by the convergence
of the information and communication technology sectors, which has created a unified market that
requires a highly skilled information technology workforce. As a result, organizations face intense
competition for and the need to retain talented information technology employees. If they are unable to
do so, they may suffer from negative consequences such as poor job attitudes, high training and
recruitment costs, operational disruption, and a decrease in human and social capital, which can impact
performance and profits. Losing a highly skilled employee to a competitor may also bring positive
outcomes, such as access to external knowledge for the former employer. With an awareness of the
antecedents and consequences of turnover, top management can weigh its pros and cons and effectively
manage human resources and might lead to a better more focused applications of organizational network

analysis and people analytics.

Goal. The goal of this paper was to provide a taxonomic overview of individual turnover consequences
of information technology employees and non-information technology employees that can be utilized in
future people analytics research. Further, it aimed to identify research gaps and propose a research agenda

for studying these consequences in detail.
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Methodology. We conducted a scoping review to examine the current state of research on a particular
topic. Scoping reviews are a type of literature review that aim to provide an overview of all available
research on a topic, rather than focusing on a specific aspect in depth. They are typically used to identify
gaps in the existing research and to inform the design of future studies. The review process followed
guidelines outlined by Paré et al. (2016), which emphasize transparency and systematicity. These
guidelines provide a framework for conducting literature reviews in a comprehensive and replicable
manner. To ensure that our review was as systematic and transparent as possible, we followed a detailed,

six-step process and reported on all steps of the review process.

Results. Employee turnover, or the decision to leave a job voluntarily, is a phenomenon that can have
both negative and positive impacts. The traditional view is that employee turnover has negative
consequences (Dalton & Todor, 1979), both for the individual who leaves and the organization being left.
It can be expensive for organizations, as it can lead to increased recruitment and training costs (Dess &
Shaw, 2001; Mobley, 1982). Turnover can also disrupt the operations of an organization and can lead to
demoralization among individuals (Allen et al., 2001; Staw, 1980). It can have negative impacts on both
individuals and organizations (Mobley, 1982; Muchinsky & Morrow, 1980). However, in some cases,
turnover can also have positive consequences, not only for the individual who leaves but also for co-
workers and organizations (Mobley, 1982). For instance, employee turnover can sometimes be a positive
by resolving conflicts and creating promotion opportunities (Dalton & Todor, 1979). It can lead to
increased job satisfaction and commitment for the departing employee, and may be viewed as a routine
career event by those who have had more frequent voluntary departures. In addition, when new employees
join an organization, they may bring with them social capital in the form of relationships with former
clients (Somaya et al., 2008). This can facilitate the flow of knowledge between the new and former
employer, as the new employee enhances social networks between the two organizations (Corredoira &
Rosenkopf, 2010). This can be beneficial to both the new and former employer (Aime et al., 2010). The
article shows that current research considers consequences of individual turnover that have not been
considered in the specific context of turnover of information technology employees. Despite the
longstanding research on the consequences of employee turnover dating back to Price (1977), the specific
context of turnover of information technology employees and its consequences has not been adequately

considered.
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Research Question 3

Articles III and IV contribute to the third research question:

How can social network analysis be applied to assess the consequences of employee turnover for

interpersonal and interorganizational networks relevant for people analytics?

Contribution of Article III

The findings of this study provide evidence that external networks are a critical resource for firms at the
organizational level, as previously suggested by Canina et al. (2012) and Gnyawali and Madhavan (2001).
In particular, the study shows how early-stage startups leverage the information, resources, and status
benefits provided by the founders’ networks to develop their business models. The study also found
empirical evidence that founders’ social capital, built from their turnover history, serves as an antecedent
to valuable network connections (e.g., to customers and suppliers). This warrants further investigation
into the link between individual-level and organizational-level networks in the context of business model
development, organizational development, and people analytics. The study is also notable for its use of a
combination of qualitative and social network analysis methods that have been found to be mutually
informative and provide the same empirical findings. This may provide a useful example for researchers

interested in using a combination of these methods in the field of information systems research.

Motivation. There was a lack of empirical research on business models in information systems (IS), as
noted by Zott et al. (2011) and Veit et al. (2014), as well as a lack of understanding about the relationship
between business models and firm performance and the process of business model change and development
(Al-Debei & Avison, 2010; George & Bock, 2011). Prior research had reported that startups often adapt
and change their business models (McGrath, 2010; Teece, 2010). Previous research on individual
entrepreneurs in various contexts has found that the founders’ social capital (e.g., their social networks
and personal relationships) can be beneficial in finding new business opportunities. This is particularly
relevant for early-stage internet startups, as social capital may provide founders with access to essential

knowledge, resources, and investors.

Goal. The aim of this paper was to apply social network analysis to understand the factors that contribute

to the success or failure of early-stage internet startups in achieving Series A funding. We hoped to gain
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a better understanding of the internal processes and characteristics of successful early-stage internet

startups.

Methodology. This article utilizes a sequential mixed-method design, which involves using both
qualitative and quantitative methods in a specific order. Such a design is used often in information systems
research because it allows for a more comprehensive understanding of complex technological,
organizational, and social phenomena. Some researchers consider any investigation that utilizes more than
one method to be mixed-methods research, while others specifically refer to the combination of qualitative
and quantitative methods. This study corresponds to both definitions. We employed a sequential design,
which involves first conducting open-ended interviews with experts—here, internet startup founders—to
explore qualitatively business model development and the impact of social networks on early-stage
internet startups. We developed an interview guideline that was continually updated to reflect new
insights or questions. A purposeful sampling strategy (Shadish et al., 2001) was employed to select and
approach the interviewees, with the goal of including a variety of experiences, locations, and business
model types within the specific boundaries of consumer internet startups in or shortly after the early

stage.

The study approach followed that outlined by Lichtman (2013) for coding and analyzing the data from
the interviews. The initial coding was done by one author, using both in vivo codes (terms used by the
interviewees) and extant theory (terms from the academic literature). The codes were then merged, and
any differences in understanding were resolved through discussion and clarification within the research
team. Next, the codes were aggregated into categories, which were higher-level constructs that described
several codes at a more abstract level. The categories were refined and organized into main concepts
related to the research aim through re-reading of the interviews and identifying relationships between and

within categories.

The qualitative findings informed the study’s quantitative component. Specifically, our qualitative study
enabled us to formulate propositions and turn two of them into a testable hypothesis using natural
quantitative data. Social network analysis was then used to test the hypothesis that social networks of
founders have a positive effect on the success of their startups. We used eigenvector centrality as a
measure of social capital. This measure, recommended by Borgatti et al. (1998), is widely used in social

network analysis. We opted for the directed unweighted scaled eigenvector centrality, as opposed to the
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directed weighted version, in order to take into account all previous employers and increase the diversity
of inbound flows rather than focusing solely on high-intensity turnover relationships. This allowed for
calculating the directed unweighted scaled eigenvector centrality for each startup in the network. The
findings of this analysis of the quantitative data provided further evidence to support the hypothesis that
the combined social capital of the founders (as measured by their startup’s eigenvector centrality) has a
significant positive impact on the success of their early-stage internet startup (as measured by obtaining

Series A funding).

Results. We carried out a t-test to determine if there is a statistically meaningful difference between the
group of successful startups and the group of unsuccessful startups (see Table 3). The result of the t-test
confirmed that the means of the two groups are significantly different. Thus, the hypothesis was supported
by the data at the 0.01 significance level. In addition to testing the hypothesis (i.e., the impact of founders’
social networks), we also controlled for some other factors that could potentially affect funding success.
These include typical human capital factors such as education and work experience (Lazear, 2004), as
well as specific entrepreneurial (C. Chen et al., 1998) and technological skills (Compeau & Higgins, 1995).
We found that founders’ experience and specific skills did not have a statistically meaningful impact on
the success of a startup. The only exception to this was the number of years of education, which showed

a moderate level of significance.

Category Measure Successful Unsuccessful Significance of Test
startups startups difference type
Social capital Founders’ network centrality 21 (30%) 49 (70%) 0.002%** b
Human capital Average number of (co-) 2.238 2.000 0.270 b
factors Founders
VC experience 3 (14%) 4 (8%) 0.421 a
Consultant experience 6 (28%) 17 (34%) 0.783 a
Founder experience 10 (47%) 34 (69%) 0.108 a
Average years of education 4.786 3.699 0.074* b
Average years of work experience 9.572 9.446 0.936 b
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Entrepreneurial self- Management 19 (90%) 40 (81%) 0.485 a
efficacy
Financial 15 (71%) 36 (73%) 1.000 a
Risk 16 (76%) 38 (77%) 1.000 a
Innovation 11 (52%) 30 (61%) 0.599 a
Marketing 13 (61%) 29 (59%) 1.000 a
Computer efficacy General IT 15 (71%) 31 (63%) 0.590 a
Web 2.0 9 (42%) 24 (48%) 0.795 a
Design 2 (9%) 10 (20%) 0.325 a
a = Fisher’s exact test; b = t-test (2-sided); significant at * o = 0.100; ** o =0.050, *** o =0.010

Table 3: Results from tests of association (N=70, showing p-values and significance levels).

Contribution of Article IV

Article IV was the result of an empirical study that exploited data on employee turnover in an explorative
approach to derive an industry classification system. The paper was presented at the Annual Meeting of
the Academy of Management in 2014. It contributes to the third research question by exploring the
capabilities of social network analysis, resulting in a novel approach to industry classification. It provides
valuable insights into the structure of network formed by the organizations analyzed and their turnover
relationships, demonstrating the potential for using social network analysis on a macro-level network.
Further, it contributes to people analytics. We showed that there are different patterns of employee
turnover depending on the sector. Thus, considering where employees potentially come from and are likely
to go to will provide more insights and allow, for example, for more targeted measures to prevent loss of
skilled employees. Further, the methodology presented in the article could be used to assess the effects of

employee turnover on the organizational performance from a network perspective.

Motivation. Chiasson and Davidson (2005) conducted a review of research articles published in the
journals MIS Quarterly and Information Systems Research between 1997 and 2004 and found that a
majority (58%) of the studies they analyzed did not specify the industry in which the study was conducted.
They pointed out that industry context is important for the development of new information systems

theory and for understanding the limitations of existing information systems theory. A later review by
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Seddon and Scheepers (2011) of articles published in MIS Quarterly and Information Systems Research
in 2007 and 2008 found that only 24% of the empirical papers included discussion of the boundary

conditions that were relevant to their results.

Failing to consider the industry context in a study can have a significant impact on the research results
by inadequately defining the theory or by resulting in generalizations that may not be relevant in other
settings (Chiasson & Davidson, 2005). Chiasson and Davidson (2005) also noted that identifying the
specific industry or industries relevant to a study is both an empirical and conceptual issue. While broad
industry categories such as “manufacturing” and “service sector” may be useful for meta-analyses, more
detailed classification schemes such as the North American Industry Classification System can be helpful
in defining industry boundaries (Xue et al., 2011). It is important to bear in mind, however, that
classification systems such as the International Standard Industrial Classification and North American
Industry Classification System, which are commonly used in statistical tests, are only as valid as the
underlying classification system. These systems may not always accurately reflect the complex and diverse
nature of industries, particularly given the increasing convergence of technology and industries (Garcia-
Murillo & Maclnnes, 2003) and the widespread use of information and communication technology across

various sectors (Karmarkar & Apte, 2007).

Goal. The purpose of this paper is to investigate a classification method by integrating employee turnover

data and social network analysis to address some of the problems mentioned above.

Methodology. Industries can be studied from three distinct yet complementary research perspectives:
economic, institutional, and social/cultural (Crowston & Myers, 2004). The economic perspective is the
most widely used approach in information systems research, however, the other two perspectives have
several advantages. The social/cultural perspective highlights the social connections, networks, and
frameworks that can be created by the way people and organizations interact within a particular industry
(Crowston & Myers, 2004). This includes employee turnover, which has been identified as an area of
interest from a social network analysis perspective; Collet and Hedstrom (2013) found that connections
in inter-organizational networks established through employee turnover is influenced by the direction of
previous connections and that the majority of knowledge exchange that results from this movement
happens over short sociometric distances. Employee turnover can also be used to identify the existence

and function of an industrial cluster.
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There have been few systematic efforts to define industrial systems based on turnover flows, with the
exception of some case-based economic geographical studies (Agrawal et al., 2003). In this study, data on
employee turnover were collected from the social media platform LinkedIn, which provides such data in
the form of employment histories submitted by its members. At the time of the study, LinkedIn offered
this information in the form of aggregated flows of employees between organizations. A snowball sampling
method was used to identify information systems-related organizations and the employee turnover flows
between 29,419 organizations were collected in June 2012. These data were used to create a network in
which organizations were represented as nodes and the directed edges between them represented turnover
of employees, with the number of employees moving from one organization to another serving as the
weight. To identify industry clusters within this network structure, the community detection algorithm
developed by Rosvall and Bergstrom (2008) was used. This algorithm is particularly well suited for large
networks with weighted and directed ties and has demonstrated good performance in several benchmark
studies (Lancichinetti & Fortunato, 2009). By applying the algorithm to the turnover network, it was
possible to identify a hierarchy of clusters based on employee turnover flows. As the algorithm aims to
maximize the internal cohesion of these clusters, it was expected that they would accurately reflect the
dynamics of employee movements, as described by Collet and Hedstrom (2013). The resulting industry
clusters at the two highest levels of the hierarchy were manually reviewed and labeled based on their

composition.

Results. In total, the algorithm identified 135 clusters at the root level. The distribution was heavily
skewed, with the first 10 clusters accounting for 97.42% of the companies. The top-3 clusters displayed
distinct patterns in their underlying classification. Cluster 1 was primarily composed of companies in
information and communication technology-related classifications, with some companies from the internet
sector. However, there were almost no companies from the content and media sector. In contrast, Clusters

2 and 3 were almost exclusively composed of companies from the content and media sector.

From an analysis of the characteristics of the information economy sectors based on Organization for
Economic Co-operation and Development definitions and the International Standard Industrial
Classification system, it was found that there is significantly more turnover within the information
economy compared to industries outside of it. In addition, the flow of employees in and out of the
information economy is almost balanced. When examining the industries and companies that exchange

employees with the information economy, it was observed that there are significant differences between
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the three sectors. For example, an analysis of the top-10 sources of employees for each sector revealed
some interesting patterns: the information and communication technology sector receives employees from
outsourcing partners and the military; the content and media sector receives employees primarily from
financial companies; and the Internet sector receives employees from universities and consulting firms.
These differences between the sectors are also apparent when considering company size, type, and age.
The internet sector, for instance, is characterized by smaller and younger, predominantly privately held
companies, while the information and communication technology and content and media sectors have
many more companies with more than 10,000 employees and significantly more public companies,

reflecting the different levels of maturity in these sectors.

Upon closer examination of the information economy sectors, it was found that the industry is not as
homogeneous as one might expect, at least in terms of employee turnover. Specifically, it was observed
that there was a greater rate of employee turnover within each industry sector than between sector, which
resulted in distinct industry clusters that are also visible when analyzing the network graph. The internet
sector has a strong association with the information and communication technology sector; however, it
can be clearly distinguished, meanwhile the content and media sector have more close connections to the
other two sectors. These clusters are not only present at the sector level but also at the sub-sector level.
For instance, within the information and communication technology sector, there are distinct clusters for

network equipment, semiconductors, services (consulting and outsourcing), and software and platforms.

Research Question 4

The articles in this section contribute to the fourth research question:

How can social network analysis be applied to predict company-relevant employee behavior patterns for

people analytics?

Contribution of Article V

This study provides a novel approach for analyzing longitudinal employee turnover data. It is among the
first to use a recurrent neural network beyond the usual applications, such as objects or speech recognition.
As such, this paper may provide an insightful account for researchers interested in the context of
predictive people analytics and provide an example of how social network analysis measures and a deep

learning approach can be meaningfully integrated in people analytics. Further, we addressed the calls by
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Hom et al. (2017) and Lee et al. (2017) by considering the dynamic nature of antecedents of employee
turnover and conducting a social network analysis, whereas earlier research had primarily used a standard
research approach (Steel, 2002). This paper contributes to people analytics by providing a novel analytical
perspective (social network analysis + deep learning) on key elements of turnover models. Our experiment
offers a way to predict employee turnover, which can be disruptive and detrimental to company
performance. By implementing our model into a human resource information system as an early warning
system, managers could be alerted about the probability of an important and highly skilled employee

departing the company, allowing them to implement retention strategies.

Motivation. Employees can significantly impact a firm’s productivity and growth through their
contribution of new knowledge (Aime et al., 2010; Somaya et al., 2008). Therefore, organizations often
invest in human resources in order to benefit from these contributions. If highly skilled employees leave
for other opportunities, however, it can diminish these benefits and even lead to negative consequences,
such as knowledge leakage to competitors, reduced human capital, and a decline in company performance.
To prevent these outcomes, organizations compete to attract and retain highly skilled personnel, a
competition referred to as the “war for talent” (Chambers et al., 1998). Consequently, the turnover of

highly skilled employees is a topic of interest for practitioners and scholars alike.

The topic of employee turnover, particularly among highly skilled workers, has garnered significant
attention from both practitioners and scholars in fields such as applied psychology, human resources, and
management. Many studies have focused on understanding the reasons behind actual turnover behavior,
with job dissatisfaction being identified as a major proximal cause. Researchers have typically used survey
data and statistical analysis techniques such as ordinary least squares regression, survival and hazard
functions, and structural equation models to predict turnover. However, the accuracy of these predictions
has been found to be only moderate at best, with slightly better results when using turnover intention as
a proxy for actual turnover behavior. There is a need for new approaches that consider the evolution of
turnover determinants over time, as changes in these factors can affect turnover through their impact on

proximal antecedents.

Goal. We followed the call for novel approaches for employee turnover prediction applying a gated

recurrent neural network model (Chung et al., 2014), a variation of long short-term memory networks
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(Gers, 2001; Hochreiter & Schmidhuber, 1997) on longitudinal turnover data. Our goal was to predict

turnover of highly skilled employees.

Methodology. This study analyzed e-mail communication data from a global professional services firm
with over 70,000 employees in over 20 countries. The data set included 845,208 actors, including employees
and external stakeholders, and approximately 138 million edges representing the communication that

occurred from January 1, 2017, to January 29, 2018.

We analyzed e-mail communication data from managerial employees, which comprised 35% of the total
e-mail communication data provided. We used network metrics, calculated for 15-day time frames with
a 3-day gap between each frame, as input variables for deep learning models. Each comma-separated
values file, representing a combination of metrics from 3 months of e-mail communication, was used as a
single data point. Employee turnover data were used to classify each data point as either representing an
employee who left the company or one who did not. The focus was on the 5-7 months prior to turnover,
when we believe employees may be considering leaving a company and may exhibit changes in

communication behaviors.

We developed a recurrent neural network with gated recurrent units; it was applied to predict employee
turnover at a company. The model was trained on a dataset of 2898 employees and tested on a separate
dataset of 954 employees. To ensure the robustness of our model’s performance, we applied fourfold cross-
validation, dividing the training data into four equal-sized subsets and using one of the subsets as
validation data for testing while using the remaining three subsets for training. The dataset was
imbalanced, with a small number of employees who had left the company (78 in total). To address this
issue, we used the synthetic minority over-sampling technique to oversample the minority class (the
employees who had left). Synthetic minority over-sampling technique creates synthetic instances by
joining the k-nearest neighbors of a minority class instance, resulting in increased sensitivity to the
minority class without excessively oversampling it. To evaluate the model’s performance, we used a
variety of metrics, including precision, recall, accuracy, the area under the curve, and the Matthews

correlation coefficient score, a discretization of the Pearson correlation value.
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Training  Test
# of actors 2,898 954
# of leavers 59 19
# of stayers’ time series 238,438 78,468
# of leavers’ time series 832 262
# of stayers’ synthetic minority over-sampling technique time series 238,438 78,468
# of leavers’ synthetic minority over-sampling technique time series 238,438 78,468

Table 4: Statistics of the dataset

Results. We conducted the gated recurrent unit experiment with a keep probability of 0.1, one LSTM
layer, eight neurons, and a learning rate of 0.001. All folds performed well; the average fold has an ACC
of 0.933 and a Matthews correlation coefficient of 0.873. The test set’s performance was good. The
accuracy as 0.800, and Matthews correlation coefficient (0.615) showed a strong positive predictive power.
The results of the experiments revealed that applying a deep learning approach has potential to conduct

a binary classification of employees in stayers or leavers by analyzing their e-mail communication

behavior.
Matthews
Area under correlation
Parameters Accuracy Precision Recall the curve coefficient
Model 1 Keep Probability: 0.1  0.768 0.653 0.849 0.786 0.554
Layers: 1
Size: 8
Learning Rate: 0.001
Model 2 Keep Probability: 0.1  0.800 0.745 0.844 0.816 0.615
Layers: 1
Size: 16
Learning Rate: 0.001

Table 5: Model results based on different configuration (test set, 1.5-fold).

Contribution of Article VI

Article VI contributes to synchronization and flow state research by providing a novel metric for
determining communication synchronization in organizational contexts. We validated this metric through
four case studies in different organizations. People analytics can use our metrics to measure team flow

not only by conducting surveys, but also by using social network analysis and taking the relational

perspective into account.
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We further contribute to people analytics research with this paper by providing a novel metric for
analyzing employee communication and behaviors. Employee communication is a critical factor for good
collaboration and employee and team performance (Gloor et al., 2020; Wen et al., 2019), and thus using
a new metric of communication dynamics might open new research opportunities. Decisionmakers such
as human resources managers could act in an interventionist manner (Valente, 2012), however, and use
this metric to identify weak and strong entangled actors in the communication network of a team or in
the entire company. Thus, human resource managers might use this metric to improve performance
appraisal systems, anticipate disengagement, and improve hiring and retention strategies. Combining
novel metrics of e-mail communication analysis with long-established methods to assess employees’
satisfaction (like surveys), managers can offer improved organizational initiatives, such as mentoring

programs or cross-staffing, or retention strategies.

The entanglement metric introduced in this article has the potential to help managers better understand
the nature of employee online communication at their particular organizations. This might lead to a
rethinking of team design and team building in the specific organization, which could ultimately lead to

improved communication and collaboration and might support the identification of cohesive groups.

Motivation. Team synchronization, or being “in sync” with one’s colleagues in a work environment, is a
topic of research worth considering for decisionmakers. This is because being in sync can have a positive
impact on employee performance, increasing cooperation among team members by strengthening social

attachment.

Both offline communication, such as face-to-face meetings, and online communication, such as emails and
chat tools, play a role in determining whether a team is in sync or “out of sync.” While offline
communication is generally more effective at establishing team synchronization, online communication
can be hindered by asynchronous characteristics, such as time lags, which may prevent the development
of a shared team rhythm. It is possible, though, to analyze online communication data in near-real time
to monitor team learning and performance continuously. Metrics based on communication flow and

amount of communication are suitable for this purpose.

In addition, research has shown that analyzing online communication data in organizational contexts can

be used as a predictor for job-related constructs such as employee turnover and employee performance.
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For example, the speed at which an email is responded to has been found to be a good predictor of
individual and team performance. Based on these findings, we hypothesized that patterns of team online
communication gathered through a social network analysis approach can also be used to show team

synchronization. Therefore, we conceptualized a new measure.

Goal. We introduced a metric called entanglement that measures the synchronization of e-mail
communication behaviors of team members and their flow state over time. This metric is grounded in
social network analysis and identifies the similarity of timeseries of social network analysis metrics. We

validated the metric by conducting four case studies, using different datasets from different organizations.

Methodology. To demonstrate the concept and calculation of entanglement using an example, we can
consider an individual mailbox representing a dataset of e-mails exchanged between individuals who work
on multiple projects together. First, we collected the mailbox data and stored it in a database, organizing
the e-mail data in a way that allowed us to view it from a network perspective. From this structured
data, we could then analyze the degree of entanglement between the individuals by looking at the patterns
of e-mail communication and the ways in which the e-mails linked different individuals and projects
together. To determine the degree of entanglement between the mailbox owner and their colleagues, we
could analyze the communication activity between them by considering the time series of messages
exchanged. Specifically, we could calculate the inverse of the Euclidean distance between the activity time
series of each actor in the network. This value will be larger when the activity time series of two actors

are more similar.

It is important to consider the context in which actors are communicating in the network. For example,
two pairs of actors may exchange the same number of messages, but the first pair may be more tightly
connected to other actors in the network, while the second pair has weaker connections to other actors.
In this case, the entanglement between the actors in the first pair may be stronger due to their higher
level of communication with others in the network. To make this metric comparable among pairs of actors
with different levels of activity in the same network, we multiplied it by the product of the degree
centralities of both actors. Degree measures the centrality, sometimes seen as a proxy of popularity, of a
node in a network, by counting the number of its nearest neighbors (Freeman, 1977). Further it can be a

proxy for the level of engagement within a group, team or organization (Gloor et al., 2020).
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Communication activity via e-mail (Gloor et al., 2014) indicates the number of e-mail messages sent by

a person within a time interval.

Figure 3 shows the e-mail communication activity over a period of time for the email box we analyzed.
The blue line represents the communication activity of the mailbox owner; the other lines represent the
communication activity of the individuals with whom the owner exchanged the most emails. When the
communication activity between the owner and another person is highly correlated, it means they are in
sync and share a similar flow of activity over time, which indicates a strong level of entanglement between
them. The graph demonstrates the importance of considering degree centrality when calculating
entanglement. This is because levels of communication activity can vary significantly between different

actors, even if they are exchanging messages at the same time.
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Figure 3: Flow of e-mail communication by time.

Accordingly, we defined the activity entanglement E4(x7, yr) between two individuals, named z and y in

a specific time window T, as:

Cp(xr) Cp(yr)

EA(xT,J’T):m

where Cp(xy) and Cp(y7) are the degree centralities of the two individuals z and y, and d (A (x7), A(yr))
is their FEuclidean distance, with respect to communication activity A in a defined time window 7. In
other words, the entanglement of two individuals z and y is given by the multiplication of the number of

their direct contacts in the e-mail network divided by their synchronization of communication activity.

As indicated above, it is necessary to include the product of the degree centralities of z and y into the
entanglement formula to provide for the differences in centralities between actors: assume that actor z

has low degree, if z is synchronized with highly connected actor y having high degree centrality, the high
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degree of actor y will boost entanglement of actor z in comparison with all other actors in the network.
In other words, we wanted our metric to reward less-influential actors who are synchronized with
influential actors. In addition to considering communication activity, we could also consider
synchronization in weighted and unweighted betweenness centrality as a factor in determining

entanglement.

After the conceptualization of the new metric and its variants, we conducted four case studies, with
different datasets from different organizations, to validate the metric. In each case, the same data
collection process was followed. This involved collecting the emails of a sample of project members who
agreed to participate in the pilot studies. All of these individuals were employed at large organizations at
the time of the data collection. The email data was normalized for time zones, and the time window for
calculations was set to 7 days, as this has been found to be most effective for this type of organizational
email data. The relationship between entanglement, as calculated from email communication, and
individual and group outcome variables were measured. The focus of the analysis was on communication-
based measures, such as the number of messages sent and received, and network centrality measures, as
the goal was to explore the properties of communication networks. In addition, we used online
communication metrics that were specifically designed to evaluate interactivity in email communication.
Specifically, we examined communication activity, which reflects the number of emails sent by a person
within a specific time period, and the number of nudges, which represents the average number of emails
that a sender needs to send in order to receive a response from the receiver. We distinguished between
ego nudges (the number of emails required for the recipient to respond) and alter nudges (the number of
emails required for others to respond). Further, we measured the contribution index, which is the balance
between messages sent and messages received (Gloor, 2017). Finally, we calculated the average response
times to measure the length of time it took a person to reply to an email. This metric is useful for
identifying fast and slow communicators and for identifying patterns of behavior by looking at periods of
slower response. We calculated both ego average response time, which represents the average number of
hours it takes a sender to respond to emails, and alter average response time, which reflects the average

number of hours it takes recipients to respond to a sender.

We presented four case studies to demonstrate how the proposed entanglement metric can be used with
email data to predict work-related outcome variables, such as team performance and employee turnover

(see Table 6). These case studies are related to different business contexts and consider different dependent
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variables. In all cases, we analyzed email data to demonstrate the suitability of the entanglement metric
for online communication data. Our objective was not to compare results directly across the case studies,
draw general conclusions, or claim causality, but rather to illustrate the versatility of our entanglement

metric, which can be applied to study business interaction dynamics in a variety of scenarios.

Case Industry Research object Entanglement Entanglement | Outcome variable
study measure level
A Health care 53 employees in 11 Activity Team Team performance &
healthcare innovation entanglement learning behavior
teams
B Professional 113 senior executives Activity Individual Employee turnover
services entanglement
C Professional 81 managers Betweenness Individual Employee
services entanglement performance
D Professional 82 mangers in 13 Group Team Customer satisfaction
services teams betweenness
entanglement

Table 6. Applied case studies in Article VI.

Results. We demonstrated through four case studies, using real-world datasets, that our proposed metric
and its variations are good predictors of various individual and team performance indicators (a summary
of our results can be found in Table 7). First, we discovered that the dispersion of activity entanglement
is positively correlated with team performance. This means that the synchronized communication activity
of certain team members and their sustained similar flow state can enhance the performance of the team.
These findings are similar to studies showing that email communication and face-to-face communication
frequency (Patrashkova-Volzdoska et al., 2003), as well as flow in knowledge work (Quinn, 2005), can all
contribute to higher team performance. It also seemed that the best teams exhibit higher dispersion,
comprising highly entangled team members and more peripheral ones. Teams might benefit from strong
leadership of few selected individuals that can guide and inspire others. Other research has demonstrated
that communication-based measures of social network analysis can be used to predict voluntary employee
turnover (see Article V, Gloor et al., 2017). Our own research has shown that the metric of entanglement
can also accurately predict employee turnover and may improve the accuracy of these types of models.
In terms of employee disengagement, this metric could potentially be useful in understanding and

addressing the issue.
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Case study | Dependent variable |Result summary

The wider the spread in activity entanglement of the team
members, the higher the team performance and learning behavior.

Team performance and | g corresponds to having some core team members strongly

learning behavior entangled and the remaining members weakly entangled.

The Gini index of activity entanglement is the variable with the
highest impact on model predictions. Employees who stay in the
company have high Gini entanglement probably using selective
B Employee turnover communication and interacting more with some colleagues than
with all others. They are also more responsive to emails and take

less time to answer.

Tenure, betweenness centrality, and Gini entanglement are the
most important predictors of top performers. — with high Gini

C Individual performance |index of betweenness entanglement and high betweenness
centrality significantly increasing the chance of being classified as
a top performer.

The Gini index of group betweenness entanglement for teams is
related to customer satisfaction. The higher the inequality in
group betweenness entanglement is for a team, the happier its
D Customer satisfaction customer. This means that customers are happier when a few
entangled leaders emerge in the team.

Table 7: Results of Article VI

Second, we also discovered that the Gini coefficient of betweenness entanglement and betweenness
centrality are related to individual employee performance. A high Gini index of betweenness entanglement
significantly increases the likelihood of being a top performer, indicating that focused communication—
intensive and highly synchronized communication with a select group of colleagues while reducing
communication with the rest of the organization—is a sign of high performance. These findings align with
previous research (Brass, 1984; Mehra et al., 2001; Sparrowe et al., 2001) which has shown that network
centrality is positively related to individual performance. However, an important aspect of our metric is
that synchronization with others has a positive impact on individual performance, not just having a
central social position. Centrality alone may not fully explain individual performance (Reinholt et al.,
2011), and our betweenness entanglement metric addresses this issue. Additionally, we found that low

tenure also has a positive effect on individual performance.

Third, we found that inequality of group betweenness entanglement within teams has a positive impact

on customer satisfaction. The company in case study D uses customer satisfaction/net promoter score as
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a measure of team performance. Our findings suggest that teams with stronger leaders who have high
entanglement tend to have happier customers, indicating that these leaders have a significant influence
on team dynamics over time, while the rest of the team may be more passive. Previous research by
Mukherjee (2016) has shown that centralized leadership can have a positive effect on sport team
performance, but Mehra et al. (2006) suggests that distributed leadership structures can differ in
important structural characteristics and these differences can either positively or negatively impact team

performance (Cummings & Cross, 2003).
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Limitations



This section provides a general overview of the overarching limitations of the research discussed in this
dissertation, but does not summarize the limitations of each article—for which readers are referred to

each article’s own limitations section.

This thesis addresses an important research gap and reveals several areas that require further research.
While this work provides an initial conceptual foundation at the intersection between social network
analysis and people analytics, it points toward the need for a more thorough investigation of the two
fields. This would improve future research at that intersection and allow for a more systematic and
comprehensive transfer of theories and methods of social network analysis to the people analytics domain.
As mentioned in section 3, people analytics could benefit from network theory and a greater understanding
of the mechanisms and processes that interact with network structures to yield certain outcomes for
employees and teams, which can generate insights useful in making strategic decisions and improving

organizational effectiveness, efficiency, and outcomes.

Further, the classification of the articles shows that there is still a need for prescriptive people analytics
studies. This aligns with the findings of Giermindl et al. (2022), who found that most people analytics
studies examine only the use of descriptive and predictive analytics, but “recent technological advances
in the context of people analytics illustrate the need to expand current research and emphasize the use of

more advanced forms of people analytics” (Giermindl et al., 2022, p. 417).

While this thesis focuses on exploring the positive potential of social network analysis in people analytics,
it also recognizes the importance of addressing ethical considerations in the use of this approach. Future
research could benefit from a more thorough analysis of the ethical implications of using social network

analysis in people analytics (Gal et al., 2020; Tursunbayeva et al., 2022).
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Conclusions



This thesis contributes to understanding the role social network analysis could play in people analytics. I
presented an overview of the theoretical background of social network analysis and its application in
organizational contexts. Further, I linked people analytics with social network analysis through the
relational lens of network theory and showed how the predictive power of people analytics can be
improved. Building on this, I have provided a framework that can be used to classify organizational
studies that apply social network analysis for people analytics purposes. I contrasted the characteristics
of such studies with traditional investigations of social networks and derived four research questions from

the findings:

RQ1 | What role does social network analysis play in managing projects?

What are the potential positive and negative consequences of employee turnover for employees

RQ2 and companies?

How can social network analysis be applied to assess the consequences of employee turnover
RQ3 for interpersonal and interorganizational networks relevant for people analytics?
RQ4 How can social network analysis be applied to predict company-relevant employee behavior

patterns for people analytics?

Table 8: Main research questions

As a group of six, the papers presented in this dissertation offer contributions to all four research questions.
Two of the articles (Article I & II) are literature reviews. Article I focused on social network analysis in
project management, whereas Article II investigated employee turnover and its consequences on a micro
and macro level. Articles III and IV provide new applications of state-based data (employee turnover
data) in organizational contexts. Articles V and VI contribute to predictive analyses of employee turnover

with social network analysis.

With respect to the first research question, Article I concludes that social network analysis provides a
crucial set of methods for analyzing the structure, position, autonomy, and relationship of individuals in
software development projects. In addition, the topics of project organization, communication
management, knowledge management, version and configuration management, requirement management,

and risk management provide a wide range of research opportunities.

As for the second research question, Article II examined the current research state of individual turnover

behavior consequences. Building upon the existing turnover literature from different disciplines, the article

63



revealed that there is a relatively vague understanding of the consequences of individual voluntary
turnover of information technology employees. The findings, especially the research gaps we identified,
have enabled us to establish a research agenda for turnover behavior research with a focus on the
consequences. In addition, our findings call attention to problems human resources management must
address and resolve. Effective management of human resources demands awareness of the antecedents

and the consequences of turnover.

With respect to the third research question, Article III found strong support for the idea that startups
with better-connected founders are more successful because the founders’ professional social networks
provide the required means (i.e., information, resource, and status benefits) to develop the business model
in the early stage of the startup. We showed this link based on 17 expert interviews with founders around
the globe and through the application of social network analysis to a unique sample of 70 startups and
the professional networks of their 145 founders. More research needs to be done on business models, but
the findings we presented contribute significantly to understanding how business models evolve and affect
the success of early-stage internet startups. In Article IV, we examined employee turnover and mobility
within the information economy industry, with a focus on three subsectors. Our findings indicate that
these subsectors have distinct characteristics related to employee mobility and company size, type, and
age, suggesting that the information economy industry is not uniform from a turnover perspective. This
article has helped in developing a method for classifying sectors and sub-sectors of the information

economy using real-world data, specifically employee turnover data.

As for the fourth research question, we applied a gated recurrent unit classifier that classifies employees
in two states (leaver or stayer) by taking their e-mail communication data into account (Article V). The
classifier’s performance was evaluated using a variety of metrics, including accuracy, recall, precision, the
area under the curve, and Matthews correlation coefficient values. The recurrent neural network model
we developed provides promising performance. Here, a gated recurrent unit can strongly benefit from the
fact that it can look back in time and learn to correlate the calculated network metrics. Gated recurrent
unit approaches can learn these correlations, although it might require further training or different
variables to be added to the data. We concluded that our trained gated recurrent unit classifier is very
suitable for predicting employees’ turnover behavior. This is the first reported demonstration of a
successful application of gated recurrent unit neural networks to data from an organizational management

context. Article VI showed that the idea of synchronization and flow state can be used together to develop
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new metrics—based on methods and tools of social network analysis. The findings from our four case
studies give evidence to the potential of our proposed entanglement metric. We positioned our research
as a starting point for further people analytics research, which should consider employees’ social
interactions and communication, with the goal to improve and optimize collaboration, leading to more

satisfied employees and customers.
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Social Network Analysis in Software
Development Projects:
A Systematic Literature Review

Software development in project teams has become more and more complex, with increasing demands
for information and decision making. Software development in projects also hugely depends on
effective interaction between people, and human factors have been identified as key to successful
software projects. Especially in this context, managing and analyzing social networks is highly
important. The instrument of social network analysis (SNA) provides fine-grained methods for
analyzing social networks in project teams, going beyond the traditional tools and techniques of project
management. This article examines the importance of the application of SNA in software development
projects. We conducted a systematic literature review (SLR) of research on software development
projects and social network data published between 1980 and 2019. We identified and analyzed 86
relevant studies, finding that research on software development projects spans the topics of project
organization, communication management, knowledge management, version and configuration
management, requirement management, and risk management. Further, we show that most studies
focus on project organization and that the most common method used to gather social data relies on
automated extraction from various software development repositories in the SNA context. Our paper
contributes to the software development literature by providing a broad overview of published studies
on the use of social networks in helping software development projects. Finally, we identify research

opportunities and make suggestions for addressing existing research gaps.

Keywords: Social networks, Social networks analysis, Software development, Project management, Systematic literature
review
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Introduction

Creating unique software solutions gives modern enterprises an edge in the competition to develop
essential product and process innovations to achieve sustainable business benefits [16, 62, 96]. In addition,
software organizations are continually challenged by the need to improve the quality of software products
[41]. Therefore, the importance of software development projects has grown tremendously over the last

several years [65, 102].

The software development process has become more and more complex, with increasing demands for
information, knowledge, decisions, and teamwork. Software development projects face several major
challenges, including long geographic distances between participants across different time zones,
cooperation at the company level, and open software development standards [1, 66, 108, 151].
Furthermore, the importance of networking, scalability, and open standards continues to rise [55]. An
additional challenge is the participatory development that becomes more and more important due to
increasing complexity of software projects [20, 29, 147|. These software developments in projects also
hugely depend on effective interaction between people, and the human factors have been identified as key

to successful software projects [3, 9, 28, 44, 66, 107, 153].

Despite the standardization of software development through process models [46, 97], the success of
effective and eflicient software development continues to be influenced significantly by social networks.
One of the most common causes for software development project failure is poor communication and
interaction among customers, developers, users, and project managers [25]. These actors are embedded in
social networks that need to be developed and managed purposefully to enhance the effectiveness and
efficiency of software development [113]. In this context, managing and analyzing social networks is highly
important. In particular, social network analysis (SNA) in software project development projects has the

potential to reveal hidden structural issues and collaboration patterns [52].

Prior research on software development projects has focused on open-source software (OSS). OSS
projects are self-organized and dynamic processes in which volunteers around the world contributes to a
software product [57, 130]. The source code in open-source projects is made available with a license from
the copyright holder that provides the rights to study, change, and distribute the software to anyone and

for any purpose [86]. In contrast, the generated source code in closed-source development projects is not
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made freely available to the public [32]. Mixed business models provide open-source code and offer

commercial support [27].

While research focused on social networks in OSS projects has increased, there are fewer research
studies addressing the importance and influence of social networks in closed-source software development
projects. In contrast to OSS projects, enterprises can select project members from among their own
internal employees or from external resources, such as partners [67]. Furthermore, in enterprise-managed
software development projects, there is generally more flexibility in defining organizational structure,
spatial distribution, task allocation, and competence distribution compared to OSS projects [113].
However, while an enterprise-managed project’s social network may be better planned, designed, and
controlled than that of an OSS development project, research on OSS projects’ social networks suggests

they may have similar effects on closed-source enterprise-led software development projects [11].

The purpose of this study is to provide an overview of current SNA applications in software
development projects. Further, we propose a research agenda for investigating software development
projects with a focus on social networks based on a systematic literature review (SLR) using Kitchenham
and Charters (2007) approach. As our paper shows, the results of this literature review reveal new and
unexplored aspects of software development projects with respect to project organization, communication
management, knowledge management, version and configuration management, requirement management,
and risk management. This article provides a theoretical basis to formulate recommendations for future
research. The results of this paper are particularly relevant for researchers seeking an overview of the
topic, insights into software development projects and the role of social networks, and opportunities to

contribute to research in this specialized field.

The remainder of the article is organized as follows. In the next section, we provide brief background
information on SNA and software development projects, the two key concepts in our literature review.
Section 3 introduces the literature review, including the research method we used to conduct the study.
In Section 4, we analyze the literature and answer relevant research questions. Section 5 discusses our
limitations, and we conclude in Section 6 by highlighting the paper’s contributions and offering suggestions

for future research.
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Background
Social Network Analysis

The subject of our research is social networks within software development projects. These projects
are complex systems and can be analyzed using SNA, an interdisciplinary approach combining research
in anthropology, sociology, psychology, and organizational theory [14, 38, 103|. SNA places people and
their relationships at the center of research activities and provides systematic methods and measures to
identify, visualize, and analyze social structures and orders [103]. Many studies have demonstrated SNA’s
usefulness in the business context (e.g., to support strategy collaboration [37]) and in the organizational

context (e.g., for innovation support and knowledge work [38, 103]).

Social networks are described through rational, structural, and functional characteristics. The rational
dimension focuses on the links between pairs of individuals and can be described in terms of, for example,
intensity, reciprocity, and multiplexity. Structural properties, such as density and the size of a network,
correspond to the morphology of relationships between actors. Functional dimensions refer to

transactional content, such as how two workers might exchange knowledge or information.

Table 1 lists the basic social network properties used in our investigation and their different

dimensions that we encountered during our systematic literature review.

Structural characteristics

Property Definition Example Interpretation

Density The number of direct ties in a network as ~ Well-connected software development teams
a ratio of the total number of possible have many direct ties between team members.
links [142]. A low density indicates a software developer’s

little development involvement in the project
activities.

Size The sum of relevant actors [142]. Thus, network size metric allowing
comparisons of actors across different projects.
A software project with a high number of
actors has a high significance.

Bridge An individual node that provides the only = Team member that connecting separate

link between multiple clusters [134]. project teams are a bridge. Bridges are

important channels for information transitions
in software projects. Two developers cannot
further interact with each other when the
bridge is broken.

Degree centrality The number of direct ties to other nodes Influence, popularity, important software

[121]. developer in teams tend to have a high degree
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Closeness centrality

Betweenness centrality

A measure calculated as the sum of the
length of the shortest paths between a
node and all other nodes in a social
network [54].

The number of shortest paths that pass
through a given node [54].

centrality. If a developer is very popular, he
has many ties to other actors in the social
network.

A high closeness centrality metric shows a
rapid information distribution in
organizations. If the closeness centrality for
one software developer is high, it could be the
most important influencer.

This measure shows which nodes act as
‘mediator’ between nodes in a social network.
Manager with high betweenness centrality can
control the communication flow around a

software project.

Rational characteristics

Concept

Definition

Example Interpretation

Reciprocity

Multiplexity

Homogeneity

Intensity

A measure of mutually linked nodes [142].

The number of content forms contained in

a tie between nodes [134].

The similarity of nodes [120].

The strength of the relationship between

nodes in a network [121].

Connected software developer in software
projects that help each other’s in different
problem situations.

Software project member interact in multiple
contexts like coworkers and advisors. The
analysis of multiplex networks provides a more
realistic and more detailed picture of these
social networks.

The node actor homogeneity refers to
similarities of actors with respect to e.g. age,
country, and speech. The members of software
development projects could be with knowledge
of the same programming language and
speech.

Software developers that communicate with
each other often have high intensity. Intense
ties tend to be situated within subgroups in

large projects.

Functional characteristics

Transactional content

What is exchanged through the link of
two nodes [134].

The relations between software developers can
have different contents and implications.
Examples are friendship, information, or
services that are exchanged between project

members.

Table 1. Network properties

Many social network theories are based on these basic social network properties and provide
additional perspectives on complex social ties. We identified eight theories for our literature review, which
are summarized in Table 2. These theories are useful and relevant for understanding social networks in

software development projects.
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Theory concepts Definition

Example Interpretation

Clique analysis This analysis of social structure focuses on how
connections between large social structures can

be built with small and tight components [78].

Embeddedness Trusting relationships between actors tend to
expand through broker exchange. Trust acts as
the primary governance structure in
cooperation (structural effect of transitivity)
[137].

Structural holes Individuals hold certain positional advantages
or disadvantages based on how they are
embedded in social structures. A structural
hole is a gap between two nodes with

complementary sources of information [18].

Strength of weak ties This theory proposes that the most important
links in a network are not the strongest
connections but the weaker connections that
link otherwise unconnected groups through a
network bridge [59].

Social capital Social capital is the sum of the actual and
potential resources embedded within, available
through, and derived from an individual’s or
social unit’s network of relationships [104].

Power-law distribution A few actors have many incoming social ties,

and predominant actors have just a few ties

[6]-

Conway’s Law This law states that organizations design
systems that typically reflect their own

communication structures [34].

Small world Small-world experiments examine the shortest

average path length for social networks [143].

Core-periphery project structure of
software development teams. The
importance of having a stable and
healthy core team is essential to software
projects.

The contexts and relationships in which
software developers are embedded
influence the information and knowledge

they receive.

Identify developer who connects different
groups to fill these structural holes.
Structural holes emphasize a team
member’s abilities to access a wide range
of information, resources, or perspectives
as a key factor for efficient team
performance.

Weak ties of software developers provide
access to novel information from other
projects. In particular, weak ties provide

access to nonredundant information.

Developer’s access to resources from a
network of relationships, may emerge as
a key factor that differentiates those who
are more productive than others.

Social network in which a small fraction
of the software developers occupies many
links while most of the nodes only have a
few links.

The software design typically reflects the
organizational structure of its
development team. This can generate
dependencies between different software
developers.

Structure of relationships among
developers affects how efficient
information and knowledge is shared

among them.

Table 2. SNA concepts

Software development projects

The software development process comprises highly complex tasks and subtasks that cover different
aspects of software development and project management. A variety of conceptual models exists that aim

to structure and define these tasks and subtasks to make them more manageable and provide guidance
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regarding the order in which a project’s tasks should be carried out [12]. Each model has its own strengths
and weaknesses and is not necessarily suitable for all types of software development projects [12].
Complexity is a major influencing factor when it comes to choosing an appropriate software development
model. Hence, some past software development models, such as the waterfall model [115], spiral model
[12], rapid prototyping model [56], and several others, are either sequential or cyclical. They all cover the
(3)

implementation, and (4) testing. These phases are also covered by more general models, such as the

same important phases of software development: (1) planning and analysis, (2) design,
systems development life cycle (SDLC) [111, 118] and Standard ISO/IEC 12207 “Information Technology
Software Lifecycle Processes” [73]. Every software development project management approach uses this

generalized four-phase method.

The four phases cover six major classes of management topics related to software development
projects, as shown in Table 3. Each of these topics corresponds to a management process and fulfills an

overarching role in the course of software development projects, making it crucial for project management.

Figure 1 shows how the corresponding processes fit into this context.

Topic

Description

Project organization

(PO)

Communication
management

(CM)

Knowledge management
(KM)

Version and configuration
management

(VM)

Requirement
management

(RM)

Risk management
(RD)

Project organization includes the organizational and operational structure of a project.
The organizational structure is set within the company to identify and define individual

work processes [17].

Essential tasks of communication management include planning, collecting, distributing,

and storing project information [88].

Knowledge management involves activities and processes for leveraging knowledge to
enhance competitiveness through the creation and use of individual and collective

knowledge resources [89, 122].

Software projects create many artifacts (i.e., project results). These documents, databases,
programs, and pieces of source code typically exist in different versions and must be
managed accordingly. Software configuration management tasks include identifying,

organizing, and supervising changes to artifacts [64].

The requirement management process describes activities for obtaining and controlling
requirement changes and ensures that related to relevant plans and data are kept up to
date. Further, it provides requirements traceability and ensures that changes to
requirements are reflected in project plans, activities, and work products [30].

The focus of risk management is to identify potential uncertainties and evaluate and

derive appropriate actions. The aim is to minimize project risks [51, 83].

Table 3: Management topics in software development projects
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Requirements Analysis Implementation

General Software Development Life Cycle

AES - Version and .
Communication Requirement 5 : Knowledge oject -
configuration L Risk management
management management management organization
managemen

Project Management Processes

Figure 1: Overview of software development project management processes
Research method

To investigate potential research gaps and the potential for using social network analysis in software
development projects, we conducted an SLR, a well-structured and repeatable method to identify,
evaluate, and interpret existing literature relevant to a specific research topic [35, 82, 139, 144]. We
followed guidelines for performing SLRs in software engineering [15, 82]. Our SLR focuses on research
outcomes and methods covering two areas: software development projects and SNA. Our focus on
propositions and concepts in these two research areas inform the organization of this paper, which follows
a conceptual structure. Also, to guarantee a neutral representation of the review results, we adopt no
particular perspective. The audience for this review is specialized scholars interested in research of using
SNA in the context of software development projects. We show ways to contribute to the development

of research in this specialized field.

Define objectives of SLR Study selection Dissemination

Define research questions Quality assessment Answers to research questions

Define search strategy Data extraction and monitoring Evaluation

Define inclusion and exclusion criteria Data synthesis

Protocol validation

Figure 2: Main SLR phases [82]

We split our SLR into three phases, as suggested by Kitchenham and Charters (2007): planning,
conducting, and reporting. These phases and their sub-steps ensure rigor and transparency throughout

the SLR process (see Figure 2).
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Research questions
The research questions outline what should be addressed and evaluated from the selected publications,
so defining suitable research questions is the most important activity during the planning phase [82].

Table 4 presents the research questions we chose to achieve the objectives of this SLR.

No. Research question

RQ1 Which main research trends can be identified by analyzing relevant publications about SNA in software
development projects?
RQ2 What are the main research findings about SNA in software development projects?

RQ3 What future research opportunities does current research reveal?

Table 4: Research questions

Search string

To identify relevant publications, we conducted a keyword-based search using electronic databases.
The keywords initially identified were derived from the research questions (see Table 5), from trial
searches, from consultations with experts in the field and using the PICO method (population,
intervention, comparison, outcome) [82]:

e Population:Social network analysis

e Intervention: Software project management

e Comparison:not relevant (this is an exploratory study)
e QOutcome:Source code

To find higher quality and more relevant references from the electronic database search within the

management topics in software development projects, the search terms were not chosen too restrictively

[82).
Main topics Related terms
Social network analysis SNA

Social network
Software project management Software project

Software development

Project development

Project governance
Source code Closed source

Open source

Table 5. Search Keywords

The resulting search terms with similar meanings were organized into logical groups. Combined terms

are obtained using the OR logical operator in the same group. The final search string was obtained using
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the AND logical operator between the different logical groups. The complete database search string is

shown in Table 6.

(“social network analysis” || “social network*”)

&

113 : . 99 13 : %99
(“software project management” || “software project*” |

&

(“source code” || “closed source

‘ ¢

‘software development” || “project governance”)

" || “open source”)

Table 6: Search string

Inclusion and exclusion criteria
We considered all papers published from January 1980 to April 2019, excluding studies not peer

reviewed as well as those that appeared as research-in-progress studies in conference proceedings.

To identify relevant publications, we conducted a keyword-based search using the following databases
Table 7. The digital search libraries were selected because they were known to have been used as source
for other systematic literature reviews related to software engineering [15, 112]. These sources include
certain highly important journals, such as: Information and Software Technology, IEEE Software,
Computer, Information and Management, and Systems and Software. Moreover, we included Google
scholar, a web search engine that indexes the full text or metadata of scholarly literature across different
disciplines to get an extended perspective. The efficient use of Google scholar to perform bibliometric
studies has been demonstrated [114]. Nevertheless, the Google scholar restrictions must be respected in

our keyword-based search [13].

Digital Libraries URL

ScienceDirect https: //www.sciencedirect.com /browse/journals-and-
(subject Computer Science) books?subject=computer-science

Wiley InterScience https://www.wiley.com /en-

(subject Computer Science) us/General + %26+ Introductory+Computer+Science-c-CS00
IEEE Digital Library https://www.computer.org/csdl

ACM Digital Library https://dl.acm.org/

Google Scholar l_lttps: ,f”sckLm.;{oogge.de/

Table 7. Search databases

The search string presented in Table 6 was adapted to each search engine, related to the features or
restrictions that each search engine had. Several databases use a different syntax e.g. for Boolean
operators. In these cases, we replaced ||’ with “OR” or vice versa. The command search queries used in

each digital library and search engine are shown in Table 8.
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https://scholar.google.de
https://dl.acm.org
https://www.computer.org/csdl
https://www.wiley.com/en
https://www.sciencedirect.com/browse/journals-and

Source Specific search string Extra options Results

ScienceDirect Social network software project Using the abstract, title, and 106
keyword search; 1980 — 2019
Wiley InterScience "(“social network analysis” OR “social Subject Computer Science; 495
network™”) AND (“software project Journals; 1980 — 2019

management” OR “software project*” OR
“software development” OR “project
governance”) AND (“source code” OR “closed

source” OR “open source”)

IEEE Digital Library social network AND software project Full text; 1980-01 — 2019-03 549

ACM Digital Library +"social network" +"software project" Published since 1980 67

Google Scholar [(“social network analysis” || “social Respect to limitations of Google 15600
network*”) & (“software project Scholar; Choose period year by
management” || “software project™” || year

“software development” || “project
governance”) & (“source code” || “closed

source” || “open source”)]

Table 8. Search queries
All search results were stored in Citavi and classified as relevant or irrelevant by the reviewer team.
To determine relevance, we manually screened each stored paper’s title, abstract, and keywords. We then

further excluded papers that did not match our research focus and questions.

Table 9 shows our inclusion and exclusion criteria. The inclusion criteria were applied using “AND”

as logical operator and the exclusion criteria using “OR” as logical operator between them.

Inclusion criteria Exclusion criteria

Studies published after 1980 Studies without reference to software development projects
Studies that refer primarily to SNA and in software Studies that refer to the use of social media applications
development projects (e.g., Facebook or Twitter)

Books, monographs, journal articles, and conference Studies not peer reviewed and not in a scientific context

proceedings
Studies written in languages other than German or English

Studies appearing as research in progress, posters, or short

papers of fewer than six pages

Table 9: Inclusion and exclusion criteria

Study quality selection

Each paper was checked against the quality assessment criteria inspired by Database of Abstracts of
Reviews of Effects (DARE) [24] and shown in Table 10. The five quality assessments (QAs) were
performed by the first author and were verified by the second author. We verified whether the publications
mentioned or discussed issues related to each of the quality metrics. Any differences of opinion between
the first two authors were resolved through discussions until a consensus was established.
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Is the explanation of the research aim, hypothesis, and research design understandable?
For empirical research papers:

Were the data collected in a way that addressed the research issue?

Is the research method stated explicitly?

Are limitations of this study mentioned?

Is there a clear statement of findings?

Was the study published in a recognized source?

Table 10: Quality assessments

The questions were scored as follows:

e QALY (yes) +1, the research aim, hypothesis and research design are clearly defined; P (partly)
+0.5, the research aim, hypothesis and research design are implicitly defined; N (no) 0, the research

aim, hypothesis and research design are not defined.

e QA2: For empirical research papers:

e QA2a): Y +1, the data collected addressed the research issue; P +0.5, the data collected address

implicit the research issue; N 0, the data collected not address the research issue.

e QA2 D): Y +1, the research method is clearly stated; P 40.5, the research method is implicitly

stated; N 0, the research method is not stated.

e QA3:Y +1, the limitation of this study are mentioned; P +0.5, the limitation of this study not

clearly addressed; N 0, there are no limitations of this study.

e QA4:Y +1, the study has clear findings; P 40.5, the study has a statement and findings; N 0,

the study has not a clear statement and findings.

e QA5:Y +1, the study was published in an accredited and stable publication source. This rating
is based on the 2018 journal citations report (JCR) for journals [72] and the computer science
conference ranking in Computing Research and Education (CORE) 2018 [36]; N 0, the study was

published in an unranked publication source.

We excluded all papers that did not match our quality assessment with a score greater than 0 in all

questions.
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In addition, we screened the references of the search results for other relevant research publications
by applying a manual backward search. Moreover, we applied a forward search by using the “citied by”
function of Google Scholar, to identify publications that cited by the publications (see Figure 3). These
search results complied with the inclusion/exclusion criteria. We marked the studies we found via the

backward search with “BREF” the forward search with “FREF”.

Formulating the RQ

RQl Which main rescarch trends can be identified by analyzing relevant publications about SNA in software development
projects?

RQ2 | What are the main research findings in SNA in software development projects?

RQ3 ‘What future rescarch opportunitics does current rescarch reveal?

v

Defining the general search term

(“social network analysis™ || “social network*”) &
(“'software project management™ || “software project®” || “software development™ || “project governance™) &
(“‘source code™ | “‘closed source™ || “open source™)

Defining the databases/search engines for queries
Science@Direct (SC)
Wiley InterScience (WI)
IEEE Digital Library from the Computer Society (IEEE)
ACM Digital Library (ACM)
Google Scholar (GS)

:

Executing the search

sC WI IEEE ACM GS
104 495 520 67 15.600

!

Examining the relevance regarding title and abstract

SC W1 IEEE ACM GS
104 495 77 36 363

A

Inclusion and exclusion criteria

SC WI IEEE ACM GS I BREF FREF
11 1 8 8 54 18 6

.

Study quality selection

SC WI IEEE ACM GS + BREF + FREF
10 1 8 7 47 14 4

!

Creating the literature review

Figure 3: SLR process
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The results of the search including the relevant publications are shown in the literature collection

(see Appendix A). Finally, all 86 articles were read carefully for consideration for our literature review.

Data extraction strategy

Once the primary studies were chosen, the relevant data for the systematic literature review was
obtained to answer our RQs. Another spreadsheet was used to extract data concerning SNA and software
project management processes. The data extraction strategy was more challenging for the heterogeneous

studies and is explained for each RQ here:

RQ1: Which main research trends can be identified by analyzing relevant publications in SNA

software development projects?

The year, publication source, type of software source code, level of analysis, research focus in software
project management process and data collection method for each paper is listed and the aggregated results

will be presented.

RQ2: What are the main research findings in SNA in software development projects?

The general key findings in SNA and the results from the different research areas in software project
management processes for each paper are recorded. The classification of the different processes will be

based on Table 3.

RQ3: What future research opportunities does current research reveal?

The overall key research opportunities in SNA and the results from considering the different research

areas will be documented.

Results

This section presents our findings from the SLR. First, we describe an overview of the relevant studies

via a research matrix. Afterwards, we discuss each of the research questions in light of these findings.

Overview
In this section, we conduct an analysis of the management topics in software development projects.

Additionally, we checked the relevant documents from the literature review to identify research that
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already exists relating to SNA in software development projects. Subsequently, the documents were

classified according to the SNA level of analysis (individual, project, or organization) and the type of

source code availability (closed source, open source, or both). In addition, the SNA specifics mentioned

in Section 2 have been expanded in this following list. An overview of this information is presented in

Table 11.
=1
= 3
g i :
§ £§5 g% TS 5§ ¥
.5 B5 ¥E ZE HE &
£f Ef 9 £§& 29 4
= 3 £ 5 o & 248 52 s
S w0 & g & g 2 < .4
£ 5 CEf w2 E =8 g E & &
Individual 3 0 1 0 0 0 4
Analysis level Project 43 12 13 2 2 5 77
Organization 1 0 0 0
Both (closed and open source) 0 0 2
Source code availability Closed source 3 0 2 1] 13
Open source 43 10 11 2 0 2| 68
Density 26 6 9 0 6 41 51
Size 34 9 11 1 1 41 60
Bridge 6 2 5 0 0 1 14
Structural characteristics
Degree centrality 17 8 4 1 2 3 35
Closeness centrality 5 1 2 1 2 3 14
Betweenness centrality 14 3 3 1 2 21 25
Reciprocity 5 1 3 0 0 0 9
Multiplexity 4 1 0 0 0 0 5
Rational characteristics
Homogeneity 9 0 0 0 0 0 9
Intensity 4 1 0 0 0 0 5
Functional characteristics Transactional content 2 0 2 1 0 0 5
Clique analysis 31 3 5 1 0 1| 41
Embeddedness 5 0 2 1 0 0 8
Structural holes 4 1 1 0 0 0 6
Strength of weak ties 4 0 0 0 0 0 4
SNA theory concepts
Social capital 6 0 3 0 0 0 9
Power law distribution 6 0 1 0 0 0 7
Conway’s Law 3 1 0 0 0 0 4
Small world 3 1 0 0 0 0 4
Total 49 13 15 2 2 5

Table 11: Research matrix

Main research trends

In this section, we answer our first research question, RQ1: Which main research trends can be

identified by analyzing relevant publications in SNA software development projects?
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Many studies focused on open-source software projects in software development projects (79.1%, 68
publications). Other publications concentrated on closed-source software projects (15.1%, 13 publications)

or on both types of software projects (5.8%, five publications).

Software development
Papers Amount Percent

projects area

S1, S2, S3, S4, S6, S7, S8, S9, S10, S11, S12, S13, S14
S15, S17, S19, S22, S24, S25, $26, S27, S28, S29, S30, S31,
S35, $36, S37, S39, S40, S41, S42, S43, S44, S45, S46, S47

Open source 68 79.1%
S48, S50, S51, S52, S53, Sh4, S55, S57, S58, S59, S60, S61,
S62, 563, S64, S65, S69, S70, S71, S72, S73, S74, S75, S76,
S78, S80, S81, S83, S84, S85, S86
S5, S20, S21, S32, 34, S38, S49, S56, S66, S67, ST7, ST9,

Closed-source 13 15.1%
S82

Mixed S16, S18, $23, S33, S68 5 5.8%

Table 12: Relative amount of publications by type of software development project

The level of analysis used in each study is also of interest, because different social network levels
describe the research focus of existing researcher’s investigations. The documents were classified by the
SNA levels of individual, project, and organization. Project was by far the most common level of analysis

(87.5%, 77 publications) followed by organization (8%, 7 publications) and individual (4.5%, four

publications).
Level of analysis Papers Amount Percent
Individual 59, S17, S60, S72 4 4.5%

S1, 82, S3, S4, S6, S7, S8, S10, S11, S12, 13, S15, S16
S17, S19, S20, S21, S22, S23, S24, S25, S26, S27, S29,
S30, S31, S32, S33, S34, S35, S36, S37, S38, S39, S40,
Project S42, 543, S44, S45, S47, S48, S49, S50, S51, S52, S53, 77 87.5%
S54, S55, S56, S57, S58. S59, S60, S61, 62, S64, S65,
S66, S67, S68, S69, S70, ST1, S73, S74, S75, ST6, ST7,
S78, S79, S80, S81, S82, S83, S84, $85, S86
Organization S5, S14, S18, S28, S41, S46, S63 7 8.0%

Table 13: Relative amount of publications by level of analysis

There were no relevant findings of research works published before 2002 (see Table 14). Table 14 also
shows the number of publications by topic, including communication management, requirement
management, version and configuration management, knowledge management, project organization, and
risk management, ordered by their year of publication. Project organization was the main research focus.

The number of papers on the other topics was very irregular, thus preventing any major conclusions.
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In general, based on the number of publications, there seems to be a volatile interest in SNA focusing

on projects.

Project Communication Knowledge Version and Requirement Risk
Year organization Management Management configuration Management Management Total

Management

2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018 O
Table 14: Number of publications by topic area

. O O =

© H U Wk H OB WNO WO O -

O O = O O NN N OO

=N O = WO NN O O O O

S O = O O = O O O O O O o o o o o

O O O O O O O = - O O O O o o o o

S O O O O O O N MMM OOOoO o o O
9]

[y
-

Table 15 shows the research focus of the selected papers. Data on these selected publications indicated
that the major research topic was project organization (57.0%, 49 publications). The other common
research topics observed in our review were in the areas of knowledge management (17.4%, 15

publications) and communication management (15.1%, 13 publications).

Research areas Papers Amount Percent
S2, S5, S6, S7, S9, S10, S11, S12, S13, S17, S18,
S19, S24, S25, 526, S27, S28, S30, S31, S33, S36,

Project organization S37, S40, S41, S42, S43, S44, S45, S48, S50, S5H3, 49 57.0%
S55, S56, S57, S59, S61, S64, S65, S68, S70, ST71,
S72, S74, S77, S78, S81, S83, S85, S86
S1, S4, S14, S15, S20, S21, S29, S34, S47, S51,

C icati t 13 15.1%
ommunication managemen S60, S75. S84 0
S3, S8, 522, 835, S38, S39, S46, S60, S62, S63,
Knowledge management 15 17.4%
566, S67, S73, S76, S82
Requirement management S32, 549 2 2.3%
Risk management S16, S23, S54, S58, S79 5 5.8%
Version and configuration management  S52, S80 2 2.3%

Table 15: Research areas
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To substantiate this analysis, we looked at the social data-collection methods the relevant papers
used (see Table 16). In these publications, the most common method for data collection is automated
extraction from various software development repositories (80.9%, 72 publications). These databases keep
track of the software development process. The second most common data-collection method observed in

our review was surveys (8.0%, 8 publications).

SNA data-collection method Papers Amount Percent
S1, S2, S3, S4, S6, S7, S8, S9, S10, S11, S12, S13,
S14, S15, S17, S19, S21, S22, S23, 524, S25, S26,
S27, 528, S29, S31, S33, S34, S35, S36, S37, S39,

Content analysis from repository S40, S41, S42, S43, S44, S45, S46, S47, S48, S50, 72 80.9%
S51, 552, S53, Sh4, S55, S57, S58, S59, S60, S61,
S63, S64, S65, S66, S69, S70, S71, S72, S73, S74,
S75, S76, S77, S78, S79, S80, S81, S83, S85, S86

Surveys S18, S20, S32, S42, S49, S56, S57, S72 8 8.0%
Combinations S5, S30, S38, S62, S67, S68, S82 7 7.9%
Simulations S16 1 1.1%
Observations S48 1 1.1%
None - 0 0.0%

Table 16: SNA data-collection methods

Another major factor regarding influential publications is the citation counts from the digital library
Google Scholar. We took the top 10 research papers with the most citations. The search was executed in

April 2019 and is shown in Table 17.

Title Paper Research area Year Citations
Mining email social networks S51 Communication Management 2006 596
The social structure of Free and Open Source software L
S69 Communication Management 2015 543
development
Location, Location, Location: How Network
Embeddedness Affects Project Success in Open Source ~ S70 Project organization 2006 505
Systems
Socialization in an Open Source Software community: . L
] ) ] S72 Project organization 2005 425
A socio-technical analysis.
The Open Source Software Development Phenomenon: . o
. . S7 Project organization 2002 327
An Analysis based on Social Network Theory
Latent Social Structure in Open Source Projects S50 Project organization 2008 269
Predicting Failures with Developer Networks and Social .
. S79 Risk Management 2008 217
Network Analysis
Social dynamics of free and open source team L
S29 Communication Management 2006 186

communications
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Hierarchy and Centralization in Free and Open Source

Software Team Communications

Network effects: The influence of structural capital on

open source project success

S71 Project organization 2006

S13 Project organization 2011

186

156

Table 17: Influential research publications

Table 18 shows the top 10 important sources and channels of publications for SNA in software

development project research. This result shows that 8 selected papers were presented at the Hawaii

International Conference on System Sciences (HICSS) and its related workshops. This analysis shows the

main publication sources and the journal or conference rank as a quality indicator.

Publication
Publication source Ranking Papers Amount
channel
Hawaii International Conference on
i Conference CORE A S15, S17, S19, S35, S46, S53, S56, S59 8
System Sciences (HICSS)
International Conference on Software
) ) Conference CORE A* 6
Engineering (ICSE) S30, S32, S42, S57, S82, S80
International Federation for
. ) Conference CORE A 6
Information Processing (IFIP) S3, 525, S26, S29, S40, S83
Information and Software Technology
Journal JCR 2.694 S38, 552, S60, S62, S66 5
(IST)
International Conference on
) Conference CORE C S2, S4, S28, S44 4
Information Systems (ICIS)
Empirical Software Engineering Journal JCR 3.275 S43, S74 2
First Monday Journal JCR 0.563 S12, S69 2
Journal of Software and Systems
Journal JCR 2.444 S47, S68 2
(JSS)
The Americas Conference on
. Conference CORE A S6, S7 2
Information Systems (AMCIS)
Special Interest G Soft
perjla I,l erest atoup on Sottware Conference CORE B S50, S79 2
Engineering (SIGSOFT)
S8, S9, S13, S20, S36, S43, S45, S47,
Other Journal - S61, S63, S64, S65, S67, S68, S70, S71, 23
S72, S73, S74, S75, S78, S81, S85
S1, S5, S10, S14, S16, S23, S31, S34,
Other Conference - S37, S39, S41, S48, S49, S51, S54, S55, 18
S58, S84
Other Workshop - S22, 524, S77, S86 4
Other Book - S11, S76 2

Table 18: Publication source and channel
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Main research findings

In this section, we answer our second research question RQ2: What are the main research findings in

SNA in software development projects?

There is a lot of research at the project analysis level (77 papers). Regarding source code availability,
open source (68 publications) is the main focus of research on software development projects.
Furthermore, the main topics in current research are project organization (49 publications) and knowledge

management (15 publications).

There are different research focuses related to the SNA areas (see Table 2 - SNA theory concepts).
The main SNA research topics include structural characteristics (78 studies) followed by rational
characteristics (21 documents). However, many studies also concentrate on clique analysis (41
publications) and social capital (9 papers). Below, we discuss the key findings from the different research

areas in software development.

Project organization. In software development projects, project organization among distributed
software developer is a challenge especially to mainly geographic distances, cultural distance, different
time zone and cooperation at company level [66, 151]. From the analysis, we observed that research
studies in this area examined coordination and cooperation in software development projects. Research
focused on social project structure and the theory concept clique analysis. This theory includes especially
the topics of core periphery (core team and enhanced team) and cluster [21, 33, 75, 136]. Other results of
studies in this topic suggest that there is a symmetry between social networks and design structures in
different software projects. Findings support this hypothesis and confirm Conway’s Law [2, 4, 84]. There
are additional investigations of the influence of social capital [61, 87, 125, 126, 133, 141] and power law
distribution [33, 67, 76, 95, 145, 152] in software development projects. According to previous studies, the
influence of social capital on open source software projects’ success and developer productivity is examined
[141]. We found evidence that cohesive social ties between team members in their social networks lead to
more productivity [87, 126]. It was also evidenced that the power law distribution in open source projects
exists [33, 67, 76, 95, 145]. In this area, many more SNA studies have focused on the rational

characteristics of social ties.
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Communication management. Communication within projects, which has become increasingly
complex, is one key to successful projects [106, 148, 150]. We identified many studies that use SNA to
visualize and examine the communication structure between team members [39, 106]. Research in
communication networks in large commercial software project found that individual software developers
perform better when they are central in a team’s communication network [22]|. Furthermore, individuals
embedded in dense communication clusters at the team and project levels perform better than those who
are not embedded [48]. Another paper examined how communication develops between individuals and
groups over time and their correlation to project development [58]. The method of SNA to visualize
communication patterns helps teams and managers to track the progress, improve the communication
and avoid communication gaps in software development projects [128]. In regard to SNA theory, there
are many further investigations of clique structure in the area communication management [22, 58, 106].

Additionally, many researches focused on the structural characteristics of social ties.

Knowledge management. Several SNA findings demonstrated that network ties are important for
knowledge flows in open-source [94, 135]. One research illustrated how to identify the man-in-the-middle
(bridges) between other community members and proved the importance of this role [135]. Another studies
addressed the direction of knowledge flows among different projects in social networks and its impact on
project success [50, 99, 110]. Measurements from one work support the generalized reciprocity exchange
theory in the area knowledge management [99]. An additional study demonstrated how network analysis
techniques can be used to identify key authors and subject matter experts [45]. It was also evidenced that
the identification of knowledge experts in open source software projects is possible with SNA methods
[129]. Besides, that team members that are boundary spanners have extensive domain knowledge and
hold key positions in the control project structure [42]. In this research area, many studies focused on the

structural characteristics of social ties and on clique analysis [81, 90].

Version and configuration management. High quality bug tracking and code reviewing are
regarded as the most important approach to preserving quality in software development projects [156,
157]. In research by Zanetti, Scholtes, Tessone, and Schweitzer (2013), the authors propose an efficient
and practical method to identify valid bug reports that refer to an actual software bug and contain enough
information to be processed. This developed method could easily be integrated into bug-tracking

platforms, and its performance could analyze open-source communities using SNA [157]|. Further research
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was conducted on automated recommendations for code reviewers to improve the development

performance [156].

Requirement management. Two articles have examined stakeholder involvement and their
importance for software development projects [91, 92]. The results of another study reveal that stakeholder
communication and involvement have been recognized as a major success factor in commercial software
development projects [91]. Additionally stakeholder communication and involvement have been

recognized as a major success factor in commercial software development projects [91].

Risk management. In one study, Sureka, Goyal, and Rastogi (2011) presented a systematic
approach for mining defect-tracking systems for risk, threat, and vulnerability analysis in software
projects. They derive a collaboration network from a defect-tracking system and apply SNA techniques
to demonstrate how important information pertaining to risk and vulnerability can be uncovered using
SNA [130]. In another study, the authors proposed a new set of social network metrics for issue repositories
to predict defects. The results of the experiments reveal that compared to other sets of metrics, using
social network metrics for issue repositories considerably decreases high false-alarm rates [9]. In risk
management, three papers focus on structural characteristics [9, 53, 130]. One study focuses on the SNA

theory concept of clique analysis [130].

Future research opportunities
In this section, we address our third research question: RQ3: What future research opportunities does

current research reveal?

Further research is needed at the individual level of analysis (three publications). Regarding source
code availability, additional work needs to be conducted on closed-source and mixed software projects
(three publications). Also, there is a significant lack of research on the functional characteristics
(transactional content) of SNA as only five studies currently exist on the topic. In terms of SNA theory
concepts, there is a small number of papers about Conway’s Law (four publications), the strength of weak

ties (four publications), and the small world examination (four publications).

The following is an outline of the research gaps identified for further investigation organized by topic.

98



Project organization. Further research is needed on closed-sourced and mixed software
development projects to determine whether a similar (or even the same) power law relationship forms in
closed-source/mixed projects as found in open-source projects. Furthermore, there is missing research on
the dynamics of social networks in software development projects over time and the whole project lifecycle.
In addition, there is a lack of work on the formation of subgroups and their behavior within software
development communities. More and more companies participate in open source software to gain
competitive advantages. This leads to interesting research fields in the collaboration of these competing
companies and their software developer in these projects. Moreover, we lack insights into social dynamic
network processes when individual developers with high centrality leave their projects. There are also
shortcomings in knowledge with respect to social network behavior in projects when people leave/join

project teams. Regarding SNA network properties, there are only two studies on functional characteristics.

Communication management. There is a considerable need for research on how to enable and
use real-time monitoring tools that can analyze communication data in projects. Such work would enable
project managers to optimize and fine tune a project during the project’s runtime. There is also insufficient
research on the dynamics of communication patterns in projects and their impact on success. To evade
communication deficits, SNA could even help to avoid struggles in the planning phase. Generally, there
is a lack in effects of the development of complex communication networks in time-series basis to social
networks of software projects. In regard to SNA theory concepts, there is a significant research gap, as
there are only a few papers on the strength of clique analysis (three publications), Conway’s Law (one

publication), small world (one publication), and structural holes (one publication).

Knowledge management. Additional research is needed regarding the identification, prioritization,
and coordination of knowledge brokers and their importance in closed-source and mixed software projects.
Automated text analysis methods—for example, on emails or messenger messages—could be helpful to
analyze knowledge flows. We also have insufficient understanding about how knowledge is transferred
from inside a project to a company’s external social network. Moreover, it is important to optimally
design the transfer of knowledge and to plan or transfer runtime-essential knowledge during the project
period. This topic is gaining importance as more and more software projects are partially executed in
cooperation with external companies [66, 151]. Currently, there is insufficient research on project

knowledge flow and distribution throughout the entire duration of projects; further research into these
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dynamic knowledge processes is essential. In regard to SNA theory concepts, there are significant research

gaps related to Conway’s Law, the small-world phenomenon, and the strength of weak ties.

Version and configuration management. Initial research in version and configuration
management can be used to automate bug categorization and distribution. Further investigations aimed
at automated task division and assignment to the appropriate software developer is required; such work
should use a combination of text analysis methods and SNA. Also, the research gap in SNA structural
characteristics density and bridge is large because no study exists in this area. Regarding SNA theory
concepts, there is currently one paper on the strength of clique analysis and one paper on embeddedness.

This means there are many future research opportunities in this area.

Requirement management. SNA may help identify important brokers, stakeholders, or
organizations/companies involved in a project. Research on how the flow of information must be optimally
designed to make the best use of these stakeholders is missing. There is a lack of qualitative studies on
stakeholder management as well as on stakeholder-specific characteristics. Furthermore, there is missing
research in prioritization requirements over project time to accommodate changing scope, stakeholders,
and roles. In this topic area, research on SNA theory concepts, particularly the rational and functional
characteristics of social ties, is missing as there are no papers available. In addition, we did not find any

research results regarding SNA theory concepts to this topic.

Risk management. A fundamental understanding of the specific use of standardized SNA metrics
for risk management within software development projects is still lacking. In addition, the risk
management process involves the identification, prioritization, subsequent prevention, and reduction of
potential project risks, especially in the critical human social network sector of software development
projects in complex environments. In terms of network properties and SNA theory concepts concerning
risk management aspects, there is a large research gap as well. Furthermore, there are no studies about
rational and functional characteristics, and only one study exists on the theory concept of clique analysis.

Thus, there are many opportunities for future research in this research area.

Limitations

The purpose of this work is to provide an overview of social networks in software development

projects. This study is based on the systematic research method explained in Section 3. Every SLR faces
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numerous limitations. Restrictions obviously result from the selection of papers, choice of methods and
search strings, interpretation of heterogeneity, and application of results. The validity of the study is
concerned with the trustworthiness of its results. The scheme of validity and threats distinguishes between

construct validity, internal validity, conclusion validity and external validity [116, 146].

The construct validity refers to the extent to which the operational measures that are studied
represent what is investigated according to the RQs aim. One problem in this review was the limitation
of keywords searches in the selected online databases. The search keywords were generated by the PICO
method and in several iterations to ensure high quality. Further, our own bias might have influenced the
selection of papers. To decrease this validity, the search was executed and validated by two authors in
several iterations. Another threat was the selection of digital search engines. We had reduced this risk by

using five different digital libraries.

With regard to the internal validity of the study, our study selection process may have been inaccurate
due to potential misinterpretation of the inclusion/exclusion criteria. Moreover, the classification and the
decision to assign a study to a specific research area can be considered subjective. To minimize this
limitation, the process was carried out by two authors and the others reviewed the final results. To
prevent bias in the results, we tried to make the whole SLR procedure as traceable and clear as possible

in this document.

The conclusion validity is a factor to draw the correct conclusion about relationships in our data and
was concerned with the ability to replicate these findings. Regarding the study search and selection, we
combined our database search strategy with the forward and backward snowball method. The aim of this
combination was to balance the precision values of our search and minimize the factor bias. Additionally,

each step of the SLR was validated and the periodic reviews carried out by the involved researchers.

External validity concerns how far the results of a study can be generalized. Many studies are
conducted on small software development projects and hence generalizing them to large software
development projects is not possible. In the few cases where SNA is conducted on social networks in small

software development projects as well as case studies on large projects, the external validity is reasonable.
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Conclusion

This study provides an SLR summarizing the current state of academic research on social networks
in software development projects as well as a research agenda with focus on social networks in these
development projects. We selected 86 relevant studies from 1980 to 2019 and, to analyze these documents,
defined and specified three research questions. Based on our goal and this set of research questions, we
extracted data and synthesized these studies. We summarized and organized the selected papers using a
classification system we derived from software development models and their associated project

management processes to highlight existing research focuses.

The six major SNA management topics related to software projects include project organization,
communication management, knowledge management, version and configuration management,

requirement management, and risk management.

Our key findings related to primary research trends in this area are as follows. Many studies have
focused on open-source software development projects (79.1%), the most common target of analysis has
been the project (87.5%), and the major research focus has been project organization (57%). Furthermore,
there seems to be a volatile interest in SNA focusing on software projects as shown by the number of
publications over the years (particularly between 2002 and 2018). In Section 4.3, we summarized the most
important research findings, and identified and ordered them based on the categories we developed. In
Section 4.4, we highlighted existing research gaps and areas for further investigations. Our review revealed

many gaps in this research field with high importance for open source and commercial organizations.

Based on our answers to the research questions, the SNA provides a crucial set of methods for
analyzing the structure, position, autonomy, and relation of individual actors in software development
projects. In addition, the topics of project organization, communication management, knowledge
management, version and configuration management, requirement management, and risk management
provide a wide range of research opportunities for further investigation. Deeper analysis and description

should be conducted at both the social network individual and organization levels of the project topics.

The utility of this study for academic lies in the assessment of gaps in this research area. This research
field is relatively new, and we expect more work in the near future to enhance knowledge about SNA in

software development projects and lead to greater success.
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Appendix A

Literature collection

Study ID

Paper

Research area

Year

QA1

QA2

QA2

QA3

QA4

QA5

Score

S1

Analysis of Survival of Open
Source Projects: a Social
Network Perspective [150]

Communication
management

2007

S2

Discovering Determinants of
Project Participation in an
Open Source Social Network
[70]

Project organization

2009

S3

Impacts of Social Network
Structure on Knowledge
Sharing in Open Source
Software Development

Teams [94]

Knowledge
management

2008

0.5

5.5

S4

Investigating Success of Open
Source Software Projects: A
Social Network Perspective

[149]

Communication
management

2007

S5

Mapping Social Network to
Software Architecture to
Detect Structure Clashes in
Agile Software Development

[4]

Project organization

2007

0.5

0.5

0.5

4.5

S6

Social Network Dynamics for
Open Source Software
Projects [93]

Project organization

2006

0.5

5.5

S7

The Open Source Software

Development Phenomenon:

An Analysis based on Social
Network Theory [95]

Project organization

2002

S8

Direct and indirect
knowledge spillovers: the
"social network" of open-

source projects [50]

Knowledge
management

2011

0.5

5.5

S9

The Study of Open Source
Software Collaborative User
Model based on Social
Network and Tag Similarity
[26]

Project organization

2014

0.5

0.5

150

A Social Network Approach
to Free/Open Source
Software Simulation [140]

Project organization

2005

0.5

0.5

S11

Application of Social
Network Analysis to the
Study of Open Source
Software [152]

Project organization

2006

0.5

5.5

512

Who connects with whom? A
social network analysis of an
online open source software

community [124]

Project organization

2011
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Study ID

Paper

Research area

Year

QA1

QA2

QA2

QA3

QA4

QA5

Score

S13

Network effects: The
influence of structural capital
on open source project
success [126]

Project organization

2011

S14

The Onion has Cancer: Some
Social Network Analysis
Visualizations of Open
Source Project
Communication [106]

Communication
management

2010

Evaluating Longitudinal
Success of Open Source
Software Projects: A Social
Network Perspective [148]

Communication
management

2009

0.5

5.5

S16

Using Social Network
Analysis for Software Project
Management [53]

Risk management

2009

0.5

S17

Relating and Clustering
Free/Libre Open Source
Software Projects and
Developers: A Social Network
Perspective [71]

Project organization

2011

S18

Application of Social
Network Theory to Software
Development: The problem
of task allocation [2]

Project organization

2005

S19

Using Social Network
Analysis to Inform
Management of Open Source
Software Development [84]

Project organization

2015

0.5

5.5

520

A structured approach to
predicting and managing
technical interactions in
software development (Sosa
2008)

Communication
management

2008

S21

All-for-One and One-for-All?
A Multi-Level Analysis of
Communication Networks

and Individual Performance

in Geographically Distributed
Software Development [48]

Communication
management

2012

S22

Social Network Analysis on
Communications for
Knowledge Collaboration in
0SS Communities [77]

Knowledge
management

2006

523

Defect Prediction Using
Social Network Analysis on
Issue Repositories [9]

Risk management

2011

S24

Mining Email Archives and
Simulating the Dynamics of
Open-Source Project
Developer Networks [155]

Project organization

2008

0.5

5.5

525

Evolution of Open Source
Communities [145]

Project organization

2006

0.5

5.5

104




Study ID Paper Research area Year | QA1 Qiz Qﬁ& QA3 | QA4 | QA5 Score
Impact of Social Ties on
Open Source Project Team Project organization
526 Formation [61] 2006 1 1 1 1 1 1 6
Measuring Coordination
Gaps of Open Source Groups | Project organization
S27 Through Social Networks [49] 2009 1 1 1 0.5 1 1 5.5
Open source software
development and the small
world phenomenon: An
empirical investigations of Project organization
macro level collaboration
network properties on project
528 success [125] 2007 1 1 1 1 1 1 6
Social dynamics of free and L.
Communication
open source team
529 communications [69)] management 2006 | 1 1 1|05 | 1 1 5.5
Socio-Technical Developer
Networks: Should We Trust Project organization
530 Our Measurements? [100] 2011 1 1 1 1 1 1 6
Understanding a Developer
Social Network and its Project organization
S31 Evolution [67] 2011 1 1 1 1 1 1 6
StakeNet: Using Social
Networks to Analyse the Requirement
Stakeholders of Large-Scale management
S32 Software Projects [92] 2010 1 1 1 1 1 1 6
Gauging Influence in
Software Development Project organization
S33 Teams [98] 2015 1 1 1 1 1 1 6
Communication Networks in Communication
Geographically Distributed
management
S34 Software Development [22] 2008 1 1 1 1 1 1 6
Information and influence in
K Knowledge
social network of the open
S35 sotrce community [23)] management 2016 | 1 1 1 o5 | 1 1 5.5
Stochastic actor-oriented
I}?Siiﬁ}llgﬂ}f,o;;tjui)}:jz? Project organization
S36 influence in OSS projects [79] 2017 1 1 1 1 1 1 6
Who Can Help to Review Project organization
S37 This Piece of Code? [80] 2016 1 1 1 1 1 1 6
Software teams and their
knowledge networks in large- Knowledge
scale software development management
$38 [127] 2017 1 1 1 1 1 1 6
Knowledge Flows Within
Open Source Software Knowledge
Projects: A Social Network management
S39 Perspective [81] 2016 1 1 1 1 1 1 6
From Periphery to Core: A
Temporal Analysis of GitHub Project organization
Contributors * Collaboration
S40 Network [21] 2017 1 1 1 1 1 1 6
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Study ID

Paper

Research area

Year

QA1

QA2

QA2

QA3

QA4

QA5

Score

S41

Boundary Spanners in Open
Source Software
Development [123]

Project organization

2017

542

Classifying Developers into
Core and Peripheral:
An Empirical Study on
Count and Network Metrics
73]

Project organization

2017

543

Evolutionary trends of
developer coordination: a
network approach [76]

Project organization

2017

S44

Implications of Alter Project
Resources and Participant
Roles for Open Source
Software Project Commercial
Success [43]

Project organization

2017

S45

Software Quality and
Community Structure in
Java Software Networks [33]

Project organization

2017

546

Co-membership, Networks
Ties, and OSS Success: An
Investigation Controlling for
Alternative Mechanisms of
Knowledge Flow [154]

Knowledge
management

2018

0.5

5.5

547

The relation between
developers’ communication
and fix-Inducing changes:

An empirical study [7]

Communication
management

2018

S48

Collaboration in the open-
source arena: The WebKit
case [131]

Project organization

2014

0.5

5.5

549

Evolving Relationships
between Social Networks and
Stakeholder Involvement in
Software Projects [91]

Requirement
management

2011

0.5

5.5

S50

Latent Social Structure in
Open Source Projects [11]

Project organization

2008

0.5

5.5

S51

Mining Email Social
Networks [10]

Communication
management

2006

0.5

5.5

552

Reviewer recommendation
for pull-requests in GitHub:
What can we learn from code
review and bug assignment?

[156]

Version and
configuration
management

2016

Structural Changes
Associated with the
Temporal Dispersion of
Teams:

Evidence from Open Source
Software Projects [31]

Project organization

2014
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Study ID

Paper

Research area

Year

QA1

QA2

QA2

QA3

QA4

QA5

Score

S54

Using Social Network
Analysis for Mining
Collaboration Data in a
Defect Tracking System for
Risk and Vulnerability
Analysis [130]

Risk management

2011

0.5

5.5

S55

Emergence of Developer
Teams in the
Collaboration Network [19]

Project organization

2013

556

Exploring the Impact of
Leadership Competencies on
Team Social Capital
and Performance in IT
Service Team [87]

Project organization

2013

0.5

5.5

S57

From Developer Networks to
Verified Communities: A
Fine-Grained Approach [74]

Project organization

2015

558

Studying the Impact of
Social Structures on Software

Quality [8]

Risk management

2010

S59

The Importance of Social
Network Structure in the
Open Source Software
Developer Community [138]

Project organization

2010

0.5

5.5

S60

Analysis of virtual
communities supporting OSS
projects using social network

analysis [135]

Knowledge
management

2010

0.5

5.5

S61

Human agency, social
networks, and FOSS project
success [141]

Project organization

2012

562

Identifying knowledge
brokers that yield software
engineering knowledge in
OSS projects [129]

Knowledge
management

2006

563

Network ties and the success
of open source software
development [110]

Knowledge
management

2013

S64

Social networks and
coordination performance of
distributed software
development teams [68]

Project organization

2009

0.5

5.5

S65

Task and Time Aware
Community Detection in
Dynamically Evolving Social
Networks [63]

Project organization

2013

0.5

566

Understanding the attitudes,
knowledge sharing behaviors
and task performance of core
developers: A longitudinal
study [90]

Knowledge
management

2014
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Study ID Paper Research area Year | QA1 Q:Z Qﬁ& QA3 | QA4 | QA5 Score
Overcoming Knowledge
Management Challenges
During ERP Implementation: Knowledge
The Need to Integrate and management
Share Different Types of
S67 Knowledge [109] 2007 1 - - 0.5 1 1 3.5
Measuring social networks
when forming information Project organization
S68 system project teams [85] 2017 1 1 1 1 1 1 6
The social structure of Free .
Communication
and Open Source software
69 development [39] management 2005 1 1 1 |05 | 1 1 5.5
Location, Location, Location:
How Network Embeddedness Project organization
Affects Project Success in
S70 Open Source Systems [60] 2006 1 1 1 1 1 1 6
Hierarchy and Centralization
in Free and Open Source Project organization
Software Team :
S71 Communications [40] 2006 1 1 1 1 1 1 6
Socialization in an Open
Source Software community: . ..
. . . Project organization
A socio-technical analysis.
S72 [47] 2005 1 1 1 1 1 1 6
Returns from social capital in Knowledge
open source software
S73 networks [99] management 2009 1 1 1 |05 |05 | 1 5
Joint Effect of Team
Structure and Software Project organization
Architecture in Open Source
S74 Software Development [105] 2013 1 1 1 1 1 1 6
Developer Initiation and
Social Interactions in OSS: A Communication
Case Study of the Apache Management
S75 Software Foundation [58] 2015 1 1 1 1 1 1 6
Network.An.aulysis of Sofjcware Knowledge
Repositories: Identifying
S76 Subject Matter Experts [45] management 2013 | 1 1 1 |05 | 1 1 5.5
Mining and Visualizing
Developer Networks from Project organization
S77 Version Control Systems [74] 2011 1 1 1 1 1 1 6
Exploitation and Exploration
Networks in Open Source Project organization
Software Development: An
S78 Artifact-Level Analysis [133] 2015 1 1 1 1 1 1 6
Predicting Failures with
Developer Networks and Risk management
S79 Social Network Analysis [101] 2008 1 1 1 1 1 1 6
Categorizing bugs with social Version and
networks: a case study on . .
configuration
four open source software
S80 communities [157] management 2013 | 1 1 1 1 1 1 6
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Year

QA1

QA2

QA2

QA3 | QA4

QA5

Score

Study ID

Paper

Research area

S81

Virtual communities as a
resource for the development
of OSS projects: the case of
Linux ports to embedded
[136]

Project organization

2009

582

The Role of Domain
Knowledge and Cross-
Functional Communication
in Socio-Technical
Coordination [42]

Knowledge
management
2013

S83

Analysis of Coordination
Between Developers and
Users in the Apache
Community [119]

Project organization
2008

0.5

1 5.5

S84

Using Structural Holes
Metrics from Communication
Networks to Predict Change
Dependencies [5]

Communication

management
2014

585

Lessons learned from
applying social network
analysis on an industrial
Free/Libre/Open Source
Software ecosystem [132]

Project organization

201

5

Mining Social Networks of
Open Source CVE

Project organization

Coordination [117]

2017

S86
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Turning the Spotlight on the
Consequences of Individual IT Turnover:
A Literature Review and Research
Agenda

Among the many aspects of IT personnel studied by the information systems (IS) research community,
individual voluntary IT turnover is one of the most-examined phenomena. However, research into this
phenomenon concentrates mainly on antecedents and cognitive precursors such as turnover intention.
Antecedents are essential to understanding the turnover behavior of IT personnel, but they do not
represent the complete IT turnover research. The consequences of individual voluntary IT turnover
behavior, an important topic, have faded from the spotlight of the IS community. We investigate this
by conducting a multidisciplinary scoping literature review of individual voluntary IT turnover
behavior, with the focus on the consequences. The purpose of this review is to determine what is
known about voluntary IT turnover behavior consequences and what research gaps exist in this
research context. To make our review as rigorous as possible, we followed a systematic review
approach, accompanied with transparent reporting of all steps of the review process. Our search
strategy yielded 153 IT turnover studies, 14 of which consider I'T turnover behavior consequences,
concentrated primarily on IT project management. Drawing on the scoping review, our study also
specifies a research agenda for future IT turnover behavior consequences research by highlighting

knowledge gaps for potentially fruitful research directions.

Keywords: IT turnover; individual voluntary turnover; consequences; effects; scoping review; literature review
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Introduction

In recent years, the employment growth rates of I'T-related occupations have been consistently higher
than those for total employment, reflecting the increasing relevance of IT personnel (see Figure 1). In
addition, the technological convergence — a process by which the ICT sectors may be converging towards
a unified market (Borés et al., 2003; Garcia-Murillo and MacInnes, 2003; Spiegel et al., 2014) — intensifies
the importance of and demand for IT personnel in this unified market. Hence, the competition for and
retention of highly skilled IT personnel is critical to organizations. There may be serious consequences if

retention strategies do not work and highly skilled IT employees voluntarily leave their employers.
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Figure 1. IT personnel employment versus total employment in the USA by growth rate and year (Based on U.S.
Bureau of Labor Statistics data, 2016)

Research in IS-related disciplines such as management and applied psychology shows that employee
turnover behavior leads to poor job attitudes, high training and recruitment costs, and operational
disruption, and diminishes human and social capital (Dess and Shaw, 2001; Mobley, 1977; Pennings et
al., 1998; Price, 1977; Staw, 1980). All of these factors translate into negative consequences for individuals
and organizations, and especially affect performance and profits (Ton and Huckman, 2008). However,
employee turnover behavior may also lead to positive consequences for organizations and individuals
(Mobley, 1982). Losing a highly skilled employee to a competitor may lead to access to external knowledge

for the former employer (Aime et al., 2010; Somaya et al., 2008).

These turnover behavior consequences are relevant for employees in general and thus for IT personnel.

But because differences in personalities and skills between IT personnel and non-IT personnel found by

120



researchers (Bartol and Martin, 1982; Wynekoop and Walz, 1998), turnover behavior of IT personnel may

result in consequences different than those from non-IT turnover.

In its research on IT turnover, the information systems (IS) research community has focused mostly
on the antecedents or cognitive precursors (e.g., turnover intention) of individual voluntary IT turnover
behavior, using or extending common models well established in the applied psychology and management
literatures (Joseph et al., 2007; Lo, 2015). For instance, Niederman et al. (2007) use the “unfolding model
of voluntary turnover” (Lee and Mitchell, 1994) to examine the turnover process of IT personnel. Eckhardt
et al. (2016) propose and test a model of turnover intention across IT job types, combining the “Big Five”
personality traits and a basic turnover model originally rooted in management and applied psychology
studies (cf. Mobley, 1977; Mobley et al., 1979; Mowday et al., 1982; Porter et al., 1976; Steers, 1977) that
has proven reliable for Western IT professionals (Lacity et al., 2008). Further, Joseph et al. (2007) develop
a contextual model of IT turnover intention among IT professionals based on the process model of
turnover by March and Simon (1958); it has, by far, received the most attention from turnover researchers.
Other researchers concentrate on the career paths IT employees may follow after a turnover (Joseph et
al., 2012; Mourmant et al., 2009). Mourmant et al. (2009, 2010) focus, for example, on IT entrepreneurial
turnover as a specific career path after an individual voluntary turnover. Spiegel et al. (2016) show that
individual turnover is useful when employees who leave use their social capital accrued with contacts at

former employers to develop their start-ups’ business models and ultimately make them successful.

Despite the growing body of research on IT turnover, the consequences of IT turnover behavior
remain unclear. It seems the research community has insufficiently studied the consequences of turnover

of IT personnel.

The objective of this study is to present the current state of the literature regarding individual IT
turnover consequences and examine whether and how IT turnover studies have considered the

consequences of individual voluntary IT turnover. Our two research questions, then, are:

e What is the current state of research into the consequences of individual voluntary IT turnover
behavior?

e What research gaps exist regarding the consequences of individual voluntary IT turnover behavior
consequences?
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We answer these questions by conducting a multidisciplinary scoping review of IT turnover studies,
with the focus on consequences. Further, we provide a taxonomic overview of individual turnover
consequences that can be utilized in future research by the IT turnover research community. We identify

research gaps and propose a research agenda for studying these consequences in detail.

This study contributes to research and practice in two major ways. First, it contributes to the
understanding of the turnover of IT personnel. With an awareness of the antecedents and consequences
of IT turnover, top management can weigh its pros and cons and effectively manage human resources.
Second, it points out that there is still a need for research into IT turnover consequences and identifies

the research gaps.

The remainder of this paper is structured as follows. The next section outlines related work on the
consequences of individual voluntary turnover, as well as the skills and mindsets of I'T personnel. A debate
about the unique skills and mindsets of IT personnel is necessary to emphasize consequences that might
appear only after an IT turnover. The subsequent section describes the literature review, followed by a
section that presents the research results. The paper concludes with a discussion of the results and

implications for future research.

Background

This section begins with a definition of our study’s context and scope, after which we present an
overview of the consequences of individual voluntary turnover as discussed generally (i.e., independent of
specific occupation) in the applied psychology and management literatures. From this overview, we derive
a taxonomy that summarizes these consequences. We then provide an overview of the discussion regarding
the skills and mindsets of IT personnel, important for understanding how IT personnel differ from other
occupational groups and the unique consequences that may occur when an IT employee leaves an

organization.

Context and Definition of Turnover

The context of research is important for evaluating the boundaries of empirical and theoretical claims.
Further, the context of research frames and defines the target research population. For the purpose of
generalizability, researchers need to know their research context so they can clearly define their target

population and discuss potential boundary conditions that might apply to their findings (Seddon and
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Scheepers, 2012). Hence, context definition leads to corresponding boundary conditions of the knowledge

claims.

Figure 2 presents the context of this study. We examine the consequences of individual IT turnover
behavior and do not focus on turnover intention. Turnover behavior refers to leaving a job for a similar,
alternative job across organizational boundaries (Joseph et al., 2012; Joseph et al., 2015). Hence, we do
not focus our study on other job mobility types such as turnaway-within and turnaway-between mobility.
Concerning the turnover level, we pay attention to the consequences of an individual leaving a firm, and
do not consider collective turnover, as it is inappropriate to generalize individual turnover to collective
turnover. Individual turnover differs from collective turnover conceptually and empirically and has
different antecedents and consequences (Nyberg and Ployhart, 2013). Hence, we only present consequences
that occur after an individual turnover. However, note that several consequences presented in the

following sections may also occur in the collective turnover context.

The literature considers four types of turnover: voluntary, involuntary, functional, and dysfunctional.
Turnover initiated by forces other than the leaving employee are called involuntary, while turnover
initiated by an employee is called voluntary (Bluedorn, 1978). Functional turnover occurs when a low-
performing employee leaves the organization; dysfunctional turnover occurs when a high-performing
employee leaves the organization (Dalton et al., 1982). In our study, turnover takes on the role of an

antecedent (from a model perspective).

Cor;ie;)\tlrii)i‘z’::ion Turnover behavior Turnover intention
Turnover Level Individual Collective
Turnover Type Voluntary Involuntary Functional Dysfunctional
Turnover Role As antecedent As consequent

Figure 2. Context of this turnover study (grayed out)

Consequences of Individual Voluntary Turnover

Individual voluntary turnover behavior is often seen as having negative consequences on individuals,
and firms. However, in some cases, employee turnover behavior can have positive impact. In the following,
we present an overview of both negative and positive consequences of individual voluntary turnover and

who is affected by these consequences.
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Negative Consequences

Individual turnover consequences are traditionally considered to be negative (Dalton and Todor,
1979). They increase recruitment and training costs (Dess and Shaw, 2001; Mobley, 1982), are
operationally disruptive at the organizational level, lead to demoralization at the individual level (Allen
et al., 2001; Staw, 1980), and may affect individuals and organizations (Mobley, 1982; Muchinsky and
Morrow, 1980; Steers and Mowday, 1981).

Relationships with co-workers can be affected negatively by individual turnover (Dalton et al., 1982;
Krackhardt and Porter, 1985; Krackhardt and Porter, 1986; Nyberg and Ployhart, 2013). Demoralization
is a negative consequence in this context (Staw, 1980); it can affect both the former and new co-workers.
Co-workers who remain behind may question their own motivations for staying (Staw, 1980). They
interpret the departure of a former colleague as a rejection of the job and may begin to realize the
possibility that better job opportunities exist (Steers and Mowday, 1981). As Steers and Mowday (1981)
state: “Those who remain in the organization may have to reconcile their decision to stay in light of
evidence from the behavior of another individual that the job may not be all that desirable.” Remaining
co-workers may reevaluate their present positions in the organization and ultimately develop more
negative job attitudes, which in turn could initiate a search for a more attractive job (Staw, 1980; Steers
and Mowday, 1981). In the context of involuntary turnover (e.g. through downsizing), most companies

identified decreased morale as the most probable after-effect (Allen et al., 2001).

Finally, individual turnover has negative consequences for the individual who leaves. He or she may
reevaluate both the chosen and unchosen jobs following the choice (Steers and Mowday, 1981). Steers
and Mowday (1981) state that turnover may have important implications for attitudes toward the job
the individual is leaving, as well as the employment he or she is taking. The manifestation of positive or
negative feelings in the process of justifying his or her decision depends on whether the individual’s
behavior is consistent with his or her attitude regarding the former job (Steers and Mowday, 1981).
According to the cognitive dissonance theory (Festinger, 1962), once an employee is well-embedded in the
firm, one has to admit to having positive job attitudes and will be less willing to leave the organization
(Hom and Griffeth, 1991; Mowday et al., 1982). If a satisfied employee voluntarily leaves — meaning his
or her behavior is inconsistent with that attitude — a turnover will create cognitive dissonance in his or

her mind (Steers and Mowday, 1981).
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Another negative consequence for the individual who has left is the potential loss of social capital
(Dess and Shaw, 2001). Voluntary turnover disrupts established social relations (Pennings et al., 1998).
When he or she leaves unexpectedly and remaining co-workers have to compensate by, for example,
working overtime, it may lead to bad moods and, as a consequence, remaining co-workers breaking off
contact with the departed colleague. The individual who leaves may experience anxiety at his or her new
job position (Feldman and Brett, 1983). To reduce the anxiety, attempts (e.g., through socialization)
should be made to integrate the person into the informal organization (Cable et al., 2013). Sometimes
socialization is not that easy, because arriving employees have unrealistic or unmet expectations regarding
the new job or enter unfamiliar organizational settings and experience reality shocks (Louis, 1980).
However, arriving employees must adapt to the new organizational environment; they may experience
uncertainty the first time in the new job, which leads them to engage in an “information search” by
increasingly contacting colleagues and supervisors (Ashford and Cummings, 1983). Although the quantity
of communication will increase to socialize and train new members, the quality of this communication
will decline because lines of communication will be disrupted and new members will be less capable of

sending and receiving messages accurately (Bluedorn, 1982; Muller and Price, 1989).

When an employee leaves an organization, it is usually the case that a new replacement employee
must be recruited, selected, and hired. This process involves costs to the organization, the amount of
which depends on the level and complexity of the job to be filled (Lindbeck and Snower, 2001; Mobley,
1982; Staw, 1980). The more demanding the job, the costlier the recruitment process (Staw, 1980). Once
a new employee is found, he or she must be trained to do the tasks of the former employee; the complexity
of the job and the skill set of the new employee determine how much the training costs (Staw, 1980).
Jobs with complex tasks have higher training costs than jobs with simple tasks. To minimize recruitment
and training costs, organizations may promote or reassign workers to the departed employee’s position
(Muchinsky and Morrow, 1980). Further, turnover of a highly skilled employee increases the risks of

leaking knowledge of the former employer to the competitor (Aime et al., 2010; Somaya et al., 2008).

Turnover may also have a negative effect on operations flows. In particular, the turnover of a key
employee — especially where functional roles are closely intertwined — may result in operational disruption
(Bluedorn, 1982; Dalton and Todor, 1979; Mobley, 1982; Staw, 1980; Ton and Huckman, 2008). The
turnover of an employee who had an important job role in terms of coordination and communication may

have a larger impact on operational disruption than that of an employee not involved in critical work
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tasks (Mobley, 1982). The individual turnover may disrupt routines and it may be more difficult to find
replacements and integrate them into work groups because individuals are encouraged to stand out and
bring unique skills to the job (Hancock et al., 2013). This may be more of an issue in individualistic
cultures and less crucial in collective cultures (such as China, and Korea), where it may be simpler to
find and integrate replacements into group functioning (Hancock et al., 2013). It may also be the case
that individuals departing in more collective cultures may tend to be those with weaker fits to the work
group or larger organization (Hancock et al., 2013). In addition, a recent study by Bermiss and Murmann
(2015) shows that the turnover of a top executive whose functional role focuses on internal firm processes
is more harmful to the organization than losing a top executive whose functional role focuses on managing
external exchange relationships. However, voluntary turnover of leading employees leaves subordinates
behind with uncertainty coupled with concern about how they will fare without the departing leader

and/or with the incoming leader (Shapiro et al., 2016).

Positive Consequences
Individual turnover may have also positive consequences for the individual who leaves, as well as for

co-workers and organizations (Mobley, 1982).

An individual turnover may resolve conflicts. If a conflicting supervisor or co-worker leaves an
organization, it may well be a happy occasion for the remaining co-workers who have been in conflict
with the departing individual. Even if well-liked and/or productive employees leave an organization, the
turnover may open positions in an otherwise impenetrable hierarchy (Staw, 1980). Thus, turnover may
be the primary creator of promotion opportunities (Dalton and Todor, 1979), contributing to a positive
relation between the turnover and individual morale (Staw, 1980). Further, the departing/arriving
employee will achieve higher job satisfaction at his or her new job and a higher level of job commitment.
Unlike with the earlier mention of cognitive dissonance, consistency in attitude and behavior that results
in a turnover (i.e., a dissatisfied employee leaves voluntarily) will not generate cognitive dissonance in the
departing employee’s mind (Steers and Mowday, 1981). Further, employees who have voluntarily left
many jobs would likely experience and explain voluntary turnover differently (more positive) than
employees who have had fewer voluntary departures. They see voluntary turnover as a routine career

event, whereas others see turnover as unusual and unnecessary (Lee and Mitchell, 1994).
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Further, the newly arrived employee increases his or her social capital and experiences socialization
through the new employment (Feldman, 1976). The arrival of a new colleague may improve the
organizational commitment of co-workers as well (Yang, 2008) because they may adopt the new
employee’s positive work attitude. The departure of an employee may increase the organizational
commitment of co-workers at the former employer, especially in cases where the job level of the departing
colleague is higher than those colleagues remaining, who may see the opportunity for job promotion

(Mobley, 1982; Staw, 1980).

There is evidence that turnover increases organizational performance (Staw, 1980; Ton and Huckman,
2008). The argument is that voluntary turnover is good for organizational performance if the new
employee possesses better job skills or brings new ideas to the unit (Staw, 1980). Moreover, new employees
may be more highly motivated than their longer-tenured counterparts and hence more productive
(Muchinsky and Morrow, 1980). However, job performance depends on the job role. New employees in
high-stress roles tend to have an inverted U-shaped performance curve (Staw, 1980). They begin with low
performance, improve as their tenure lengthens, but end their tenure with low job performance. Staw
(1980) argues that most jobs have an inverted U-shaped performance curve because performance is
typically a joint function of skills and effort. The literature on the role of individual turnover on
organizational performance further highlights the ways in which employee mobility introduces valuable
human capital (and the employee’s embedded know-how and skills) into target organizations (Carnahan
et al., 2012; Corredoira and Rosenkopf, 2010) and facilitates expansion of an organization’s breadth
(Rosenkopf and Almeida, 2003). Further, the new employee transfers social capital to the new employer
(i.e., by relations to former clients (Somaya et al., 2008)), and facilitates the flow of knowledge back to
source firms (Aime et al., 2010; Madsen et al., 2003) by enhancing social networks between the former

and new employer (Corredoira and Rosenkopf, 2010).

Voluntary turnover of employees also resolves certain staffing problems for the former employer. An
ineffective employee who voluntarily quits is conveniently eliminated without interpersonal discomfort or

increases in unemployment insurance costs (Muchinsky and Morrow, 1980).

Interpersonal conflicts between co-workers, which exist at every hierarchical level in organizations,
may be why an employee leaves. Conflicts that cannot be resolved easily, in particular, trigger individual

employee turnover. Staw (1980) states that this conflict-triggered but voluntary turnover may be seen as
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beneficial and not as a cost to the organization because it sometimes helps to “resolve deep-seated conflicts”

between the conflicting parties and contributes to organizational morale.

Turnover and the resulting inflow of a new employee may be the primary source for heterogeneity in

skills and mindsets within organizations (Staw, 1980). However, this consequence may be significantly

more distinct with respect to collective turnover.

Taxonomy of Individual Turnover Consequences

Table 1 is a taxonomic overview of individual turnover consequences, derived from the discussion on

the consequences of individual voluntary turnover. It identifies positive and negative consequences and

distinguishes between those that occur on the former employer side and the new employer side because

turnover refers both to entering and leaving the organization (Bluedorn, 1978). It distinguishes further

between consequences for individuals (departing/arriving employees and their co-workers) and the

organization as a whole.

Consequences for Positive Negative
Job attitude (Steers and Mowday, Social capital loss (Pennings et al., 1998;
Departing 1981) Shaw et al., 2005)
employee
oy Job attitude (Steers and Mowday, 1981)
Individual
5 Morale (Staw, 1980) Demoralization (Staw, 1980)
% Co-worker . . .
3 Promotion opportunity (Staw, 1980) Job Attitude (Steers and Mowday, 1981)
o
G
ig Morale (Staw, 1980) Replacement costs (Mobley, 1982)
é Social capital gain (Corredoira and Operational disruption (Staw, 1980)
Rosenkopf, 2010
L OSeEOPL, ) Human capital loss (Rosenkopf and Almeida,
Organization

2003)

Knowledge spillover (Aime et al., 2010;
Franco and Filson, 2006)
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Job satisfaction (Steers and Mowday, Anxiety (Feldman and Brett, 1983)

1981
) Uncertainty (Ashford and Cummings, 1983)

Mental health (Mobley, 1982)

Organizational commitment (Steers

Arriving and Mowday, 1981)

employee Job performance (Muchinsky and

Individual Morrow, 1980; Steers and Mowday,
1981)

Social capital gain (Dess and Shaw,
2001)

Organizational commitment (Yang, Demoralization (Staw, 1980)
Co-worker 2008)

Organizational performance (Grusky, | Training costs (Dess and Shaw, 2001)
1960; Hausknecht and Trevor, 2011;
Nyberg and Ployhart, 2013; Staw,
1980)

New employer

Recruitment costs (Dess and Shaw, 2001)

Human capital gain (Carnahan et al.,
2012; Franco and Filson, 2006)

Organization Social capital gain (Corredoira and

Rosenkopf, 2010; Dess and Shaw, 2001)

Skill and mindset heterogeneity (Staw,
1980)

Knowledge spillover (Aime et al., 2010;
Franco and Filson, 2006)

Table 1. Taxonomy of individual turnover consequences

Skills and Mindsets of IT personnell

With respect to mindsets and skills, IT personnel differ among each other but also compared with

the general population.

Lee et al. (1995) considers four categories of critical IT skills all IT employees should have: (1)

technical specialties skills cover a range of IT technical specialties; (2) technology management skills

I There is inconsistency in terminology and conceptualization of the IT profession in the literature, but as the present study’s
focus does not include resolving this and providing a universal definition of IT personnel, the exact terms used in the studies
referenced are used here.
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answer the questions of where and how to deploy information technologies effectively and meet strategic
business objectives profitably; (3) business functional skills cover both general business skills as well as
knowledge of and ability to learn about business functions; and (4) interpersonal and management skills
include the boundary-spanning role IT professionals must assume in organizations (Baroudi, 1985).
Further, they suggest that industry needs a diverse cadre of I'T professionals with knowledge and skills in
technology, business operations, management, and interpersonal relationships to lead organizational

integration and process reengineering activities effectively (Lee et al., 1995).

Research also found differences in the personality of employees across I'T job types. System analysts
and project managers are more conservative, logical, analytical, diligent, and ambitious than
programmers, with stronger leadership tendencies, higher self-confidence, and greater self-esteem
(Wynekoop and Walz, 1998). Consultants, programmers, system engineers, and system administrators
differ in terms of personality and job-related attitudes (Eckhardt et al., 2016). Regarding the Big Five
personality traits, system engineers are more open and conscientious, I'T consultants more extroverted,

programmers more neurotic, and system administrators more agreeable (Eckhardt et al., 2016).

Distinguishing between IS workers and IT professionals, Orlikowski and Baroudi (1988) reveal that
IS workers have a distinct occupational culture and require a different knowledge and skills set than IT
professionals. IT personnel also possess some unique characteristics that result from the rapid changes in
technology that make existing skill sets obsolete (Agarwal and Ferratt, 2002). They have unique business
competence in conceptual development and may influence I'T-business partnerships. Knowledge sharing
among IT professionals is socially driven (Tsai and Cheng, 2012); IT professionals play a potentially key
role in transferring knowledge across organizational boundaries (Pawlowski and Robey, 2004). Today’s
IT professional should have project management knowledge, business domain knowledge, relationship
skills, customer expertise, and problem-solving skills in addition to technical skills (Rutner et al., 2008).
These skills are critical because they enable IT departments to work effectively with other departments,
internal users, and external customers and suppliers (Gallagher et al., 2010). IT professionals possess a

high need for learning and they have a strong desire to be challenged (Lee, 2000).

Prior studies have found no differences between I'T and non-IT workers with respect to the motivators
of productive work behavior and conclude that IT and non-IT employees at the same occupational level

are not and should not be managed different (Ferratt and Short, 1986, 1988). Further, the boundaries
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dividing IT and non-IT personnel continue to become blurred and encompass non-IT personnel as they

take on more primary tasks in the IS domain (Niederman et al., 2016).

However, other research has indicated some differences between IT workers and those in other
domains (Bartol and Martin, 1982; Loh et al., 1995). IT technical/professionals and managers have lower
social needs than non-IT individuals. Further, IT technical/professionals have a higher need for
achievement than those in some other occupations (Bartol and Martin, 1982). Differences in personalities
exist between I'T employees and the general population, and between individuals in different job categories
in the IS field (Wynekoop and Walz, 1998). IT personnel have established a distinct occupational culture
within organizations, characterized by the use of technical jargon, the primary value of technical
knowledge, feelings of superiority, and a general lack of formal rules (Guzman et al., 2008; Rao and
Ramachandran, 2011). Further, IT professionals hold two kinds of specific human capital — firm-specific
and IT-specific human capital (Josefek, Jr. and Kauffman, 2003) — that distinguish them from non-IT
professionals (Mithas and Krishnan, 2008). IT-specific human capital is unique to IT jobs and less

transferable to other occupations (Slaughter et al., 2007).

To conclude, IT personnel are different from the general workforce with respect to their mindsets and
skills. Based on these observations from the literature, we propose that the voluntary turnover behavior
of IT personnel may result in consequences different than those from non-IT turnover. We discuss this
proposition in section 5, after presenting the current state of IT turnover consequences research in the

following sections.

Scoping Literature Review

We conducted a multidisciplinary scoping review (Arksey and O'Malley, 2005; Paré et al., 2015),
following the guidelines for literature reviews by Paré et al. (2016). Paré et al. (2016) guidelines emphasize
the “transparency and systematicity” of literature reviews and provide a six-step framework for literature
reviews. Scoping reviews focus on the breadth rather than the depth of coverage of the literature and
provide an overview of the research gaps in the existing literature (Paré et al., 2015). As with systematic
literature reviews (SLR), scoping reviews use rigorous methods that seek all literature relevant to the
topic being studied. Methods need to be comprehensive and transparent, with the aim of being replicable.
To make the review process as systematic and transparent as possible, we report all review steps in a
detailed manner.
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We chose a broad scope for this literature review and did not restrict our research to a single
discipline. We included Business Source Complete, the American Economic Association’s electronic
bibliography FEconLit Database, SocINDEX, and PsycINFO in our search via EBSCOhost to cover the
most important management, economics, and applied psychology journals. Further, we included the
digital libraries ScienceDirect (a reliable source for IS publications) and JSTOR (a reliable source for
older publications). Leading IS journals (including the Senior Scholars' Basket of Eight?) and IS conference
proceedings were covered by the Association for Information Systems Research electronic library
(AISeL), EBSCOhost, ScienceDirect and the IEEE digital library (for Hawaii International Conference
on System Sciences (HICSS) proceedings). We included the proceedings of the ACM Special Interest
Group on Management of Information Systems Computers and Personnel Research (SIGMIS CPR) in
our search because this specific community investigates the needs, interests, and abilities of IT personnel.
We limited the search population to peer-reviewed journal papers and conference proceedings, as they
provide the necessary rigor and quality in scientific research. No limits were placed on the year of
publication. We set September 1, 2016 as a publication cut-off date for articles to be included in our

sample.

Table 2 shows the search pattern for potentially relevant articles. It is based on synonyms and
differences in terminology and for two main keywords, turnover and employee, derived from brainstorming

and from articles identified initially.

Title/Abstract/ Title/Abstract/

Keywords (OR) Keywords (OR)

Turnover, mobility, movement, flow, “job change”,

IS/IT, “IS/IT workforce,” “IS/IT worker,” “IS/IT AND
professional,” “IS /IT labor,” “IS/IT personnel” “career change”

Table 2. Search pattern

In the first step, we searched only for I'T turnover studies in the aforementioned databases. The search
results (without filtering) yielded 143 studies; after removing duplicates and studies that are irrelevant to
IT turnover, 126 IT turnover studies remained. We further scanned the reference lists of these 126 studies

and conducted reverse and forward searches to identify more relevant sources. In total, we found 153 IT

2 See https://aisnet.org/?SeniorScholarBasket
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turnover studies for detailed manual screening of the full text (see Figure 3 and Appendix A). Table 3
presents the criteria for further inclusion or exclusion of these 153 studies. Citavi® was used to file and

manage retrieved papers and record decisions of the reviewer team.

+ After
electronic
database
search

143 studies

126 studies * After eliminating
duplicates and non-
IT turnover studies

153 studies + After forward & backward
search

14 studie + After applying inclusion &
exclusion criteria

Figure 3. Stepwise search results of the keyword search

Inclusion Criteria Exclusion Criteria

Published in English Published in language other than English

Studies published up to September 1, 2016 IT turnover studies focused on cognitive precursors of
turnover

Quantitative IT turnover studies focused on the consequences IT turnover studies focused on the antecedents of
of individual voluntary turnover turnover

Qualitative IT turnover studies focused on the consequences of | IT turnover studies focused on collective turnover
individual voluntary turnover

Conceptual IT turnover studies focused on consequences of IT turnover studies about turnover into/out of the
individual voluntary turnover workforce or in entrepreneurship
Peer-reviewed journal papers and conference proceedings IT turnover studies that mention consequences of

individual voluntary turnover in an anecdotal way

Table 3. Inclusion and exclusion criteria for the literature review

3 http://www.citavi.de/en/index.html
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We also analyzed the studies to check how the publications are distributed in time (see Figure 4).
We can see that I'T turnover research started in the 1960s, and IT turnover consequences research in the
1980s. Just a few papers appeared from then until 1999. The last decade contains the majority of IT
turnover and IT turnover consequences research. As already mentioned, the publication cut-off date was
September 15¢ 2016, so it is possible that more papers were published in 2016 and were not indexed so
far. In total, we found 14 of 153 IT turnover studies (see Appendix B) that deal about the consequences

of individual voluntary IT turnover.

1965-1969 1970-1974 1975-1979 1980-1984 1985-1989 1990-1994 1995-1999 2000-2004 2005-2009 2010-2014 2015-2016

M [ndividual IT turnover consequences studies @ IT turnover studies

Figure 4. Distribution of studies found per year

We scanned and coded the 14 publications identified and then verified their inclusion in terms of
quality. In literature reviews that describe or categorize the existing literature and identify gaps (e.g.,
scoping reviews), quality assessment in the strictest sense is neither essential nor a key requirement (Paré
et al., 2016). However, we did perform a quality assessment to evaluate the rigor of the research presented
in each publication. We assessed the 14 relevant studies using six quality criteria, as presented in Table
4. All questions had two possible answers: Yes or No. These answers were scored as follows: (1) or (0),

respectively.

4 A complete list of the reviewed IT turnover literature can be found in Appendix C.
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Problem statement

Q1. Is the research objective sufficiently explained and well motivated?

Research design

Q2. Is the context of the study clearly stated?

Q3. Is the research design prepared sufficiently?

Data (if applicable)
Q4. Is the data analysis used in the study adequately described?

Discussion & conclusion

Q5. Are the findings of the study clearly stated and supported by the results?

Q6. Does the paper discuss limitations?

Table 4. Criteria for quality assessment

Even though the quality assessment criteria and their evaluation scales may be subjective, they do
provide a common framework for comparing the selected papers. To ensure the validity of the 14 studies
and the reliability of our findings, a study was included if its quality score exceeded 3 points (50% of the
maximum quality score of an article: 6 points). Table 5 present the quality scores of the 14 selected

articles. All 14 studies had acceptable quality scores and were included in this review.

Reference Q1 Q2 Q3 Q4 Q5 Q6 »
1 1 1

Abdel-Hamid, 1989 1 1 0 5
Abdel-Hamid, 1992 1 1 1 1 1 1 6
Chowa, 2010 1 1 1 1 0 0 4
Dibbern et al., 2008 1 1 1 1 1 1 6
Freedman, 2008 1 1 1 1 1 1 6
Gopal et al., 2003 1 1 1 1 1 1 6
Gopal and Sivaramakrishnan, 2008 1 1 1 1 1 1 6
Hall et al., 2008 1 1 1 1 0 0 4
Izquierdo-Cortazar et al., 2009 1 1 1 1 1 1 6
Joseph et al., 2015 1 1 1 1 1 1 6
Mithas and Krishnan, 2008 1 1 1 1 1 1 6




Pee et al., 2008 1 1 1 1 1 1 (]

Tambe and Hitt, 2014 1 1 1 1 1 1 6

Wu et al., 2014 1 1 1 1 1 1 6

Table 5. Quality assessment results
Research Results

This section presents and discusses the 14 studies focused on IT turnover behavior consequences that
resulted from our literature review: seven that focus on the negative consequences of I'T personnel turnover
in IT projects; one that addresses the consequences of CIO turnover with respect to IT alignment; and
three that address positive consequences for I'T professionals in terms of salary growth. Two studies focus

on productivity benefits from IT turnover.

Costs and knowledge loss in IT project management

Abdel-Hamid (1989) investigates how staff turnover, acquisition, and assimilation rates affect software
development costs and schedules. The study’s results indicate that these rates can increase a project’s
costs and duration up to 60 percent in worst-case scenarios, which suggests that turnover is critical for
the successful development of software systems, as well as for the accurate estimation of software
development costs and schedules. In a further study, Abdel-Hamid (1992) examines the impacts of
managerial turnover/succession on software project performance. In particular, the study examines the
staffing and cost/schedule tradeoff choices of successor project managers and compares them with the
choices made by managers who run their projects from start to finish without interruption. The results
indicate that managerial turnover can lead to a visible shift in cost/schedule tradeoff choices, affecting
staff allocations and ultimately project performance in terms of both cost and duration. The resignation
of heavily involved personnel may result in significant losses of vital undocumented information and
necessitate the recollection of data related to requirements, for example. During the all project phases
(programming, testing, and implementation), losses of key personnel can imply work overload to other

project participants, and hence the project to fall behind schedule, lead to schedule and cost overruns.

Pee et al. (2008) study 151 development teams and claim that turnover can result in losing knowledge

and weakens project performance when new members with different experiences join teams. The use of
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succession planning, knowledge repositories, and employee orientation programs to manage different types

of organizational knowledge loss can effectively mitigate the detrimental effects of turnover.

Izquiredo-Cortazar et al. (2009) state that a turnover of senior developers leaves a knowledge gap
that must be managed. Junior developers who replace a departed senior developer require some time to
achieve the desired level of productivity. The time to learn how the project works results in significant
productivity losses that are unavoidable when senior developers leave a project and are substituted for

by others new to the project or to parts of the code they have to maintain.

The results of the Hall et al. (2008) study on the impact of staff turnover on software projects show
that there may be a relationship between staff turnover and project success. However, the authors note
that this relationship is not distinct and may vary across projects. Additionally the results suggest that

project success is likely to be improved if staff turnover is controlled (Hall et al., 2008).

While specific project-related characteristics such as project team size and resource shortage largely
explain contract choice in these projects, IT turnover seems to have no significant impact (Gopal et al.,
2003). A few years later, Gopal and Sivaramakrishnan (2008) used the same data as Gopal et al. (2003)
— 93 offshore projects completed by a leading Indian vendor — and could finally show that IT turnover
from a project affects profits negatively. In the context of IS offshoring with the focus on software
development and maintenance projects, IT turnover was found to increase client extra costs (Dibbern et

al., 2008).

Productivity benefits

With respect to productivity, one can say that firms take advantage of I'T investments of other firms
from which they hire IT personnel. Firms derive significant productivity benefits from the hired IT
personnel (Tambe and Hitt, 2014). Hiring IT personnel from a diverse set of firms can substantially
improve firm productivity, likely due to the diverse and non-redundant information provided in a network
with high diversity (Wu et al., 2014). With respect to productivity, one can say that firms take advantage
of IT investments of other firms from which they hire IT personnel. Firms derive significant productivity
benefits from the hired IT personnel (Tambe and Hitt, 2014). Hiring IT personnel from a diverse set of
firms can substantially improve firm productivity, likely due to the diverse and non-redundant information

provided in a network with high diversity (Wu et al., 2014).
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IT alignment

The study by Chowa (2010) examines the organizational impact of CIO turnover and its effects on
IT alignment. Results show that, on average, CIO turnover does not lead to fundamental change in the
firm and has little impact on IT alignment. The authors argue that this may be due to the fact that CIO
change occurs mainly as a result of low CIO performance. Further, CIO change affords the new CIO a
chance to make changes that their predecessor was not able to make due to political and other relational

issues (Chowa, 2010).

Salary growth and job status

Mithas and Krishnan (2008) study the influence of supply- and demand-side factors on the
compensation of IT professionals and reveal that individual voluntary IT turnover leads to higher wages
for the leaving employee. The former employer has to pay higher compensation for a new I'T professional
with the same skill and experience. The Mithas and Krishnan (2008) results confirm the widely prevalent
notion that “job hopping is necessary for salary growth in the IT profession.” Joseph et al.’s (2015) study
reveals quite similar findings: I'T professionals are able to increase job status and pay levels when moving
to jobs within the IT profession. Similar results were found by Freedman (2008) in the context of the

software publishing industry, where turnover behavior is an important aspect for salary growth.

Discussion and future research

In this study, we conducted a literature review of IT turnover literature focused on the consequences.
Our goal was to determine what is known about the consequences of voluntary IT turnover behavior and

identify research gaps. The results reveal several things.

First, there has not been a lot of research to date on the consequences of voluntary individual IT
turnover behavior. While there is a growing body of literature on the turnover intentions of I'T personnel
and other direct and indirect antecedents of the actual turnover behavior, studies focused on the

consequences are rare.

We identified 14 studies that discuss consequences of IT turnover. Most discuss potential negative
consequences such as costs, low performance, and knowledge loss (see Table). Of these, the majority
(seven) are in the context of IT project management; one study (Gopal et al., 2003) did not provide

evidence for any consequences of IT turnover. Three studies mention the positive consequences (salary
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growth and job status) that turnover might imply. Further, only negative consequences for the former

employer are identified (see Table 6).

Consequences for Positive Negative
Departing 1 gz p g GAP 5
employee
Individual
Staff allocation (Abdel-Hamid,
Co-worker GAP 2 1992)
Project performance (Abdel-
Hamid, 1992; Izquierdo-Cortazar
et al., 2009; Pee et al., 2008)
o
g Project costs (Abdel-Hamid,
= 1989, 1992; Dibbern et al., 2008;
;5) Gopal and Sivaramakrishnan,
o 2008; Hall et al., 2008; Pee et al.,
g 2008)
) .
< Organization GAP 3 Pro _].ect schedule (Abdel-
Hamid, 1989, 1992)
Knowledge loss (Izquierdo-
Cortazar et al., 2009; Pee et al.,
2008)
IT alignment (Chowa, 2010)
Compensation costs (Mithas
and Krishnan, 2008)
Salary growth (Freedman, 2008;
Arrivine Joseph et al., 2015; Mithas and
rrl;/mg Krishnan, 2008) GAP 6
. Individual employee
g Job status (Joseph et al., 2015)
B
g Co-worker GAP 4 GAP 7
5}
3
o
z
L. Productivity benefits (Tambe and
anizat GAP 8
Organization Hitt, 2014; Wu et al., 2014)

Table 6. Gap areas on research on consequences of individual voluntary IT turnover from our scoping review

Second, the review in section 2 shows that related disciplines consider consequences of individual

turnover that have not been considered in the specific context of IT turnover. This is quite astonishing,
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because research on the consequences of employee turnover traces its beginning to work by Price (1977)

many decades ago.

Third, we identified eight research gaps that should be addressed by IT turnover behavior research.
Gaps 1, 2, and 3 (see Table 6) relate to the positive consequences for the departing employee, his or her
former co-workers, and the former employer. The turnover process has positive consequences for the
departing employee with respect to job attitudes (Gap 1). This also applies for IT professionals. Since
turnover is the primary creator of promotion opportunities (Dalton and Todor, 1979) and IT personnel
have a strong desire to be challenged (Lee, 2000), we assume that IT personnel may seize promotion
opportunities to greater degrees than non-IT personnel (Gap 2). IT professionals cross departmental and
organizational boundaries to complete projects and interact with many actors across these boundaries.
Such interaction may play an important role in transferring knowledge across organizational boundaries

(Baroudi, 1985; Pawlowski and Robey, 2004).

As studies from IS-related disciplines show, losing a highly skilled employee to a competitor may lead
to access to external knowledge for the former employer (Gap 3) (Somaya et al., 2008). However, two
studies of IT turnover consequences from our literature review show that knowledge loss is a negative
consequence of individual voluntary IT turnover (Izquierdo-Cortazar et al., 2009; Pee et al., 2008). We
assume that the boundary-spanning role of I'T professionals may not only facilitate the flow of knowledge
back to former employer firms (Aime et al., 2010; Madsen et al., 2003), but may also enhance the social
networks of the former and new employer (Gap 3) (Corredoira and Rosenkopf, 2010). Hence, we need to
study the relationship between former colleagues in IT-related occupations after an IT turnover. How
does an individual IT turnover affect these relationships? Voluntary individual turnover disrupts
established social relations with former colleagues (Pennings et al., 1998). When an IT professional leaves
unexpectedly and remaining I'T co-workers have to compensate by working longer hours, it may lead to
bad moods and, as a consequence, remaining IT co-workers breaking off contact with the departed
colleague (Gap 5). However, perhaps the former colleagues feel challenged after a colleague’s turnover

and the bad mood is less marked in an I'T employee context than in a non-IT employee context.

Further, can we assume that IT employees have stronger ties to their former colleagues than other
occupational groups? A firm might profit from these types of relationships with respect to social capital,

but we cannot make a clear statement about this without an empirical investigation.
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While several studies have investigated negative consequences of voluntary individual IT turnover,
further research can investigate, for example, the consequences of IT turnover on training costs. Since
most IT is standardized, firms are able to reduce training costs when recruiting IT professionals in
comparison to non-IT personnel (Joseph et al., 2015). However, there is a higher turnover rate within the
IT profession due to the fact that IT personnel have more job alternatives and seem to have a lower
degree of organizational citizenship (Mithas and Krishnan, 2008). As a result, an employer would have to
recruit IT personnel more often than non-IT personnel, leading to higher recruitment and training costs.
Whether and to what extent recruitment and training costs of IT personnel are higher, lower, or the same

should be clarified in further research.

Gap 4 addresses the positive consequences for the newcomer’s co-workers. The arrival of a new IT
employee might spur co-workers with respect to their productivity /performance and their organizational

commitment.

Gaps 6, 7, and 8 concern the negative consequences for both individuals and the new employer. We
reviewed the literature from disciplines such as applied psychology and organizational management to
identify consequences that have not previously been researched in the context of IT personnel. One
example is demoralization (Staw, 1980), a consequence that has not been researched in the IT turnover
context. Anxiety and uncertainty on the individual level may not be that important in the IT context
(Gap 6). The IS domain attracts employees that are highly motivated and flexible when it comes to
learning new IT skills (e.g., learning a new programming language) (LeRouge et al., 2006). However, age
and especially personality are important mediators that affect the consequences when a new IT employee
starts his or her new job. The consequences of individual IT turnover on socialization should also be
studied because they have significant influence on the socialization tactics utilized by employers (King
and Xia, 2001) (Gap 7). We posit that IT professionals who voluntary change their employer are more
willing to learn to deal with their new environments. This would match with their high need for learning
and their strong desire to be challenged (Lee, 2000). However, this may not be valid for all IT-related
occupations. “IT road warriors” (Ahuja et al., 2007) may experience socialization in a different way because

they are socialized mostly by their clients and not by their employer organizations.

Training costs due to the heterogeneous skillset and the high need for growth and personal

development and learning of IT professionals (Lee, 2000) are likely to be high compared to other
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occupations (Gap 8). However, we must consider the career stage of IT personnel. The turnover of early-
career I'T professionals leads to higher training costs for new employers and to lower replacement costs
for former employer organizations. Lower training costs for new employers are implied for IT employees
in mid- and late-career stages, but former employers incur higher replacement costs. However, turnover
behavior creates opportunities for replacements, and such replacements may bring with them new

knowledge, ideas, approaches, technologies, and working styles (Mobley, 1982).

We propose that researchers who examine the relevance of these consequences can reveal new insights

into IT personnel, especially about their mindsets.

As with every study, there are some limitations that should be taken into account. While the evidence
supports clear gaps and guidance for a new research agenda, our analysis and the taxonomy are limited
to what is reported in the studies discussed. We restricted our review to articles we identified through
our keyword search in a broad selection of electronic databases. Based on our scoping review of these
articles, we are confident that we presented the research state of the art on the consequences of individual
voluntary IT turnover. In addition, several consequences presented in this study are conceptual and

provide opportunities for further empirical testing.

Further, one must consider that consequences have moderating variables. Staw (1980) presents an
overview of potential moderating variables that affect the significance of several consequences. Moreover,

it is not trivial to separate consequences for individuals from those for organizations.

Future IT turnover research concerning the consequences of individual voluntary turnover behavior
should be aware of contexts other than IT project management, the different contexts of IT turnover,
and the distinct forms of job mobility. Most studies on consequences of IT turnover are based in IT
project management, ignoring these other important contexts. Further, we need to distinguish between
employees who take similar jobs in the same occupation and those who take different jobs in different
occupations (Joseph et al., 2015; Mowday et al., 1984). Joseph et al. (2015) propose a differentiation
between turnover, turnaway-within, and turnaway-between forms of job mobility. Turnover may result
in different consequences than turnaway-between job mobility. Hence, context is important. Studying

turnover consequences implies that one has a clear understanding of the unit of analysis.
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Beyond distinguishing the job mobility form when conducting research on IT turnover consequences,
we also need to distinguish between different job profiles in the IT context. IT employees are not a
homogeneous group (Lo and Riemenschneider, 2011), and different IT job types (programmer, IT
consultant, system engineer, etc.) differ not only according to their job-related attitudes and turnover
intentions but also according to their personalities (Eckhardt et al., 2016). Further, a researcher who
builds a causal model of turnover and its consequences cannot take everything into account at the same
time, and so exclusions of the individual or organizational effects are reasonable and make the task of

model construction more manageable.

We believe this study contributes to research and practice in two ways. Only after weighing the pros
and cons of turnover and its consequences can managers effectively manage their human resources.
Turnover makes it crucially important that top management understand the effects, both direct and
indirect, of turnover so they can plan it, or at least plan for it. Further, this study contributes to a better

understanding of IT turnover in general and the consequences of I'T turnover in particular.

In summary, more focused research is needed on the consequences of individual voluntary IT turnover.
We have an incomplete understanding of the consequences of IT turnover for organizations and
individuals. We hope our brief overview and research agenda provides a starting point for further IT

turnover research not only regarding antecedents but the consequences as well.

Conclusion

The present study examined the current research state of individual voluntary IT turnover
consequences. Building upon existing I'T turnover literature from different disciplines, we revealed that
there is a relatively vague understanding of the consequences of individual voluntary IT turnover. The
findings, especially the research gaps we identified, have enabled us to establish a research agenda for IT
turnover behavior research with a focus on the consequences. Thus, we contribute to the IT turnover
research stream by emphasizing the relevance of studying the consequences of IT turnover behavior, not
only its antecedents. In addition, our findings call attention to problems HR management must address
and resolve. Only if HR management is aware of the antecedents and the consequences of IT turnover

can managers effectively manage their human resources.
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Appendix A: Results of the Keyword Search Grouped by Database
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Keyword search

- Duplicates

- Non IT turnover

Applying inclusion
& exclusion criteria

studies
EBSCOhost 32 31 3
ScienceDirect 10 9 0
AISeL 29 24 3
ACM DL (DATA BASE 54 47 1
& SIGMIS CPR
Proceedings)
IEEE DL (HICSS 8 8 1
Proceedings)
JSTOR 10 7 2
Forward and backward - 27 4
search
3 143 153 14
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Business Model Development,
Founders’ Social Capital, and the

Success of Early-Stage Internet
Startups: A Mixed-Method Study

Information technology (IT) and entrepreneurship are more closely related than ever. The
Internet in particular inspires the current ‘generation startup’. While some early-stage
Internet startups have quickly become major successes, others fail to secure required follow-
up funding and collapse. In this paper, we build on and extend the emerging business model
research stream with the aim of better understanding the differences between successful
and unsuccessful early-stage Internet startups. In the qualitative first part of our mixed-
method study, 17 expert informant interviews reveal that Internet startup business models
are in permanent flux, continually changed and adapted by founders, who identify their
professional social network (i.e., their social capital) as a critically important factor for
developing the business model and ultimately making their startups successful. In the
quantitative second part of the study, we test this claim based on a social network analysis
(SNA) of 70 Internet startups and their 145 founders. We find strong support for the critical
importance of the founders’ social capital for early-stage Internet startup success. The
findings of this study advance our understanding of the relationship between founders’
social capital, the development of business models, and the success of early-stage Internet

startups.

Keywords: Internet startups, social capital, business models, entrepreneurs, mixed-method

research.
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Introduction

Information technology (IT) and entrepreneurship are having a love affair, because ‘IT is
the magic ingredient that inspires and most often enables contemporary entrepreneurial
endeavours’ (Del Giudice & Straub, 2011, p. III). This link between IT and entrepreneurship
is especially salient in the context of Internet startups (McKnight et al., 2002; Kollmann, 2006;
Serarois-Tarrés et al., 2006), which leverage Internet technologies and the economics of digital
products (e.g., network effects) to gain a competitive advantage through early market entry
(Grover & Saeed, 2004). Some Internet startups have quickly become major successes that
influence the lives of millions: Google, Skype, Facebook — and more recently Dropbox,
WhatsApp, Instagram, and many others. Many more Internet startups, however, have failed

and gone out of business.

The success of Internet startups depends heavily on the founders’ ability to develop their
business models — which may take years of continuous adaptation (Poole, 2001; Andries &
Debackere, 2007). Successful Internet startups are able to adapt their business models
continually, while maintaining liquidity (through funding) to support their operations (Grover
& Saeed, 2004). Securing ‘second round’ or ‘Series A’ funding (i.e., a major investment by
venture capitalists to support growth) is widely considered as a factor that distinguishes
successful from unsuccessful startups (Burton et al., 2002; Davila et al., 2003; Baum &
Silverman, 2004). According to one estimate, only 40 per cent of early-stage Internet startups

are able to secure required Series A funding (Taylor, 2012).

The aim of this paper is to understand better why some early-stage Internet startups
achieve this success while others do not (with success being considered as achieving Series A
funding). We build on and extend two distinct research streams — business model research and
entrepreneurship research — to gain new insights into the ‘inner workings’ of early-stage Internet

startups.

Of late, the business model concept has seen growing attention from research and practice
(for recent reviews see Lambert & Davidson, 2013; Veit et al., 2014). A business model is ‘the
design of organizational structures to enact a commercial opportunity’ (George & Bock, 2011,
p. 99) — in short, it describes how organizations deliver value to their customers. The business

model concept is helpful for gaining a more detailed understanding of the ‘inner workings’ and
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nature of a business (Al-Debei & Avison, 2010). However, substantive empirical IS research on
business models is lacking (Zott et al., 2011; Veit et al., 2014). Further, the link between the
business model and firm performance, as well as the process of business model change and
development, are poorly understood (Al-Debei & Avison, 2010; George & Bock, 2011). What
has been reported in prior research is that startups often change and adapt their business
models (Shirky, 2008; McGrath, 2010; Teece, 2010). This may be especially relevant for early-
stage Internet startups, where technological change and limited experience with reference
products and services may require substantial changes to the business model. Internet startup
success and the ability to perform continual adaptation of the business model are closely linked
(Grover & Saeed, 2004). This leads us to our first research question: What are the
characteristics of early-stage Internet startup business models and how are these actually

developed? We answer this question primarily through the qualitative first part of our study.

Some literature claims that business model development depends heavily on the founders'
abilities (Andries & Debackere, 2007; Trimi & Berbegal-Mirabent, 2012). Entrepreneurial
research often focuses on the founders (i.e., entrepreneurs) rather than on the business model.
The central question here is: why is it that some people are able to discover and exploit business
opportunities while others are not (Shane & Venkataraman, 2000)7 Studies of individual
entrepreneurs in other empirical contexts have found that the founders’ social capital (i.e., their
social networks and personal relationships) is helpful in identifying new business opportunities
(Ardichvili et al., 2003; Bhagavatula et al., 2010). Social capital may be particularly relevant
for early-stage Internet startups because it can provide founders with access to critical
knowledge, resources, and investors. This is a perception commonly held in the ‘Internet startup
scene’, but it is based on anecdotal evidence. In light of the above claims in the literature and
the common perception in practice (evident through our qualitative investigation as well as
practitioners’ writings), we ask a second research question: Are early-stage Internet startups
with better-connected founders more successful? We answer this question through both parts
of our study, adding to the qualitative a specific empirical test in the quantitative second part

of our study.

To answer these two research questions, we designed a mixed-method study (Teddlie &
Tashakkori, 2009; Creswell & Plano Clark, 2011). We conducted expert informant interviews

with 17 Internet startup founders in the first part of our study and learned that founders
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consider the business model to be in permanent flux in the early startup stage. Further, they
attributed key importance to their social capital for developing the business model and making
their startups successful. Building on this finding, in the second part of our study we analysed
a unique dataset covering 70 Internet startups and their 145 founders using social network
analysis (SNA) techniques and found that better-connected founders were much more likely to
create successful startups. Based on the overall findings of the study, we conclude that business
models of early-stage Internet startups are highly dynamic and that founders leverage their
social capital in developing the business model. Well-connected founders are most critical for

the success of early-stage Internet startups.

The remainder of the paper is structured as follows. First, we review related empirical and
theoretical work. We then explain our research design. After that, we present the findings and
analysis, first of our qualitative study and then of our quantitative study. We discuss the

theoretical and practical implications of the findings before concluding our study.

Related Works and Theoretical Foundations

Because of the interdisciplinary nature of the research, our review of the related literature
needs to cover several different (and largely disconnected) literature streams. We therefore
focus on a selection of key papers that inform our study and provide references to dedicated

reviews of the different streams for the interested reader.

The business model concept (it is not a ‘theory’ as such) is critically important for this
study and offers a theoretical approach for studying the ‘black box' of what happens within
firms. This is in contrast to traditional industry analysis that treats firms within one industry
as essentially equal. The business model concept builds on two theoretical lenses. The market-
based view draws from Porter’s value chain concept (1985) and the extended notions of
strategic positioning (Morris et al., 2006). Further, the business model concept builds on the
resource-based view of the firm (Wernerfelt, 1984; Barney, 1986) and related theories such as
the knowledge-based view (Nonaka, 1994) and the dynamic capabilities/absorptive capacities
perspective (Cohen & Levinthal, 1990; Teece et al., 1997; Zahra & George, 2002). While it is
beyond the scope of this paper to discuss the claims of these theories in detail, they share a
common theme in that they aim to explain differences in firm performance by achieving

sustainable competitive advantages through a firm’s strategic market position, the various
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resources available to the firm, and the firm’s ability to use these resources effectively and
efficiently. The business model perspective acknowledges the role of resources and capabilities
(Hedman & Kalling, 2003) but goes beyond this ‘possession’ perspective to consider explicitly
other factors relevant to firm performance such as external value networks and the design
(structure) of value creation (e.g., Al-Debei & Avison, 2010; George & Bock, 2011; Zott et al.,
2011). Hence, we find the business model perspective an appropriate, contemporary framework

to study the differences between Internet startups.

The emergence of the business model concept is closely related to the emergence of the
Internet in the mid-1990s (Zott et al., 2011). Since then, it has seen increasing and substantial
attention, especially in the fields of entrepreneurship (George & Bock, 2011), strategic
management (Zott et al., 2011), and information systems research (Al-Debei & Avison, 2010).
Only recently, several efforts have been made to bring a unifying structure (Krumeich et al.,
2012) and a frame of reference to the different business model research streams (Al-Debei &

Avison, 2010; George & Bock, 2011).

As noted above, we follow the straightforward business model definition of George & Bock
(2011), who emphasize the role of opportunity discovery, ideation, and enactment. Ultimately,
business models create value by exploiting the underlying opportunity (George & Bock, 2011).
The value proposition describes the benefits customers can expect from products and services
(Osterwalder et al., 2014), and it is widely considered as a key business model element (see
Afuah & Tucci, 2001; Chesbrough & Rosenbloom, 2002; Morris et al., 2005; Al-Debei & Avison,
2010; Burkhart et al., 2011; Krumeich et al., 2012, among others). Finding the right fit between
what a company offers and what customers want (i.e., the product-market fit) is crucial to any

business model (Osterwalder et al., 2014).

Al-Debei & Avison (2010) identify three additional common elements of business models
in the literature: value architecture (i.e., the configuration of assets, resources, and core
competencies), value network (i.e., the relationships to customers and other stakeholders such
as partners, suppliers, etc.), and value finance (i.e., the financial setup in terms of costing,
pricing, and revenue structure). However, despite these recent efforts, the exact
conceptualization of the business model remains a matter of ongoing discussions in academia

(e.g., Burkhart et al., 2011; Lambert & Davidson, 2013). Further large-scale empirical analyses
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and conceptual work are needed to advance our understanding of business models (Al-Debei &

Avison, 2010; Burkhart et al., 2011; Veit et al., 2014).

How is the business model relevant for explaining the performance and success of the firm?
Previous studies have analysed the impact of different business model configurations on
financial performance, (e.g., revenue growth, profitability, market capitalisation), and equity
growth, as well as non-financial performance, such as resilience in challenging markets and the
ability to provide social value to stakeholders (Lambert & Davidson, 2013). In the
entrepreneurial context, prior work has primarily looked at more mature firms in their later
stage of development: It has been shown that firms with business models that include novel
elements (e.g., innovative combinations of products, services, and information) outperform
those with business models that do not include such novel elements (Zott & Amit, 2007). From
a dynamic perspective, initial empirical evidence suggests that business model adaptation and
firm performance are positively related in new businesses (Andries & Debackere, 2007). The
latter result corresponds to the argument that business models are inherently dynamic
(Hedman & Kalling, 2003; Maclnnes, 2005; Osterwalder et al., 2005; Al-Debei & Avison, 2010),
especially so in the IT industry (Trimi & Berbegal-Mirabent, 2012). It is considered a best
practice to challenge and revise the business model continually (Blank, 2005; Osterwalder et
al., 2010; Ries, 2011). That is, rather than having a static business model, startups need to be
dynamic, and sometimes even consider pivots — ‘structured course corrections’ (Ries, 2011, p.

103).

The goal of business model development is to find viable value propositions and create
organizational structures that allow for exploiting the underlying opportunities (Blank, 2005;
George & Bock, 2011; Osterwalder et al., 2014), which in the end determines success or failure
of a (startup) firm. In some cases this business model development can take years of continuous
adaptation (Poole, 2001; Andries & Debackere, 2007). Startups go through several stages of
development, which usually include modifications of their business models. Kollmann (2006)
describes three distinct development phases: ‘early stage’, ‘expansion stage’, and ‘later stage’.
As noted before, we focus on the early stage of startups (also called the startup stage, or seed
stage), which can be described as ‘the state of a company when it has just been incorporated
and its founders are developing their product or service’ (NVCA, 2013, p. 74). The early stage

begins with the initial work on the startup (i.e., the founders begin to work on an initial idea)
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and typically ends with either the startup receiving Series A funding or the startup being
discontinued. During the early stage, companies are typically funded by founders’ savings,

friends and family, angel investors, or seed funding.

Measuring the success or performance of entrepreneurial firms is not trivial. For instance,
Andries & Debackere (2007) measure their long-term survival rate, while Zott & Amit (2007)
refer to stock market values. However, these are measures for companies in their later stages.
Early-stage startups are different: unlike publicly traded companies, they are not required to
publish company data. Revenues (which often do not exist) or growth rates are widely

considered not fully representative of an early-stage startup’s real value.

What defines success for an early-stage startup? Typically, founders, investors, and market
observers consider it a success if the startup is evaluated positively by (i.e., receives funding
from) a venture capitalist (VC) (Baum & Silverman, 2004), which ‘confirms the quality of the
company and decreases the uncertainty about its potential success. ... The credibility associated
with a funding event — emanating from the information available to the VC firm as well as its
reputation — gives a strong signal about the quality of the startup’ (Davila et al., 2003, p. 692).
That is why, in this study, we follow prior research in that we consider the success of early-
stage startups as obtaining Series A funding through a VC (Burton et al., 2002; Davila et al.,
2003; Baum & Silverman, 2004).

Having argued for the importance of business models and their dynamism, as well as for
Series A funding as an indicator of success for early-stage startups, we now must turn to the

core question of what makes an early-stage startup successful.

At its core, entrepreneurship is about people and their processes around discovery,
evaluation, and exploration of business opportunities (Shane & Venkataraman, 2000).
Technology is critical, but it is ancillary to the people who take advantage of the business
opportunities around them (Blank, 2005). From this perspective, business models do not work
on their own; rather, they need to be implemented and continually adapted by capable
entrepreneurs (Chesbrough, 2010). In fact, VCs regard the management team as most
important when they evaluate investment opportunities (Muzyka et al., 1996). In particular,
entrepreneurs need to be able to explore and exploit technological capabilities and business

opportunities (Blank, 2005; Blank & Dorf, 2012). The search for a viable value proposition is
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a continual, iterative process of designing and testing prototypes (Osterwalder et al., 2014). A
central finding of entrepreneurial research is that the abilities of people in otherwise comparable
situations vary widely in these regards (Shane & Venkataraman, 2000). These performance
differences of entrepreneurs (or, in the case of startups, founders) may also strongly affect the

success of their startups.

Typically, entrepreneurial research has studied the question of success and performance
differences by examining the personal abilities of individuals (Zhao et al., 2010) and human
capital (for a review see Unger et al., 2011). Less understood is the role of the founders’ social
capital, which Stam et al. (2014) found significant in explaining the performance of small firms.
Granovetter (1985) was among the first to argue that all economic action should be considered
as embedded in social structures. Research on social capital focuses on explaining the
performance and success of any individual actor embedded in (and as a function of) the

surrounding social structures (Borgatti & Foster, 2003).

Social capital has been defined as ‘the sum of the actual and potential resources embedded
within, available through, and derived from the network of relationships possessed by an
individual or social unit’ (Nahapiet & Ghoshal, 1998, p. 243). Social capital may have
significantly greater impacts than human capital for small businesses (for a review, see Stam
et al., 2014). Researchers have singled out repeatedly the benefit of social capital for firms that
results from the ability of individuals with high social capital to identify new business
opportunities for the firm (Ardichvili et al., 2003; Bhagavatula et al., 2010). Based on that
argument, we infer that social capital is also relevant for the success of early-stage Internet
startups, and likely even more so than human capital. This underscores the relevance of this
study as it integrates the business model perspective (firm level) with research on the human
and social capital (individual level) of entrepreneurs/founders in the context of early-stage

consumer Internet startups.

Research on business models has certainly acknowledged the value of networks. For
example, Al-Debei & Avison (2010) argue in their summary and review of IS research on
business models that the success of a firm depends to some extent on the firm’s relationships
with other actors. However, networks as part of a business model are typically conceptualized
and considered as value networks, that is, firm-level cooperation of suppliers, customers, and

partners (Hedman & Kalling, 2003; Al-Debei & Avison, 2010; Zott et al., 2011) as opposed to
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the personal networks and network resources available to the founders (i.e., social capital of
founders). While social capital certainly helps establish firm-to-firm relations, the two concepts
are distinct. Social capital is an individual-level concept, while value networks are a firm-level
concept. In addition, social capital precedes value networks in that founders, when they begin
to create a startup, typically do so with a substantial amount of combined social capital
(probably the firm’s only resource at this point), while the value network of the startup is
typically non-existent at the beginning. Our argument picks up from a suggestion in the
dynamic capabilities literature that ‘social capital and external ties that individual team
members bring with them may constitute important endowments of the founding team’ (Helfat

& Peteraf, 2003, p. 1001) in early-stage startups.

In summary, we are interested in the factors that make early-stage Internet startups
successful and how the founders develop their business models. We deduce from theory and the
literature that social capital previously overlooked may yet be an important factor in that
success. As empirical studies directly exploring the mechanisms and testing the impact of the
suspected effect are not available, we conducted an empirical investigation in the context of

early-stage Internet startups.

Research Design

We used a sequential mixed-method design (Teddlie & Tashakkori, 2009; Creswell & Plano
Clark, 2011) in our research. Mixed-method research has been strongly advocated in IS because
it allows researchers to gain a more complete understanding of complex technological,

organizational, and social phenomena of interest in our discipline (Avison & Fitzgerald, 2012;

Agerfalk, 2013; Venkatesh et al., 2013).

Some scholars take the broader perspective that mixed-method research (or, multi-method
research) refers to any research investigation that employs more than one method (Mingers &

Brocklesby, 1997; Mingers, 2001; 2003), while other scholars are referring specifically to the
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combination of qualitative and quantitative research methods (e.g., Venkatesh et al., 2013).!

Our research design is mixed-method according to both perspectives.

We followed the most common type of mixed-method investigation, a sequential design
(Creswell & Plano Clark, 2011).2 First, we used interviews with Internet startup founders (i.e.,
expert informant interviews) to explore the issues qualitatively. These interviews were
conducted in an open-ended fashion and we paid close attention to the interpretations and
sense-making of the experts. The aim of this first part was to achieve a rich, context-aware
exploration of the phenomena of interest — business model development and the role of social
networks for early-stage Internet startups. Second, we used social network analysis to test
quantitatively the central hypothesis of this paper, that is, that there is a strong, dominant,
positive effect of social networks of founders on their startups’ success. The integration of expert
interviews and social network analysis has been singled out as one of the most fruitful

applications of mixed-method research (Venkatesh et al., 2013).

We describe both parts of our research — and how we integrated those two parts — in detail

below.

Expert Informant Interviews

We conducted a series of semi-structured and open-ended interviews (Myers, 2013) with
founders of Internet startups (see Appendix A for details on the participants). The interviews
were based on an interview guideline we adapted over time to account for emerging insights or
additional questions (see Appendix B for interview guidelines). We used a purposeful sampling

strategy (Shadish et al., 2001) in selecting and approaching the interviewees. Specifically, we

1 All authors cited in this paragraph suggest that mixed-method research is valid (and valuable) — despite claims of
the ‘incommensurability’ of the research philosophies justifying in particular research methods. The
incommensurability claim (in relation to mixed-method research) has been disputed both by pragmatists and by
critical realists on philosophical grounds. One core counter argument put forward against such a claim is that
research methods provide additional and complementary insights on complex phenomena. Indeed, we found applying
two different lenses (two methods) valuable for generating richer insights in relation to our research aim. For a more
detailed discussion of the possibility and validity of mixed-method research consult, for example: Mingers &
Brocklesby (1997), Mingers (2001) and Venkatesh et al. (2013).

2 Note that sequential design refers to the logical design of the study. Some interviews (or follow-ups) were conducted

after the quantitative analysis. In that sense, the research process was hermeneutic and iterative in nature (rather
than one-way linear).
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wanted to stay within specific boundaries (consumer Internet startups in or shortly after early
stage) while maximizing variety within these boundaries (e.g., experience, location, business
model type). To secure the preferred interview partners, we used the professional ties of

members of the research team with startup organizations and the startup community.

The interviews took place via phone, video conferencing, or in person in 2013 and 2014.
We transcribed the interviews in full to allow for coding analysis. We also included natural,
secondary data such as press releases and publicly available third-party interviews (with other
founders) for our analysis (Silverman, 2011). We used the software NVivo (Version 10) for
coding. The conduct and analysis of the interviews were done iteratively and we adopted our
interview guide over time to account for emerging insights (e.g., new aspects that seemed

relevant).

For the coding and analysis process, we used the approach suggested by Lichtman (2013).3
First, one author provided the initial coding of the data. In the initial coding process, we used
both in vivo codes (i.e., codes that use terminology of the interviewees) as well as extant theory
(i.e., terminology from the academic literature) to inform our naming and attribution of codes
(Hsieh & Shannon, 2005). We then merged identical codes and resolved issues with different
understanding of the meaning of codes in the research team through review, discussion, and
clarification. Next, we aggregated codes to categories (higher-level constructs that describe
several codes on a more abstract level). Again, we resolved different understanding of categories
and interpretations through review, discussion, and clarification. We refined coding and
categories over time by removing or merging unnecessary/redundant codes and categories.
After developing categories, several researchers re-read all founder interviews to identify
relationships between (e.g., structures in terms of cause-and-effect or timely order) and within
categories (i.e., identified sub-categories). We then organized the categories into main concepts
with respect to the main argument (i.e., linked to the research aim). The research team
discussed the final categories, sub-categories, and their links, and resolved remaining

ambivalences. This process was not linear. We conducted further interviews and iteratively

3 Lichtman’s process is in turn closely aligned with the coding techniques used in thematic analysis (e.g., Ezzy,
2002) or in the grounded theory method (e.g., Charmaz, 2014).
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followed with the process of coding and abstracting (generating and relating categories) until
changes in our understanding were minimal, and we concluded the investigation having reached

theoretical saturation.

We used the qualitative findings to inform the quantitative part of the study. Specifically,
the qualitative investigation allowed us to develop propositions and operationalize two of them

into a hypothesis that could be meaningfully tested using (natural) quantitative data.

Social Network Analysis

For our quantitative data analysis, we collected different, complementary types of
quantitative data. The data collection for this part of the study began in 2013 and was further
complemented in 2014. We used several publicly available databases and sources to compile a
unique dataset that encompassed 70 U.S. consumer Internet startups and their 145 founders.
As the first step, we collected information from the CrunchBase (CrunchBase, 2014), AngelList
(AngelList, 2013), and U.S. Securities and Exchange Commission (SEC, 2013) databases. These
databases provided us with information about the business models of the startups and their
funding information. We complemented this data with information available from the startups
themselves (e.g., on their websites or in press releases). Second, we gathered publically available
data from a large business online social networking site that provided indications of the
founders’ human capital (e.g., educational background or experience) and social capital (e.g.,
previous employers and experience — commonly held to be good indicators of social capital).
The previous employers’ data from the social networking site created a network of 29,419

companies. Note that we aggregated at the level of the startup in the case of co-founders.

We performed social network analysis (SNA) of the previous employers’ network data to
test for a correlation between the social network of founders and the success of their startups.
SNA can determine properties of networks and nodes in these networks (Wasserman & Faust,
1994). Centrality, a common SNA measure, measures how central and well connected a node
(here: a company) is. Eigenvector centrality, one particular SNA measure of centrality
(Bonacich, 1972), assigns relative scores to all nodes in the network based on a recursive
principle that connections to high-scoring nodes contribute more to the score of the node in
question than connections to low-scoring nodes. Because we were looking at startups in a

network of companies, we used Eigenvector centrality, which is considered an excellent SNA
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measure of social capital (Borgatti et al., 1998). We chose not to use the directed weighted
Figenvector centrality because we wanted to include all previous employers — increasing
diversity of inbound flows — rather than concentrate on a few high-intensity turnover
relationships. Thus, we calculated the directed unweighted scaled Eigenvector centrality for

each startup node. We used the software Gephi (Bastian et al., 2009) for the SNA analysis.

Finally, we performed additional, more conventional statistical tests on the other data to
test for correlation between a variety of other factors and the success of the startups. Depending
on the nature of the underlying data, we either used a 2-sided Fisher’s exact test or a regular

2-sided t-test (Hair et al., 2010).

The findings of this analysis of the quantitative data provided further evidence to support
the propositions developed earlier. Below, we first report the findings from the expert informant
interviews (qualitative part of the study) before moving on to the findings from the social
network analysis (quantitative part of the study). Further below, we then provide an integrated

discussion of these findings.

Expert Informant Interviews: Analysis And Findings

All of our interviewed founders referred to Internet startup business models as being
inherently dynamic. They considered the nature of startup business models to be substantially
different from the business models of established companies. Most founders distinguished
between the ‘vision’ (core idea), which was seen as stable, and the business model
(operationalization), which was seen as volatile. This core idea was typically abstracted from
specific details such as the value proposition or target customers, but it drove and influenced

the development of a concrete business model.
Founder F explained:

‘The core idea, for us, was always the same. What did change over time was everything

else’.

The founders considered it precisely the purpose of an early-stage startup to ‘define and
refine’ the business model. Specifically the context of Internet startups is an ideal environment

to develop business models dynamically because required investments (e.g., development costs)
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are low and different configurations of the business model can in most cases be directly tested

and iterated with potential customers.

The founders participating in the study were quite explicit that in early-stage Internet
startups most elements of the business model need to be considered inherently dynamic. They
attributed different degrees of dynamism to different elements of the emerging business model.
A few considered single elements of their business model as being relatively stable, such as the
intended monetization model. However, even in these cases the founders were not completely
sure about the long-term stability of these elements either as a whole (e.g., moving from a
business-to-business to a business-to-consumer business model) or at least in their adjustment

over time (e.g., the exact price point inside a freemium monetization plan).

Based on these observations, we propose:

Proposition 1: The business models of early-stage Internet startups tend to be dynamic.

The founders themselves are the most stable element of the business model — or the startup
if founders are considered external to the business model. The founders are the fixed point

around which the business model evolves through multiple iterations.

An investor explained why he considers the business model less important than the founder

team for his investment decisions:

‘If bad comes to worse, can we reuse the founders for another [business| idea?’ (Investor

A)

Similar views regarding the pivotal role of the founders in early-stage Internet startups are
held by leading investors such as Ron Conway and Chris Dixon (see Clark, 2011) or Dave
McClure (see Patterson & Arnold, 2010). As the famous venture capitalist William Draper IIT

concluded:

“You have to make sure that you have the right entrepreneur team. Nothing is more

important. In fact, nothing is even a close second’. (see Lewis, 2011).
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The founders conceptualized themselves as the creators or the enablers of the business
model. They found themselves inherently central to the startup in its early stage. Summarizing

the above, we propose:

Proposition 2: The founding team is mainly stable and plays a pivotal role for business

model development in this early stage.

Rather than having a clear strategy in mind for their business models, the founders
typically reported following trial-and-error, minimum-viable-product, and A-B-testing
approaches? for their business model development. They further noted that the ability to adapt
the business model quickly is more important than a clear strategy in the early stages of an
Internet startup. Strategy was considered an abstract, high-level concept more relevant in later

stages, after the business model was more stable. Founder G noted:

‘Keeping agile. I would say being on my toes and changing directions; assessing things on

the go is more important than sticking to a strategy which you are not very clear about’.
Based on these observations, we propose:

Proposition 3: The founders typically follow an agile trial-and-error approach in developing

and adapting their business model.

What further stood out in the interviews was the high importance founders attributed to
their social networks, especially professional social networks. All founders had leveraged in
some way their social networks. Nearly all founders interviewed found it very important or

even the most important factor for the success of their startup.

Founder J said his ‘social network has a huge impact and it is amazing how it is working

for me’.

4 These approaches are short-cycle, iterative approaches to changing and testing the assumptions underlying a
particular business model (e.g., Ries, 2011). The ‘lean’ and ‘agile’ approaches of business model development aim to
reduce the number of spectacular large-scale earlier Internet venture failures often associated with the burst of the
‘dot com bubble’.
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Similarly, founder F said ‘my network is ... the success factor, to be honest’.

Founder E saw the social network as a resource of his startup: ‘The network is the most

essential part of my company ...’

There were, however, exceptions to this general perception. Two of the 17 founders that
participated in the study did not rely on their networks as centrally as the others. One stated
that he used his social network only for emotional support, but that it was secondary for the
business of the startup. Another preferred building strong personal relationships with a few

people rather than leveraging a broad set of contacts.

Asked why their social networks were so important, the founders reported a broad range
of benefits. More than half mentioned reputational benefits they gained through their networks.
Having previously founded a successful startup or having worked at major consulting firms
helped secure funding for the business model. Founder E explained his success in securing

(Angel/Seed) funding as follows:

‘It would have never been possible to raise this much money in this short time, and having
this much product without having said elements already. All of the investors are looking at my

track record and everybody who knows me’.

All Asian founders corroborated the importance of status flows (i.e. flows of legitimacy,
power, and recognition) through their social network and underscored the high importance of
these reputational benefits for their startup. Conversely, for the Western founders, these were

less central and they generally attached less importance to status flows.

Almost all founders reported information benefits from their social networks. For example,
the founders reported having received relevant information and news, new ideas for their
business model, and general feedback through their social networks. They also used their social
networks as the key resource for advice on, and learning the skills necessary for dealing with,

business, technology, or legal issues in their business model development.

Social networks were seen as providing important access to potential employees and

external contractors (e.g., designers, lawyers, HR firms).
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Networks were also central to many startups with respect to co-founders: they connected
either specifically through searching for co-founders or by virtue of having previously worked
or studied together. Some also found customers and partner companies through their social

networks, and some gained access to office space and equipment.

Finally, one important benefit mentioned consistently in the interviews was that networks
provided access to investors and hence funding. Nearly all the founders we interviewed received
introductions to their future investors through contacts with which they already had a

connection.

Investor A explained the importance of personal introductions through social networks:

‘If they [founders| come to us [for funding| over network [through introductions|, they need
some kind of network. So, yes, the stuff we are looking at has a certain network ... They can

use [a network| to get the right angels on board and the right one, two, three customers’.

The importance of social introductions and relationships for funding is generally accepted
in practice (Nivi, 2008; Wertz, 2013). For example, Chris Wand, Managing Director at Foundry

Group (a U.S.-based early-stage venture capital firm), explains:

‘VCs are generally bombarded by requests for meetings, so a warm introduction helps an

entrepreneur’s request float to the top of the list’. (as quoted by Nivi, 2008)

In summary, we found in the data that the founders’ social networks provide them with
information, resource, and status benefits. For instance, they receive feedback on their ideas
and concepts, gain partners and customers, get access to required resources, and raise funding
through their networks. All of this helps them develop their business model and establish a

successful startup.
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Proposition 4: High social capital (i.e., being well connected) of the founders in early-stage

Internet startups has a positive impact on the success of their startups.®

Based on the observations concerning the importance of founders’ social networks, we spent
considerable time in the interviews probing more deeply into the nature and origins of these

social networks.

The founders reported that the relevant social networks included friends and family, in
some cases formalized relationships (e.g., mentors), and most often professional contacts
(especially from prior work, such as former co-workers). Such social relations can also lead to

‘getting introduced’ and ‘establishing critical connections’.

Within the professional social network, founders found former co-workers as well as current
or former investors and mentors to be the most helpful types of contact. Former co-workers
(including bosses, mentors, or friends from previous workplaces) helped primarily by providing
access to specific skills (e.g., legal advice, technical expertise) or through introductions to
business-relevant contacts (e.g., investors, media). Typically, such transactions were social in
nature and did not involve a monetary component. Friends and family were mentioned

primarily as sources of emotional and motivational support.

All founders reported that they began working on their startups with substantial existing
social networks based on their previous careers (especially employment and education). The
key origin for their professional social networks was the founder’s career history. Founder F

explains this important relationship:

‘I'm a lawyer. So, at the beginning, the patent lawyers, the corporation lawyers, and all
these, they didn’t charge a dime for us. ... When [co-founder’s name] started talking about this
to insurance companies, he always went directly to the board of directors because he did

projects with them back then [in the co-founder’s previous position]|’.

5 The aggregated benefit of being central to one or several social networks is typically referred to as ‘social capital’
in the literature. Some of the founders also used this term. For these reasons, we use the term social capital in the
proposition.
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In summary, the founders we interviewed stated that they benefitted most from
professional contacts and that they actively managed their social networks. The most critical
source for their social networks in the early stage stemmed from their career history, with some
friends and family as well as investors and mentors also forming part of the social networks

relevant for their business model development. We thus conclude with a final proposition:

Proposition 5: The founders’ professional contacts stemming from their career history are

the most important source of social capital.

Social Network Analysis: Analysis And Findings

We used propositions 4 and 5 to develop a testable hypothesis suitable for a larger-scale
test (Whetten, 1989). To operationalize and measure ‘social capital (i.e., being well connected)
of the founders in early-stage Internet startups, we created the social networks of all founders,
aggregated them per startup, and calculated the Eigenvector centrality as detailed in the
method section and Appendix C. As noted above, if people are nodes in a network, then the
Eigenvector centrality provides an excellent measure of their social capital (Borgatti et al.,

1998).

To operationalize and measure ‘success of their startups’, we considered a binary variable:
1 if the startup successfully secured Series A funding (considered the ‘successful group’) and 0
if the startup was unable to secure Series A funding (considered the ‘unsuccessful group’). As
noted above, Series A funding is widely considered the central and most important performance
indicator for early-stage startups (Burton et al., 2002; Davila et al., 2003; Baum & Silverman,

2004).

Hypothesis: The combined social capital of the founders (as measured by their startup's
Eigenvector centrality) has a significant positive impact on the success of their early-stage

Internet startup (as measured by obtaining Series A funding).

We performed a t-test to assess the statistical significance of the group difference between
the successful group and the unsuccessful group of startups. The result of the t-test confirmed
that the means of the two groups are significantly different (¢ = -3.283, p = 0.002). Levene's

test for equality of variances was not significant (p = 0.606), which indicates equal variances
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across both groups. Thus, the hypothesis was supported by the data at the 0.01 significance

level.
Category Measure Successful Unsuccessful Significance Test
startups startups of difference type

Social capital Founders' network centrality 21 (30%) 49 (70%) 0.002%** b

Human capital Average number of (co-) 2.238 2.000 0.270 b

factors Founders
VC experience 3 (14%) 4 (8%) 0.421 a
Consultant experience 6 (28%) 17 (34%) 0.783 a
Prior founder experience 10 (47%) 34 (69%) 0.108 a
Average years of education 4.786 3.699 0.074* b
Average years of work 9.572 9.446 0.936 b
experience

Entrepreneurial Management 19 (90%) 40 (81%) 0.485 a

self-efficacy
Financial 15 (71%) 36 (73%) 1.000 a
Risk 16 (76%) 38 (77%) 1.000 a
Innovation 11 (52%) 30 (61%) 0.599 a
Marketing 13 (61%) 29 (59%) 1.000 a

Computer efficacy General IT 15 (711%) 31 (63%) 0.590 a
Web 2.0 9 (42%) 24 (48%) 0.795 a
Design 2 (9%) 10 (20%) 0.325 a

a = Fisher’s exact test; b = ttest (2-sided); significant at * o = 0.100; ** o =0.050, *** o =0.010
Table 1. Results from Tests of Association (N="70, Showing p-Values and Significance Levels)

In addition to testing the hypothesis (i.e., the impact of founders’ social networks), we also
controlled for some other factors that could potentially affect funding success. These include
typical human capital factors such as education and work experience (Lazear, 2004; Lambert
& Davidson, 2013), as well as specific entrepreneurial (see Chen et al., 1998) and technological

skills (see Compeau & Higgins, 1995) required in the context of Internet startups.
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We found that founders’ experience and specific skills were all statistically insignificant as
antecedents of startup success, and that only years of education were moderately significant at
the 0.10 level. The results indicate that human capital has a lower impact on startup success

than social capital.

Discussion

The analysis of the qualitative data revealed that the business models of early-stage
Internet startups are typically very volatile and in permanent flux. Despite that the founders
attributed different degrees of dynamism to different elements of the emerging business model,
even the relatively stable elements would or could change, or were at least adjusted over time.
Thus, a business model in this context cannot be conceptualized meaningfully as an ontological
static ‘map’ of a fixed structure already existing in reality. Rather, a business model in the
early-stage phase is better understood as a conceptual structure for rapidly changing
components that describe ‘the rationale of how an organization creates, delivers, and captures
value while delivering products or services to customers’ (Osterwalder et al., 2010, p. 14). The
founders continually adapt and change the dynamic elements in an on-going search for a
repeatable and scalable business model (see Blank & Dorf, 2012). In short, the business model
is developed in this stage and changes significantly and rapidly. This finding adds empirical
evidence to earlier research that considers business models as being inherently dynamic
(Hedman & Kalling, 2003; MaclInnes, 2005; Osterwalder et al., 2005; Al-Debei & Avison, 2010;
Trimi & Berbegal-Mirabent, 2012).

It was surprising that, as it turned out, the founders did not follow a clear strategy in
developing their business model; rather, the business model evolved around a ‘core idea’. This
finding is in contrast to other research that considers an organization’s strategic orientation as

being the result of deliberate choices (e.g., Grover & Saeed, 2004).

We found that the founders’ social networks — especially their professional network
connections — are critical for the success of the startup (and hence the business model that is
enacted through the startup). This finding supports prior research that suggests social networks
provide information, resource, and status flows. To this literature, we add how these network

benefits help in actually developing the business model.
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As introduced before, we refer to Al-Debei and Avison (2010) for a more granular view on
business models and their underlying dimensions — value proposition, value architecture, value
network, and value finance. Information flows include the flow of information between
individuals across their strong and weak ties (Friedkin, 1982), for instance competitive insights
(Harrigan, 1986), but also knowledge transfers (Chrisman & McMullan, 2004). In our study,
the founders mentioned having received both — new ideas and feedback for their business model
as well as latest technological, business, and legal knowledge. Obtaining such knowledge is
especially relevant at the early stage of a startup and has a significant impact on its long-term
survival (Chrisman & McMullan, 2004). Consequently, information flows are relevant for all
four business model dimensions; for example, constant feedback and new ideas help in shaping
the value proposition as well as the revenue structure and pricing method (both part of the

value finance dimension).

Resource flows include access to critical resources and transfer of assets such as money,
equipment, and technology (Madhavan et al., 1998; Gnyawali & Madhavan, 2001). In the early
stage, the startup typically comprises the founder team (or a single founder) as its only resource.
Our interview partners mentioned access to potential employees (or prospective co-founders),
external contractors (e.g., developers, lawyers, etc.), customers or business partners, and
investors through their networks as being critically important. These resource flows primarily
help in further building and establishing the value architecture, that is, the organization’s
assets, resources, and core competencies. Furthermore, the access to customers and business
partners help achieve product-market fit and hence an appropriate value proposition that

creates value for customers.

Status flows are ‘flows of legitimacy, power, and recognition from high-status firms to
lower-status firms’ (see Padgett & Ansell, 1993; Gnyawali & Madhavan, 2001, p. 432). In the
early-stage startup context, our interviewees confirmed that they gained trust and credibility
from having a proven track record or having worked for high-status firms, consulting
companies, or relevant business partners. Thus, status flows play the role of ‘door openers’ that

facilitate access to other actors who would then provide information and resource flows.

In summary, we conclude that the founders’ social networks play a pivotal role for business
model development because of the information, resource, and status benefits these networks

provide.
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Our quantitative data supports the hypothesis that centrality of founders in their
professional social networks (stemming from founders’ career histories) has a significant positive
influence on the success of their startups (measured as Series A funding success). Conversely,
typical human capital factors such as previous work experience or specific skills were not
significant. This finding is in line with previous research that showed that social capital has
significantly greater impacts than human capital in explaining startup success (Stam et al.,
2014). Yet, we were able to show these effects in the unique context of early-stage Internet
startups, which generally poses great challenges for researchers due to limited data availability

(George & Bock, 2011).

Drawing meta-inferences — that is, the integration of findings across the qualitative and
quantitative studies — is a critical and essential aspect of mixed-methods research (Venkatesh
et al., 2013). Here, both our research streams complemented each other well. The first part,
the qualitative investigation through expert interviews, revealed that the founders themselves
see their professional social networks as critically important for the development of the business
model. To complement and expand on this rather subjective perception of the founders, we
performed a subsequent quantitative statistical analysis of archival data, which was (implicitly)
based on the more objective evaluation of investors. The quantitative analysis confirmed that
better-connected founders have higher chances to obtain required follow-up funding for their
startups. Combining the findings from both research streams, we conclude that startups with
better-connected founders are more successful because the founders’ professional social
networks provide the required means (i.e., information, resource, and status benefits) to develop

the business model in the early stage of the startup.

What are the implications from these findings for future conceptualization of and research
on business models and startups? First, our findings provide new and unique insights into how
young digital organizations dynamically develop their business models. Thus, we address a
research gap identified by Al-Debei & Avison (2010) as well as George & Bock (2011) by adding
how these business models actually emerge in practice to earlier research that primarily focused
on what comprises a business model. Specifically, this paper helps us understand business
models in the empirical context of early-stage Internet startups as unstable and in flux. In this
context, business models cannot be treated as a static fact but must be conceptualized as a

dynamic structure that is emergent and constantly adapted over time.
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Conversely, we found the founders to be a relatively stable component (of the startup
and /or the business model). They are a central factor in explaining early-stage Internet startup
success. This adds to previous research on the link between business model and firm
performance that looked at more mature firms (Andries & Debackere, 2007; Zott & Amit,
2007). Further, these findings imply that an integration and synthesis of IS research on business
models (typically focused on the organizational value proposition model) with entrepreneurial
studies (typically focused on the person of the founder) will be fruitful to develop our knowledge

of business models (recently also suggested by Veit et al., 2014).

Second, the findings provide further evidence in a new context for the claim that external
networks are a critically important resource for firms (on organizational level; e.g., Gnyawali
& Madhavan, 2001; Canina et al., 2012). In particular, we show how early-stage Internet
startups leverage the information, resource, and status benefits their founders’ networks provide
to develop their business models. Notably, we found empirical evidence that the founders’ social
ties serve as antecedents to value network connections (e.g., to customers and suppliers). This
finding certainly warrants further investigation of the link between individual-level and

organizational-level networks in the context of business model and entrepreneurship research.

Finally, methodologically, this study is among the first to integrate qualitative methods
and SNA methods in an IS research paper. In their recent review of mixed-method IS research
published in top IS journals (AIS senior scholar basket, which includes the Information Systems
Journal), Venkatesh et al. (2013) were unable to identify such an example, yet strongly and
specifically advocated for this particular combination. As such, this paper may both provide
an insightful account for researchers interested in the context of business models and IS
entrepreneurship and also provide an example of how qualitative methods and SNA can be
meaningfully integrated in IS research in general. We found the two methods mutually
informing, and found it encouraging overall that similar results through different

methodological tools result in the same empirical finding.

For Internet entrepreneurs and prospective founders, the findings suggest the critical
importance of actively building professional social networks before creating a startup, and then
nurturing and using these social networks extensively to develop a business model that adds
value for the customer (rather than operating under the alternative assumption that ‘it just

takes the right idea’). Often — especially in the pay-it-forward culture of the Internet startup
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scene (Blank, 2011; Ready, 2012) — such networks provide ‘free’ (in monetary terms) critical
resources for the business model/startups. ‘Don’t ask for money, ask for advice’ (Calacanis,
2011) is a common mantra in the Internet startup scene. Increasing the social capital of a
founder team, according to our findings, is a crucial mechanism to improve the likelihood of
success of the startup. In terms of actionable advice to prospective founders, this would suggest
getting a person with high social capital on board (e.g., a person with long professional
experience, a well-connected angel investor, or an experienced serial entrepreneur). In that
sense, both our participants as well as other practitioners suggest that the relationship between
founder team and investor is (for both parties) not primarily a financial but a social

arrangement (e.g., Dupree, 2012; Espinal, 2013; Kerpen, 2013).

For angel investors and other early investors in Internet startups — a group that could
rapidly expand from an elite group to ‘everybody’ in the near future through crowdfunding and
crowd investing/equity (Belleflamme et al, 2014; Mollick, 2014) — the findings have
implications for how to evaluate Internet startups. Investors should look beyond the business
model in isolation and the ‘human capital’ competencies of the founders. They should study
the networks founders bring to the table. That is, a startup with a good business idea will likely
not succeed in securing required later-stage (Series A) funding if the founders lack the

professional social capital required to develop a successful business model.

While our mixed-methods approach allowed us to provide rich insights for the reader, our
study is limited in several ways. The first limitation is due to its empirical context. The Internet
startup sector is a large and important sector (especially for IS researchers). However, this
sector also has some unique characteristics that could lead to the findings not holding in other
empirical contexts (or at least requiring additional tests if used for theorizing beyond the
defined boundaries). Hence, we cannot and do not claim universal ‘generalizability’ of findings
(see further Lee & Baskerville, 2003). Still, we believe the findings do provide a starting point

for further research and theorizing in other contexts as well.

Second, while we had sufficient samples to reach theoretical saturation in the key informant
interviews and reach statistically valid results in the statistical test, the sample size is somewhat
limited (17 founders in the qualitative part + 70 startups and their 145 founders in the
quantitative study). While these numbers compare to other sample sizes used in SNA (Stam

et al., 2014), future work could enlarge the size of both empirical data considered. In the
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quantitative part, we studied exclusively Western (mainly U.S.-based) startups, which means
we were not able to control for regional or cultural impacts. However, the results of the
qualitative study, which included Chinese startups®, indicate little differences between early-
stage Internet startups in the Western world and in China. One difference we identified,
however, is the stronger importance of status flow in China. This relates to the Chinese concept
of ‘guanxi’, which describes the deeply embedded cultural importance of personal networks of
influence (see further Davies et al., 1995; Tsang, 1998; Park & Luo, 2001). Cross-industry or

cross-cultural extension of the data set will provide further insights in this regard.

Third, we used ‘natural’ data from public sources. While using natural data prevents some
of the problems and biases of survey-based research (e.g., natural data is generated through
actual business performance in practice, not through the efforts of the researchers), it is
restricted to data that are directly available and that typically are incomplete or may have
other issues. For example, it appears that most Internet startups are listed in CrunchBase, but
we had no control over startups not listed in CrunchBase, which makes any claim of a ‘complete

sample’ problematic.

Finally, it should be clearly noted that we do not present (nor claim to present) a full
theory of business models. Rather, we have developed five propositions and tested one resulting
hypothesis. This is certainly useful for future theorizing, but will require further empirical
studies of other contexts and the consideration of other factors to further develop such a theory.

This study may provide a building block (Weick, 1995) for future theory developments.

Conclusion

Business models of early-stage Internet startups are highly dynamic and continually
changing; in fact, the business model is only developed in this stage. Startup success is not a
predetermined function of opportunity identification and the ‘right idea’; rather, such success
is the result of a very dynamic process of business model iteration and validation. The founders

themselves play a crucial role in early-stage Internet startup success (considered in this study

6 We thank the reviewers of this paper for pushing us to extend the scope of the qualitative study towards more
geographic and cultural diversity.
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as the ability to achieve Series A funding), especially through their social capital. Using a
mixed-method approach, we found strong support that startups with better-connected founders
are more successful because the founders’ professional social networks provide the required
means (i.e., information, resource, and status benefits) to develop the business model in the
early stage of the startup. We show this link based on 17 expert informant interviews with
founders around the globe and the application of social network analysis to a unique sample of
70 startups and the professional networks of their 145 founders. While further empirical and
theoretical work on business models is needed, we believe these findings provide an important
piece in better understanding business model development and firm success in the context of

early-stage Internet startups.
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Appendix A: Overview of Interview Partners

Name Founded in Funding Country Business context
Investor A - - Germany -

Founder A 2010 Seed USA Customer service
Founder B 2010 Seed Germany Mobile apps
Founder C 2011 Angel (2 rounds) Germany Web business
Founder D 2008 Series A Germany Social network
Founder E 2013 Seed Germany Social advertisement
Founder F 2011 Seed (2 rounds) Germany Automotive mobile apps
Founder G 2012 Bootstrapped USA Business intelligence
Founder H 2010 Angel Germany News

Founder I 2012 Seed Germany Social media
Founder J 2013 Seed USA E-Commerce
Founder K 2012 Bootstrapped USA Web business
Founder L 2013 Seed China Web business
Founder M 2013 Accelerator China Mobile business
Founder N 2013 Angel China Web business
Founder O 2013 Seed China Mobile games
Founder P 2012 Seed China Web business

Appendix B: Interview Guideline (Key Informants Study)

Interview topic

Question

Founding event

Opening question: Please describe how (and when) the new/last business was
founded?

When was your new /last business founded?

How many co-founders (if any) were there when the startup was founded?

Funding

Opening question: How has the business been funded over time?

Did you receive angel investment? When? Optional: How much? From whom?
Did you receive seed funding? When? Optional: How much? From whom?
Did you receive Series A funding? When? Optional: How much? From whom?

Did you receive further funding other than angel, seed, and Series A funding?
Optional: How much? From whom?

Team constellation

(optional)

Have the founding team members changed over time? Did founders leave the
initial team or did you add additional team members as co-founders (not as
regular employees)?

Is there a ‘lead entrepreneur’ — a single founder who had the business idea in
the first place and then searched for suitable co-founders?
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Are all founders equal — for example, gain-risk-share, personal investments
into the business, etc.?

Business model
(underlying dimensions
and their relative
importance)

In your opinion, what are the business model characteristics of Internet
startups?

What makes these business models distinctive?

How do these business models differ from other industries, such as traditional
technology, biotech, and so on?

How do you see the development of an idea over time? Does the idea often
stay the same or does it change?

How do you see the development of the business model of your startup? Was
it static or did it change dynamically, evolving over time? (Note that some see
only the finance model as ‘business’ model.)

Please provide some more details about how your business model evolved over
time?
Which business model elements were present (fixed) in the beginning and

stable over time, if any?

Would you say that your entire business model changed over time, or that
only some underlying elements changed?

Is there a well-thought-out strategy behind how you evolve your business
model, or do you follow more of a trial-and error approach?

Business model
(underlying dimensions
and their relative

importance)

Are there some cornerstones (core beliefs) in the strategic orientation of your
business model — for example, a strong focus on innovation vs. operational
efficiency? Do these cornerstones change over time?

How to you do the terms ‘business idea’, ‘strategy’, and ‘business model’
relate to each other?

If you need to balance strategic thinking with the ability to adapt quickly,
which would you say is more important for a founder in an early-stage
startup?

Would you consider the founders (yourself) to be an inherent element of the
business model (e.g., a critical resource) or are the founders not part of the
business model but instead its creators and enablers? Why?

Generally speaking, what do you see as the role of the founder in the early
stage of a startup with regards to the business model?

Founder’s network

activities

What role does your social environment and social network play — that is,
your relationships with friends, former colleagues, and other contacts (social
capital)? Do you actively manage and grow your social networks? How?

Support from strong ties: Did you receive any support from your spouse/life
partner, parents, friends, and/or relatives during your founding activity?
What kind of support?

Support from weak ties: Did you receive any support from business partners,
acquaintances, former employers, and former co-workers? What kind of
support?

Looking back, who are the six most important people who supported you in
building up your business?

194



Founders’ social capital, Opening question: What is more important in founding a successful startup:
connectedness, and human capital (the things you can do by yourself) or social capital (the people
network benefits you know that can do things for you)? Why?

Have you specifically observed/benefitted from your network, contacts, etc.?

Resource flow: e.g., former colleagues who joined your startup as co-founders
or regular employees, etc.

Information flow: e.g., ‘insider’ knowledge; early access to relevant information
for your business (industry trends, new products to be launched, etc.)

Status flow: e.g., increased credibility in the business context; advance of
trust; etc.

Appendix C: Data Collection and Correction for Quantitative

Study

We used two primary data sources for our research effort: CrunchBase, a free public
database that provides structured profiles on technology startups, including detailed funding
information (CrunchBase, 2014); and a large business online social networking site for more
detailed information on founders as well as turnover information between companies. In
addition to these two databases, we referred to the startup platform Angellist (AngelList,
2013) and to the ‘About Us’ pages of the startups we included in the study to gather additional
information on the number of founders. Finally, we also used press mentions and the public
database of the U.S. Securities and Exchange Commission (SEC, 2013) to validate the funding

information from CrunchBase. Table 2 is an overview of the data sources and the type of data

collected.

Data source Type of data Purpose of data

CrunchBase Structured profiles of technology startups, Sample selection
including detailed funding information

Large business online More detailed information on founders, Supplement, validation

social network especially their employment history, as well as
turnover between companies.

AngelList Information on the number of founders. Supplement

U.S. Securities and Funding information Validation

Exchange Commission

Table 2. Overview of data sources and types
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First, we needed to identify a suitable sample of early-stage Internet startups for our
analyses. We selected all startups in the CrunchBase database that belonged to the category
‘Consumer Web’, were U.S.-based, and received seed funding in 2011. This resulted in a
relatively homogenous first set of 103 startups and their 188 founders. Next, we referred to the
business online social network, where we searched manually for our founders’ profiles. We were
able to find profiles for 94 per cent; the other 6 per cent did not have a profile. Unfortunately,
not all the profiles included complete resumes, so we had to exclude those founders and their
related startups from our subsequent analyses. Thus, we ended up with a final set of 70 startups
and their 145 founders. The founders we removed from the data set showed no patterns other
than the fact that they had not completely filled out their profiles. As we were only interested

in their job histories, we assumed they were missing completely at random (MCAR).

We coded most of the information from the founder’s profiles into an Excel workbook,
including demographics, educational background, and specifically prior employers (see
Appendix F below for details). For the startups, we used the funding information to
differentiate successful and unsuccessful startups using a dichotomous (dummy) variable based

on whether they had received Series A funding.

Second, we created our industry network. The business online social network provided
insightful statistics on turnover between companies. For every company, there was a statistic
of the top 5 companies from which people came and where they went, based on its vast database
of people and their individual career histories. The basic idea was to follow those inbound and
outbound ties between companies and eventually capture a network of turnover relationships.
However, this direct approach would have had the disadvantage of collecting only the largest
(top 5) turnover relationships while neglecting all others. We circumvented this limitation by
beginning the process not with a single company but rather with a large set of companies
derived from CrunchBase. We followed a 3-step ‘snowball’-approach: First, we downloaded all
companies from CrunchBase (set of 87,257) and tried to match them with companies present
on the business online social network, using its API. This resulted in 23,659 companies. In Step
2, we accessed the company profile page on the business network of every company in the
CrunchBase set, and followed all inbound and outbound turnover connections of these
companies. As the third step, we accessed all new companies that resulted from step 2 and

again followed their turnover relationships. Theoretically, this should result in 10 more
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companies for every company. Practically, the number of new companies converged quickly.
We halted the process after repeating step 3 twice, resulting in a set of 29,419 companies. Some
95 per cent of these companies were connected in one giant component, while the remaining 5
per cent were distributed across small, disconnected islands of a maximum of 8 companies each.
We removed these otherwise unconnected companies, as they would not influence the
calculation of our network attributes. This resulted in a final industry network of 27,857

companies that were connected to each other by 85,767 turnover relationships.

Third, we integrated our 70 startups into the industry network. Similar to the process
described above, we used the turnover information of the founders to connect startups with
existing companies in the industry network. For instance, if a founder had worked previously
for IBM, Yahoo, and SAP, ties were added from the founder’s startup to those three companies.
We applied social network analysis methods to investigate and differentiate startups based on

their relative position in the industry network (see Appendix F).
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Appendix D: Transformation of Eigenvector Centrality

Before transformation, the Eigenvector Centrality (EC) variable showed significant deviations

for skewness and kurtosis (see Table 3), as depicted in the left Q-Q plot in Figure 1 below. In

addition, the modified Kolmogorov-Smirnov test of normality shows that the data significantly

deviates from a normal distribution.

Skewness Kurtosis Test of Normality?
Variable Statistic z value Statistic z value Statistic Significant.
Eigenvector Centrality 2.011 7.007 4.105 7.253 .239 .000
(EC)
EC after LN -.048 -.167 -.958 -1.693 .083 .200P
transformation

a Results are shown for the modified Kolmogorov-Smirnov test (Lilliefors significance correction).
In addition, the Shapiro-Wilk test was also not significant (p=.065).

b Lower bound of true significance
Table 3. Test of Normality

After transformation using the natural logarithm (LN), the data were found to be normally

distributed, as confirmed by the test of normality and the second Q-Q plot (see Hair et al., 2010 for

a discussion of variable transformations).

Normal Q-Q Plot of Eigenvector Centrality

Normal Q-Q Plot of Eigenvector Centrality (LN Transformed)

Expected Normal
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Figure 1. @Q-Q Plot Before and After Data Transformation
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Appendix E: Eigenvector Centrality of Successful vs. Unsuccessful
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Appendix F: Industry Context (Network Graph)

The Fruchterman-Reingold algorithm (Fruchterman & Reingold, 1991) has been applied to calculate
the spatial positions of nodes in the turnover industry network. Fruchterman-Reingold is a force-
directed algorithm that considers a repulsive force between any two nodes. This force causes well-
connected nodes of a network to attract each other, and places nodes with high centrality in more
central positions. Consequently, the structural layout of the graph reflects the proximity and cohesion
of nodes in the turnover network (see Figure 2 below). Black circles (4) represent the successful and
white circles (-) the unsuccessful startups in our sample. Black squares represent the most central

companies in the network, including IBM, Microsoft, Google, and SAP.

Figure 2. Industry network
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Getting Boundary Conditions Right:
Towards a Classification of the
Information Economy Sectors

Just as most people are not WEIRD, the assumption of industry uniformity may not be true
in all cases. Several reviews showed that IS research does not take industry seriously enough.
Neglecting industry context can have a severe effect on research results by underspecifying
theory or by leading to general explanations that do not hold in other contexts. This paper
examines the so called “Information Economy”, an industrial context comprising of the ICT,
Content and Media, and Internet sectors. We analyze a unique, very large data set that contains
employee mobility data of 27,387 organizations. We derive some interesting descriptive statistics
that help to differentiate the Information Economy sectors. In addition, with the application of
a clustering algorithm, we derive industrial clusters on our data. Our analysis reveals that the
OECD’s conceptualization of the Information Economy reaches its limits when it comes to
more granular sub-sectors within the industry, at which point it no longer seems appropriate
from a social/cultural industry perspective. Our study contributes to ongoing discussions around
generalizability and boundaries of research results, as well as to the still small body of industry
research in the IS field. These findings have important implications for future research and

practice.

Keywords. 1S research, generalizability, industry context, turnover, employee mobility,

Information Economy, ICT sector, Internet sector, network analysis, industry classification.
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Introduction

Just as most people are not WEIRD (Western, Educated, Industrialized, Rich, and Democratic)
(Henrich, Heine and Norenzayan, 2010a, 2010b), the assumption of industry uniformity may not
be true in all cases (Chiasson and Davidson, 2005). As Henrich et al. (2010b) have shown at
the individual level, bad sampling leads to inappropriate validity, generalization, and boundary
claims. Chiasson and Davidson (2005) have highlighted the same problem and have demanded
that industry be taken more seriously in IS research. Their review of research articles published
in MIS Quarterly (MISQ) and Information Systems Research (ISR) between 1997 and 2004 found
that most (58%) they analyzed did not identify the industry in which the study was conducted. They
noted: “[Industry provides an important contextual ‘space’ to build new IS theory and to evaluate
the boundaries of existing IS theory” (Chiasson and Davidson, 2005). A review a few years later by
Seddon and Scheepers (2012) of all articles published in MISQ and ISR in 2007 and 2008 found
that only 24 percent of the empirical papers discussed the boundary conditions that applied to their

results.

The issue of generalizability of research findings has gained some attention by IS researchers
in recent years (esp. Lee and Baskerville, 2003; King and Jun He, 2005; Tsang and Williams,
2012; Lee and Baskerville, 2012). “A research generalization is the researcher’s act of arguing, by
induction, that there is a reasonable expectation that a knowledge claim already believed to be
true in one or more settings is also true in other clearly defined settings” (Seddon and Scheepers,
2012). Generalization requires that researchers clearly define their target population (i.e., the
population from which they draw a sample and to which they want to generalize their results)
and discuss potential boundary conditions that might apply to their findings (Seddon and
Scheepers, 2012). Neglecting industry context can have a serious effect on research results by
underspecifying theory or by leading to general explanations that do not hold in other contexts
(Chiasson and Davidson, 2005). “Identifying individuals, groups, and organizations that are
members of an industry is an empirical, as well as a conceptual, issue” (Chiasson and Davidson,
2005). While high-level industry categories such as “manufacturing” or “service sector” are more
appropriate for meta-analyses, more granular government classification schemes may be useful
to define industry boundaries (Chiasson and Davidson, 2005). For instance, Xue, Ray, and Gu
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(2011) use the North American Industry Classification System (NAICS) to measure business
unrelatedness between headquarters and business units as a function of differences in industry codes.
The statistical tests in these sorts of studies, which rely on classification systems such as
International Standard Industrial Classification (ISIC) or NAICS, are, however, only valid to the
degree the underlying classification system is valid. Industry classifications such as ISIC define
industries by similar production processes, similar products, or similar behavior in financial markets.
These approaches are imperfect, and companies get lumped into sectors as though they do only one

thing (Karmarkar and Apte, 2007).

The challenge of coming up with a narrow definition of IS-based industries is complicated by
the pervasiveness of Information and Communication Technology (ICT) in other industries and the
so-called “convergence” of technology and industries (e.g., Garcia-Murillo and MacInnes, 2003). The
Organization for Economic Co-operation and Development (OECD) sees the ICT sector as part
of the larger construct “information society/economy,” which “... encompasses the widely agreed
elements of ICT supply, ICT demand, ICT infrastructure, ICT products and content” (OECD,
2011). Along with “Content and Media” and “ICT demand, use, and e-commerce by businesses,”
it is part of the umbrella term “Information Economy” (see OECD, 2011). While the Information
Economy may be defined in other ways (Karmarkar and Apte, 2007), we employ the OECD
definition of the Information Economy not as synonymous with the “Knowledge Economy” but as an
umbrella economic sector comprising other sectors, and hence our use of the term Information

Economy throughout the remainder of this paper should be read as referring to this economic sector.

The terms “Information and Communication Technology (ICT) sector” or “ICT industry” have
been used interchangeably in past studies, often leading to confusion about the actual scope and
potential boundaries (cf. Chiasson and Davidson, 2005). Only recently, some efforts have been
made to define the ICT and Content and Media sectors (OECD, 2011) based on the ISIC (United
Nations, 2008). The existence of an Internet (or e-business) sector also was acknowledged by the
United Nations working groups; however, as the Internet permeates all industries, a clear definition

based on a subset of ISIC codes was not feasible (United Nations, 2008).
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According to Crowston and Myers (2004) industries can be analyzed from three different yet
complementary research perspectives: economic, institutional, and social/cultural. While the
economic perspective is most commonly taken in IS research, the other two offer several advantages.
For instance, the social/cultural perspective focuses on social relationships, networks, and structure
that can be built by patterns of interaction among people and organizations within an industry
(Crowston and Myers, 2004). It includes employee mobility, recently identified as an interesting
point of research from a social network analysis perspective: Collet and Hedstrom (2013) show that
tie formation in interorganizational networks generated by employee mobility are contingent upon
the direction of past ties and that most of the knowledge exchange stemming from this mobility
occurs on short sociometric distances. Employee mobility, furthermore, can be used to determine
the existence of a cluster and the degree to which it functions as an industrial cluster. Other than
certain case-based economic geographical studies (Martin and Sunley, 2003; Agrawal, Cockburn
and McHale, 2006), no systematic attempts have been made to define industrial systems based
on turnover flows (Eriksson and Lindgren, 2008). Initial findings from Eriksson and Lindgren
(2008) promise a helpful systematic method to determine industry clusters based on employee

mobility data.

The purpose of this study is to explore the Information Economy from a social/cultural
industry perspective and evaluate the use of industry classifications to define and identify
potential boundaries in the form of distinct industry sectors and sub-sectors. Our study addresses
the following research question: How do industry boundaries differ when they are derived “top-

down” from an industry classification or generated “bottom-up” based on employee mobility?

This research is based on a unique, very large dataset comprising aggregated employee
mobility data from 27,387 companies within and outside the Information Economy. We apply
descriptive statistics as well as a social network perspective, especially a clustering algorithm, to

identify patterns and structures based on employee mobility.

The remainder of this paper is organized as follows. First, we provide some theoretical

foundations. Next, we describe our research method and data, and then present our findings. We
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discuss the research results next, as well as our contributions, potential limitations, and

implications of our research. We conclude with a brief summary and a research agenda.

The Information Economy and its Context in Industry Studies

Today, catchphrases such as “IT” (Information Technology), “ICT,” “online media,” and “the
Internet” have become part of our daily vocabulary. Terms such as “ICT sector” are often used as if
common and clear definition existed. However, what the ICT sector actually includes changes
over time, varies between studies, and is often not clearly defined. For statistical and econometric
models, such definitions should include a specific list of industries under the umbrella of each term.
The challenge of coming up with a universal definition is further complicated by the pervasiveness
of ICT in other industries and the so-called “convergence” of technology and industries (e.g., Garcia-
Murillo and MacInnes, 2003). The use of the term ICT in both the narrow and wide senses adds
to the general confusion. For instance, Fransman refers to ICT as comprising “... telecoms, IT,
consumer electronics and Internet/media” (Fransman, 2010). Conversely, the Organization for
Economic Co-operation and Development (OECD) sees the ICT sector as part of the larger
construct “information society/economy,” which “...encompasses the widely agreed elements of ICT

supply, ICT demand, ICT infrastructure, ICT products and content” (OECD, 2011).

In this paper, we build on and extend the OECD (2011) definition for two reasons. First, there
is a clear advantage to using the term ICT in a narrower sense, because it is more precise and avoids
unnecessary confusion. Second, in recent years, there has been considerable work from different
international groups to define the ICT sector, as well as a Content and Media sector (see OECD,
2011), based on the ISIC industry classification system developed by the United Nations Statistics
Division (United Nations, 2008). Meanwhile those definitions have also been incorporated into the

ISIC standard itself as alternative aggregations (United Nations, 2008).

Again, the OECD uses “Information Economy” as a superordinate term for an entire
ecosystem. Two sectors have already been detailed and defined based on ISIC classifications: the
ICT sector (OECD, 2011), and a Content and Media sector (OECD, 2011). In addition, there is
a third sector in the Information Economy referred to as “ICT demand by businesses” and “ICT use

and e-commerce by businesses.” For practical reasons, we refer to the latter as the Internet sector,
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since there is no such clear-cut definition for the Internet sector in terms of ISIC classifications as
there are for the other two sectors. This is because “[p|roduction units engaged in e-commerce will
... be found in any industry of ISIC” (United Nations, 2008) and thus cannot be directly mapped to
a set of singled-out ISIC industries. The OECD defines e- commerce as “the sale or purchase of
goods or services, conducted over computer networks by methods specifically designed for the
purpose of receiving or placing of orders. The goods or services are ordered by those methods, but
the payment and the ultimate delivery of the goods or services do not have to be conducted
online. An e-commerce transaction can be between enterprises, households, individuals,

governments, and other public or private organisations” (OECD, 2011).

Overall, there has been little research on the Information Economy as a whole. Most
previous studies refer to the ICT industry but do not include exact industry or sector definitions.

Thus, the following literature review includes studies that refer to the ICT industry or industries.

There is a paucity of research on industry in Information Systems (IS) research in general, and
among the empirical articles in top-tier IS journals that have addressed industry, the high- tech
industry — which comprises the ICT sector — accounted for only about 20 percent of the publications
(Chiasson and Davidson, 2005). There are only a few more recent industry studies that look
at the ICT ecosystem as a whole (e.g., Fransman, 2010; Arlanis and Ciriani, 2010; Adomavicius et
al., 2007). In addition, little empirical research has been conducted on the industry level; most IS

research has focused on the organizational and individual levels (Crowston and Myers, 2004).

The ICT industry has been studied as an ecosystem in which companies interact, innovate, and
compete through convergence, bundling, and external growth strategies (Arlanis and Ciriani,
2010). This connected view of the industry at a company level is also employed in studies at a
deeper technological level in which technology evolution is viewed as an ecosystem (Adomavicius et
al., 2007). Koski and Siermo (2003) go further to study the ICT industry as a network industry
and show how it differs from non-ICT industries in form of entry and exit dynamics of firms. Very
few studies have looked at the ICT sector from a network perspective. Existing studies aim to
show the network of alliances (Hallikas et al., 2008) or to shed a light on cooperation and

competition in the ICT industry (Ritala, Hallikas and Sissonen, 2008).
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Beyond certain economic geographical studies (Eriksson and Lindgren, 2008; Martin and Sunley,
2003; Agrawal, Cockburn and McHale, 2006), no systematic attempts have been made to define
industry classifications based on turnover flows. Initial findings from Eriksson and Lindgren (2008)
promise a helpful systematic method to determine industry clusters based on employee mobility

data.

Research Methods and Data

In the following, we introduce our data sources and sampling strategies. Next, we describe the
Social Network Analysis methods we applied. Finally, there is a brief outline of our data cleansing,

validation, and coding efforts.

Data Sources and Sampling

Measuring the Information Economy is not an easy task, especially at the company-level. We
use data from a leading worldwide professional social networking site that provides insightful
statistics on turnover between companies. Companies as well as people have profiles on this site.
Every company page provides statistics of the top-5 other companies from which its employees
either came or went, derived from its vast database of people and their individual career histories.
Following those inbound and outbound ties between companies would allow one to capture a
network of turnover relationships; however, such a direct approach has the disadvantage that

collects only the largest (top 5) turnover relationships and neglects all others.

We overcame this limitation by beginning not with a single company but with a large set of
companies (the so-called seed) derived from CrunchBase, a free public database that provides
structured profiles of technology companies (CrunchBase, 2013). We followed a 3-step “snowball’-
approach. First, we downloaded all companies from CrunchBase (87,257 as of May 3, 2012) and
tried to match them with companies present on the professional social networking site, using its
API. This yielded a seed of 23,659 companies. We then accessed the company profile page of every
company in the seed and extracted all information relevant for our research, including company
size, type, industry, and year of founding. As the third step, we followed all inbound and outbound
turnover connections of these companies. Theoretically, this would result in 10 more companies for

every company in the best case, that is, without duplicates. Practically, the number of new
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companies converged quickly. We halted the process after repeating the second and third steps

twice, ultimately yielding a set of 29,419 companies. Data extraction was completed in June 2012.

Social Network Analysis Methods

Social Network Analysis models actors and their interrelationships in networks of nodes and
ties (also referred to as edges). Actors can be individuals, groups, companies, or even more
abstract entities such as patents. Ties represent a certain type of relationship: they can be directed
(e.g., seeks advice from) or undirected (e.g., know each other). In addition, relationships may be
modeled as binary (exists or not) as opposed to signed, ordinal, or valued (e.g., the amount of
trade between two countries). A network can be fully connected or decomposed into components
that are connected internally, but not connected among each other (like islands in the sea)

(Wasserman and Faust, 1994).

For our research, we used the above mentioned turnover data to generate a directed
weighted network of companies. Weighted ties between any two companies reflect the sum of
employee turnovers between these two companies. The direction of a tie represents the

employee turnover from company A to company B.

It is our goal to exploit the network described above to identify and compare cohesive
industry structures, that is, clusters comprised of similar companies. Accordingly, we perform a

cluster analysis on the turnover network described above.

Cluster analysis, a well-established method in statistics, is “a group of multivariate techniques
whose primary purpose is to group objects based on the characteristics they possess” (Hair et
al., 2010). Unlike in discriminant analysis, the clusters are not predefined; rather, the goal is to
identify them (Hair et al., 2010). Identifying structures in networks (i.e. community detection) is
challenging and has been studied intensely in graph theory (Fortunato, 2010). Community
detection algorithms can reveal naturally emerging communities by exploiting a network’s topology.
Many of those algorithms are limited. As demonstrated by (Lancichinetti and Fortunato, 2009),
even well established methods often fail to produce valid results in large networks. Moreover, many

algorithms are not designed for weighted, directed, or weighted and directed networks
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(Lancichinetti and Fortunato, 2009). Consequently, if applied to such networks, they neglect a
considerable amount of information carried by those and produce results that do not necessarily

reflect the dynamics underlying a network’s structure (e.g., knowledge exchange, employee mobility).

Rosvall and Bergstrom (2008) have introduced a community detection algorithm especially suited
for large networks with weighted and directed ties; it has performed very well in several
benchmarking studies (see Lancichinetti and Fortunato, 2009). The central idea behind the algorithm,
which we further refer to as Infomap, is to find a good partition of a network by tracking the
movements of a random walker surfing on its edges. Considering edge directions and weights, the
walker reveals good communities by getting trapped in cohesive subgroups of nodes. Using greedy
search and simulated annealing techniques, the method is capable of revealing multi-level
hierarchies, which are represented by distinct groups (i.e. clusters) of nodes on several hierarchy

levels (Rosvall and Bergstrom, 2011).

By applying the algorithm to the turnover network discussed above, we are able to identify a
hierarchy of clusters based on turnover flows. Since the algorithm tries to maximize the internal
cohesion of those clusters, we expect them to reflect adequately the dynamics of employee

movements, as described by Collet and Hedstrom (2013).

Data Cleansing, Validation, and Coding

Most of the companies (95 percent) in our initial data set were connected with each other in
one giant component. The remaining 5 percent were distributed across small, disconnected islands,
each with no more than 8 companies. We removed these otherwise unconnected companies,
resulting in a preliminary dataset of 27,857 companies. These companies were classified into 145
different industries. However, classification of industries on LinkedIn does not follow any established
classification system. Thus, we used research team triangulation to match the LinkedIn industries to
the respective ISIC classifications and Information Economy sectors (see the overview of classification
systems above). In the course of our analyses, we verified this high-level classification multiple times
for selected companies and corrected their respective industry codes if necessary. For instance, the

IT service and consulting company Accenture classified itself in “Management Consulting,” while in
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ISIC terminology the company is part of the ICT sector. When in doubt, we looked up additional

company information on Businessweek.com (Bloomberg, 2013).

Findings

In this section, we describe our research findings along two separate streams of analysis. First,
we present some descriptive characteristics of the three Information Economy sectors. These have
been derived by taking a top-down approach on our data based on the existing OECD sector
definitions and their underlying ISIC industry classifications. Second, we present the results from
our cluster analysis, where we applied a community detection algorithm (Infomap) to our employee

mobility network data to identify distinct sub-sectors in a bottom-up approach.

Descriptive Characteristics of the Information Economy Sectors Based on
OECD Definitions and ISIC Classification (Top-Down)

Here we briefly summarize the descriptive statistics derived from our data set.

Employee Mobility Across Industries. As noted above, our final dataset comprised 27,387
companies. Of those companies, 14,789 fall into the Information Economy category. Within this
category, 10,918 companies belong to the ICT sector, 2,106 to the Content and Media sector, and
1,765 to the Internet sector. Other industries account for 13,068 companies. There are less companies
in other industries due to our sampling approach that focused on the Information Economy, so

to say these other companies are only the closest neighbors.

Out of the 1,056,982 relevant employee movements captured in our network, 81 percent occur
within the Information Economy, 10 percent are inbound from other industries, and the remaining

9 percent outbound from the Information Economy to other industries.

Employee Mobility Across and Within the Information FEconomy Sectors. Now we
are going to take a closer look at the employee mobility within and across the three sectors in the

Information Economy. Table 1 below summarizes the result.
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The first number in each cell of Table 1 represents the share of the total amount of
employee mobility in the Information Economy. Not surprisingly, the ICT sector dominates
employee mobility as it comprises of most of the companies. Overall, the ratio between inbound
and outbound employee mobility is balanced, with one exception: the Internet sector receives slightly

more employees than it is losing to the other sectors (about 1.5:1).

As described earlier, every employee that moves from employer A to employer B creates a
directed tie from A to B. On a sector level, we can sum these ties and count how many are within
a sector (between companies in the same sector) or how many connect different sectors (ties between
companies in different sectors). The result of this simple calculation would be biased, again, as
there are many more companies in the ICT sector than in the other two sectors. We corrected
for this bias by account for the theoretical distribution of ties!. The results are also presented in
Table 1 above. The numbers in brackets represent the deviation of observed tie distribution from
what would be expected from a uniform distribution of ties between companies. We find that
there are more turnover relationships (ties) between companies within the same sector than expected
(above zero values in the main diagonal). For example, in the ICT sector there are 19.91 percent
more ties than would be in a uniform distribution. Conversely, the connectedness between any

two sectors is lower than it would be in the case of a uniform distribution of ties (below zero

I'In a set of n companies, there are (n x (n — 1)) possible directed ties. Between two groups of n and m companies,
there are (n x m) possible directed ties. In the total set of both groups of companies, there are ((n + m) x (n + m

1)) possible directed ties.
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numbers in all cells but the main diagonal). But there are differences. The ICT and Content
and Media sectors are more separated (less connected) from each other than the Content and

Media and Internet sectors among each other.

These results are also supported from a graphical network perspective. Figure 1 shows four
different views of the same network graph. The first graphic on the left shows the Information

Economy as a whole. The three other graphics highlight each of the three sectors.

Insert Figure 1

about here

Three observations can be made. First, the different sectors cluster into three distinct areas
(compared to a random distribution), and there is more cohesion within the sectors than across.
Second, the Content and Media sector is somewhat more separated from the two other sectors. Third,

the Internet sector appears tightly integrated into the ICT sector.

Company Sizes in the Information Economy Sectors. There is a clear indication that
the Internet sector comprises of much more small and middle-sized companies. While 40.4
percent of the companies in the Internet sector have 1-50 employees, there are only 26.1 percent
in the ICT sector, and with 18.9 percent even less in the Content and Media sector. Conversely,
there are more companies > 5000 employees in the ICT (6.1%) and Content and Media sector

(8.5%), than in the Internet sector (1.6%).

Company Types in the Information Economy Sectors. Most of the companies (73.4%)
in the three sectors combined are privately held, while 23.1 percent are public companies. The
Internet sector has above average privately held companies (80.3%) and well below average public
companies (16.3%). Notably, 2.9 percent of the Content and Media sector companies are nonprofit

organizations; a closer look reveals that these are public broadcasting companies such as the BBC,
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as well as other media companies such as Oxford University Press, the National Geographic

Society, and the Associated Press.

Company Ages in the Information Economy Sectors. In the Internet sector, 62.2 percent
of the companies are less than 9 years old, compared to only 29.2 percent in the Content and Media
sector, and 35.1 percent in the ICT sector. The other end of the scale is dominated by companies
from the Content and Media sector, where 21.8 percent are older than 50 years, compared to only
3.1 percent in the ICT sector, and 0.2 percent in the Internet sector. These numbers need to be
treated with some caution, as only 65 percent of the companies in our dataset had the company

age filled in.

Towards a Classification of Information Economy Sectors Based on Employee
Mobility (Bottom-Up)
The results from the cluster analysis — after applying the community detection algorithm to our

network — are presented in Table 2.

The two network diagrams in the first row of Table 2 show the direct results from the
clustering. The size of each node is determined by the number of companies that are part of the
cluster. The thickness of ties between any two clusters shows the weighted connectedness. The
diagrams only show a subset of the total number of clusters, that is, the top 10. The diagram

on the right upper corner shows a zoom into “Cluster 1,” which is shown on the left side.

The spider charts in Table 2 each show the distribution of companies in a certain cluster
along 7 ISIC classifications labeled as the letters “A” to “G” which are described in the legend
at the bottom. For presentation purposes, the underlying percentage values have been logarithmized.
Otherwise smaller percentage values would not have been visible in the charts. The headline in each
cell, e.g., “Cluster 1.8”, refers to the cluster numbers in the network diagrams. Cluster 1.8 is the
8th sub-cluster in Cluster 1 on the root level. Thus the three spider charts in the second row of Table
2 describe the cluster 1, 2, and 3 from the first diagram, and the remaining 10 smaller spider charts
describe the first ten clusters below cluster number 1 on the root level, that is, all clusters in the

network diagram on the right.
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Overall, the algorithm identified 135 clusters on the first (root) level. However, the distribution
has a long tail. The first 10 clusters account for 97.42 percent of the companies (see running totals
in Table 3). The top 3 clusters show distinct patterns in the underlying classification, as can be
seen in the first three spider charts. Cluster 1 primarily consists of companies in ICT-related
classifications (letters E,F, and G), and there are some companies related to the Internet sector
(letter A). However, there is almost no trace of companies belonging to the Content and Media
sector (letters B, C, and D). On the contrary, Clusters 2 and 3 are almost purely characterized
by the Content and Media sector. Surprisingly, in Cluster 3 there are also some companies related
to the ICT sector (letter F'). We investigated this further and found that this cluster also comprises
companies at the interface with the Content and Media sector. For instance, there are companies
that provide information services and access to content databases, as well as some computer software

providers.

Zooming into Cluster 1, the algorithm identified a total of 1,235 sub-clusters. Again, there is a
very long tail; the median of the cluster size is only 4. The top 10 sub-clusters still account
for 32.36 percent of the companies in Cluster 1. As can be seen from the different patterns in the
respective spider charts, each sub-cluster has a very unique “fingerprint.” For instance, while both
sub-clusters 1.1 and 1.5 cover letters F and G, sub-cluster 1.1 is dominated more by letter F
(computer programming, consultancy, and related activities), and sub-cluster 1.5 by letter G
(manufacture of computer, electronic, and optical products). Sub- cluster 1.5 also includes more
companies that belong to letter E (telecommunications). Thus, one could summarize that sub-cluster

1.5 is more technology and manufacturing focused than sub-cluster 1.1.

We further investigated the top 10 clusters and sub-clusters to obtain a better
understanding of their characteristics beyond letter codes and ISIC classifications. The results are
presented in Table 3. For each cluster, we report a describing tag, a list of major companies belonging
to the cluster, and the total number of companies of which the cluster is comprised. The last column

of the table shows how much of a cluster’s employee turnover flows within the cluster.
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Insert Table 3
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Discussion

In this section, we first discuss our research results. Next, we highlight our contributions and

implications for research and practice, before we finally address the limitations of this study.

Research Results

From a top-down perspective of characteristics of the Information Economy sectors based on
OECD definitions and ISIC classification, we find there is much greater turnover within the
Information Economy than with industries outside. In addition, the inbound and outbound flow of
employees is almost balanced. Taking a closer look at industries and companies that exchange
employees with the Information Economy, we find there are considerable differences between the
three sectors. Most interesting, the analysis of the top 10 sources for employees reveals some
characteristics: the ICT sector receives employees from outsourcing partners and the military; the
Content and Media sector primarily from financial companies; and the Internet sector from
universities and consulting firms. This is indicative of the different maturity levels of these sectors.
ICT products and services have increasingly become commodities in most industries, and thus
outsourcing non-core activities is quite common. On the contrary, the Internet sector is still

developing and, at the same time, quite innovative, not only attracts but also requires highly
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skilled and motivated (young) professionals directly from the universities or from professional

services firms.

These differences between the sectors are found as well when looking at company size, type,
and age. The Internet sector, for instance has much smaller and younger companies that are
predominantly privately held. Conversely, the ICT and Content and Media sectors have many
more companies with more than 10,000 employees and significantly more public companies.

Again, this reflects the different maturity levels of those sectors.

Looking more closely at the Information Economy sectors, we find that the industry is not as
homogeneous as one might think, at least from a turnover perspective. First, in absolute terms,
there is much more turnover within each of these sectors than across. This results in distinct
industry clusters that are also visible in a network graph. The Internet sector is closely related to
the ICT sector, but still clearly distinguishable, while the Content and Media sector is more an
adjacent neighbor of the other two sectors. These clusters exist not only on a sector level, but some
unique sub-sectors can also be identified and located. The ICT sector itself consists of some local
clusters, including network equipment, semiconductors, services (consulting and outsourcing), and
software and platforms. The video game industry subsector plays an interesting role in connecting
companies in the Content and Media sector with companies in the ICT sector. Another important
finding is that we can identify companies that bridge several subsectors. Thomson Reuters and
Electronic Arts are prominent examples. Thomson Reuters links four different subsectors. It is
essential for multinational information and media firms to attract employees from different sectors

to gain competitive advantages over its rivals.

Contributions and Implications

Our research contributes to ongoing discussions around generalizability and boundaries of
research results, as well as to the still small body of industry research in the IS field. In line with
Weick’s (1995) argument, our paper is not theory, but an important building block for future
theorizing. We find that the three sectors ICT, Content and Media, and Internet actually have very
distinct characteristics in terms of employee mobility, as well as company size, type, and age.

Thus, on a high level, we find empirical support for the OECD’s conceptualization of the
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Information Economy based on the ISIC industry classification. Further, our bottom-up cluster
analysis reveals that the OECD’s conceptualization of the Information Economy reaches its
limits when it comes to more granular sub-sectors within the industry, at which point it no longer
seems appropriate from a social/cultural industry. Finally, we provide an alternative approach to

classify sectors and sub-sectors based on real life employee mobility data.

Our research has some implications for research and practice. First and foremost, our
studies show that context actually matters a lot. The Information Economy is not a homogeneous
industry, at least not from a turnover perspective. Rather, there are distinct differences between
the sectors and even sub-sectors. Future research in these industries should take account of
these findings and consider potential boundary conditions that might apply. This includes making
it very explicit what the scope of an industry study actually is, e.g., referring to the ICT sector
either in the narrower or the wider sense. Second, and this applies to turnover research and
practice the like, we showed that there are different patterns of turnover, also depending on the
sector. Thus, considering where employees potentially come from and are likely to go to will provide
more insights and allow, for example, for more targeted measures to prevent loss of skilled
employees. Further, it would be interesting to assess the effects of employee mobility and

intellectual property (IP) turnover on the organizational performance from a network perspective.

Limitations

As an empirical study our research is not without limitations. First of all, the data collection
approach might have resulted in a biased data set. We cannot be sure whether we have captured
all essential companies in the Information Economy. However, we started the collection process
with a very large industry-specific seed, and our ‘snowball’ system converged quickly on a core set
of companies, which is a good sign. Second, the employees represented with personal profiles on the
online professional network that we used as our data source might not be representative of the whole
population in the Information Economy. This argument might be true for ‘brick and mortar’
industries, but in our context we should be able to assume that the average employee is Internet-
savvy and having an online profile is a matter of course. Still, not all employees of a company will

be present online. This is why we are mostly referring to relative comparisons between industries
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and companies, but do not rely on absolute numbers. The third and last limitation is imposed
because our online professional network of choice did only provide turnover statistics for the top 5
inbound and outbound ties per company. As a result, smaller turnover numbers might not be present
in our data. However, as we did start our data collection process with a large sample of companies
and then followed the inbound and outbound ties, we do have a good mix of companies. This
triangulation resulted in many more ties than the top 5 only as the following IBM example
illustrates: in our network the company has 1600 outbound and 1098 inbound ties. Overall, we
do not claim to have a complete picture, but we are very confident that our data is sufficiently

valid and reliable to support our findings.

Conclusion

In this research effort, we studied turnover and employee mobility in the Information
Economy. Our results provide new and unique insights into the ICT, Content and Media, and
Internet sectors. We show that these sectors have very distinct characteristics in terms of
employee mobility, as well as company size, type and age. This is why we conclude that the
Information Economy is not a homogenous industry, at least not from a turnover perspective, which
has some implications for research and practice. We understand this study as a first step in
further providing a novel method to classify sectors and sub-sectors of the Information Economy
based on real-world data, more precisely employee turnover data. Future research can build on
these findings and continue to investigate in at least two areas: First, continue to explore differences
between the sectors and sub-sectors in terms of actual turnover behavior. Second, review existing
turnover literature and refine those findings taking into consideration the industry context where

necessary.
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Appendix: Tables and Figures

Employee Mobility as a Percent of Grand Total (Percentage Deviation of
Observed Tie Distribution from Uniform Distribution)

From/To ICT Content/Media Internet Total
ICT 86.2% (+19.91%) 1.0% 2.8% 89.9% (+7.24%)
(-8.49%) (-4.18%)
Content/ 0.7% 6.2% 0.3% 7.1%
Media (-8.87%) (4+7.66%) (-0.73%) (-1.94%)
Internet 1.3% 0.3% 1.4% 2.9%
(-6.12%) (0.93%) (+1.75%) (-5.30%)
Total 88.2% 7.4% 4.4% 100.0%
(+4.92%) (-1.76%) (-3.16%) (0%)

Table 1: Employee Mobility Across and Within the Information Economy Sectors

Information Economy ICT Sector Content and Media Internet Sector

Figure 1: The Information Economy and Its Sectors

222



High-Level Industry Network (Root Level)

Zoom on Cluster 1 (ICT and Internet Sector)
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Letter ISIC Description ISIC Code
A Internet N/A
B Publishing activities J-58
C Motion picture, video and television, sound recording and music J-59
D Programming and broadcasting activities J-60
E Telecommunications J-61
¥ Computer programming, consultancy and related activities J-62
G Manufacture of computer, electronic and optical products C-26

Table 2: Clustering Results




Clu | Description Examples Comp Run Int.
ster anies Total Flow
High-Level Industry Clusters (Root Level)

. ICT and IBM, Oracle, HP, Accenture, Ericsson .
> > d > 2 1 ND0o 20/
. Internet Cognizant, Microsoft, Intel, Electronic Arts L1580 84.02%  99.03%
Entertamment NBC Umiversal, Viacom, NBC, AMC, MTV, ' =0 o
2 Media Fox, Vimeo, HBO, ABC. Disney 749 89.45% | 90.20%
3 P1‘es§ agd Thomson Repters, Bloomberg, The Wall Street 547 03.42% | 82.06%
Publishing Journal, Businessweek, Pearson
} . Schneider Electric, GE, ABB, APC, Areva, 1010 + ~no
4 Electronics Industrial Electric, Wesco, Osram 81 94.01% | 73.30%
< : TVE. Antena 3, Telemadrid, EI-Mundo, EFE. 1 o o,
5 Local Media Premiere AG. Sky Italia 90 94.66% | 77.80%
6 Online Media = CBS Interactive, CNET. ZDNet, Gamespot 116 95.50% | 70.71%
- _ Live Nation, Ticketmaster Entertainment, AEG 0, 1 70,
7 Live Events Live, House of Blues, Ticketfly 87 96.13% | 54.72%
. Danmark Radio, TV2. Strix Television, R o/ 1 <o,
8 Local Media Metronome, Nridsk Film, Egmont 73 96.66% | 86.16%
9 Local Media Hlvnqustan I1111es. India Today, NDTV, Indian 16 97.00% | 75.44%
Express, Midday
10 §otn\fa1‘e ?ystems Limited, Salsoft Technologies. Folio 53 0742 | 7126%
Solutions 3
Zoom on Cluster 1 (ICT and Internet Sector)
1 Softwareand - ypyg 6racle, HP, Accenture, EMC, SAP, Dell 1001 | 8.64% o1
Platforms Yo
1.2 Mobﬂe Ericsson, Nokia, Alcatel-Lucent 414 (}2'22 30'44
Equipment % %0
13 Consulting, Cognizant Technology Solutions, Tata Consulting »44 1433  58.65
- Outsourcing Services, Infosys % %
14 Internet Microsoft, Google, Apple, Yahoo, Amazon, 638 20.27 @ 44.81
' Adobe, Ebay, Expedia, Facebook, Twitter % %
1.5  Semiconducto = Intel, AMD, Nvidia, Marvell, CSR, ARM 458 2422  65.73
1.6 Net\'\ ork Cisco, Juniper, Brocade, Aruba Networks 248 026 ’ 028 o1
Equipment % Y0
Wireless . . .. . 27.51 | 65.25
1.7 Provider Verizon, T-Mobile, Virgin Mobile 132 % %
1.8  Consulting Cap Gemini, Logica, Atos, Steria 79 28.19 | 2992
1.9 | Games Electronic Arts, Ubisoft, Codemasters, Activision | 340 31.13  82.30
1.10 | IT-Security Symantec, McAfee, Trend-Micro, VeriSign 143 32.36 | 32.74

Table 3: Cluster Details
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Mirror, Mirror on the Wall, Who is
Leaving of Them All - Predictions for
Employee Turnover with Gated
Recurrent Neural Networks

Employee turnover is a serious issue for organizations and disrupts the organizational behavior
in several ways. Hence, predicting employee turnover might help organizations to react to these
mostly negative events with e.g. improved employee retention strategies. Current studies use a
“standard analysis approach” (Steel 2002) to predict employee turnover, accuracy in predicting
turnover by this approach is only low to moderate. To address this shortcoming, we conduct a
deep learning experiment to predict employee turnover. Based on a unique dataset containing
twelve months of time series of e-mail communication from 3952 managers our model reached an
accuracy of 80,0%, a precision of 74.5%, a recall of 84.4%, and a Matthews correlation coefficient
value of 61.5%. This paper contributes to turnover literature by providing a novel analytical

perspective on key elements of turnover models.
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Introduction

Employees or so-called human resources are as important as other resources involved in the
production of goods and services. They have a major effect on the productivity of a firm and are
responsible for the creation of new knowledge — which may have a significant impact on firm growth.
It is not surprising, therefore, that organizations seek to gain benefits by investing in human
resources. These benefits, though, diminish when highly skilled employees voluntarily leave an
organization for, say, a better position or higher wages at another organization. Further, while losing
a highly skilled employee to a competitor may lead to access to external knowledge for the former
employer, it also increases the risk that the former employer’s knowledge will be leaked to the
competitor (Somaya et al. 2008; Aime et al. 2010). Further, employee turnover reduces human capital
of the former employer (Shaw et al. 2005) and is generally found to negatively impact company
performance (Hancock et al. 2013). Hence, the competition for highly skilled personnel and their
retention is critical to organizations. Such competition was dubbed the “war for talent” (Chambers
et al. 1998) back in 1998 and later extended to the “war for Internet talent” (Efrati and Tam 2010),

considering developments after the dot-com bubble burst in 2001.

Consequently, the turnover of highly skilled employees is a topic of interest for practitioners and
scholars alike. It is a well-studied phenomenon in applied psychology, human resource, and general
management literature (for an overview of turnover research history, see Holtom et al. 2008).
Especially, the causes of actual turnover behavior are focused by research communities, since March
and Simon (1958) proposed a first turnover model that takes the reasons for participating in
organizations into account. They suggest that employees who are happy with their job and who do
not have a job alternative will not leave their employer. Over thousands of scientific articles about
employee turnover later, job dissatisfaction became and still is an important proximal cause for
employee turnover (Lee and Mitchell 1994). Job dissatisfaction leads to thoughts of quitting and
culminates in actual turnover behavior. Hence, it is important to know why and when highly skilled

employees become dissatisfied with their current job.

To predict such changes and thus turnover behavior, researchers follow a “standard research

design” (Steel 2002): Data on turnover predictors are collected via a survey and the information on
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the actual leaving is collected later. Then, the analysis is conducted with ordinary least squares
(OLS) regression, survival and hazard functions or structural equation modeling (SEM). The
accuracy in predicting turnover by this approach is only low to moderate (Lee et al. 2017), slightly
higher using turnover intention as a proxy for actual turnover behavior. Novel approaches are
necessary that take the trajectories of turnover determinants over time into account because changes
over a specific period time in distal precursors affect turnover through changes in proximal

antecedents (Hom et al. 2017; Lee et al. 2017).

In this paper, we follow the call for novel approaches for employee turnover prediction applying
a gated recurrent neural network model (Chung et al. 2013), a variation of long short-term memory
(LSTM) networks (Hochreiter and Schmidhuber 1997; Gers 2001) on longitudinal turnover data. Our

goal is to predict turnover of highly skilled employees. Our research questions are:

e Is a deep learning model suitable for employee turnover prediction?

e How does the model perform in the prediction of employee turnover?

The remainder of this paper is structured as follows. The next section provides the theoretical
grounding. This section contains an overview of related works regarding employee turnover, the role
of job (dis-)satisfaction on employee turnover and the importance of the relational perspective of
employee turnover. The subsequent section describes this study’s setting, data, and methodology.

The paper concludes with a discussion of the results and implications for future research.

Related Work

This section begins with a brief overview of employee turnover literature, the role of job
satisfaction and communication behavior of employees on turnover. We then provide an overview of
the idea behind recurrent neural networks (RNNs), long short-term memory (LSTM) and gated
recurrent units (GRUs), all deep learning architectures that are important for understanding our

study’s experimental settings.
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Employee Turnover

The investigation of employee turnover has a long history. March and Simon were the first who define a
formal theory of turnover focused on participation in organizations (March and Simon 1958; Lee et al. 2017).
Further research focuses on antecedents of individual employee turnover (Mobley 1982). Other research
considers external factors such as promotional opportunities and kinship responsibility influencing employee
turnover (Price and Mueller 1981). Moreover, studies focus on the negative and positive effects of employee
turnover (Dalton and Todor 1979; Mobley 1982). In addition to the obvious negative effect on company
performance, turnover can have some other negative effects. These can be differentiated into direct costs (e.g.,
for recruiting and training the successor) and indirect costs. The latter include loss of firm-specific human
capital, demoralization of remaining employees, and loss of social capital embedded in the employees’
relationships (Ton and Huckman 2008). Not surprisingly, loss of social capital from employee turnover
negatively impacts company performance (Shaw et al. 2005). But, the opposite can also be the case: employee

turnover can potentially lead to the creation of a business tie between the former and new employer, resulting

in increased social capital for both firms (Somaya et al. 2008; Corredoira and Rosenkopf 2010).

More recent research on turnover analyzes the reasons for staying with a company and not the reasons for
leaving (Lee et al., 2017). This shift in research objectives is based on the idea of job embeddedness, which
incorporates off-the-job and on-the-job factors that embed employees in their job positions (Mitchell et al.
2001). Links to other colleagues, fit within the organization, and potential sacrifices in case of a turnover were
found to influence intentions to leave an organization (Mitchell et al. 2001). Especially, relationships with other
colleagues and groups are important for high job embeddedness and thus negatively related to turnover
intention (Maertz and Griffeth 2004). The analysis of such relations between employees is mostly conducted
by a social network analysis approach using centrality measures (c.f. Feeley 2000; Mossholder et al. 2005;
Oldroyd and Morris 2012). Brass (1981) found no relationship between being central to an organization’s
workflow network and job satisfaction. However, more recent studies show that strong and positive social intra-
organizational networks reduce employee turnover (Mossholder et al. 2005; Moynihan and Pandey 2007; Hom
and Xiao 2011). Mossholder et al. (2005) found that network centrality might even predict employee turnover.
Gloor et al. (2017) analyze the relational view of employee turnover in a detailed manner. Therefore, they
analyze e-mail communication of 866 managers with the largest set of network and text analysis metrics so far
and show that managers who quit have lower closeness centrality, less engaged conversations, shift their
communication behavior starting from 5 months before leaving by increasing their degree and closeness
centrality, the complexity of their language, as well as their oscillations in betweenness centrality and the

number of nudges they need to send to peers before getting an answer. Gloor et al. (2007) show that intra-
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organizational e-mail communication analyzed with social network and text analysis metrics might be a

promising predictor for turnover from the relational perspective.

However, the predictive power of past studies of employee turnover that follow the “standard research
design” (Steel 2002) is low (Lee et al. 2017). Hom et al. (2017) and Lee et al. (2017) call for research that
considers the dynamic nature of antecedents of employee turnover and conduct additional network-based

investigations.

In the past years, several studies tried different methodologies to predict voluntary employee turnover and
to overcome the issue of low predictive power (see Table 1 for review results). Especially, machine learning-
based classification algorithms like Random Forests (RF), Gradient Boosting Machines (GBM), Support Vector
Machines (SVM), Naive Bayes (NB), k-Nearest Neighbors (kNN) are applied to employee turnover data
typically gathered from human resource information systems (HRIS) or questionnaire surveys. Predictors are
mostly socio-demographic and work-related items like working experience, tenure, skills, and performance.
These studies present good accuracy values and claim that the machine learning-based classification algorithms

outperform logit models (e.g. Nagadevara et al., 2008; Punnoose & Ajit, 2016; Zhao et al., 2019).

Our study follows the call of Lee et al. (2017) and is influenced by the study Gloor et al. (2017). However,
we want to go one step further in turnover prediction by using recurrent neural networks (RNNs) that might

enhance the predictive power of the relational perspective of employee turnover.

Research Study Turnover Data source Sample size Methodology Predictor Best model
context context performance
Chang (2009) Employees in  Voluntary Not specified 881 Taguchi Demographic Accuracy =
manufactory turnover Method + factors, 0.878%
industries Nearest skillset,
Neighbor working
Classification experience
Rules
Hong et al. Marketing Voluntary Not specified 132 SVM, Logistic Constant job Accuracy =
(2005) specialists of  turnover Regression, performance  0.84 with SVM
Motor Probit Model
marketing
company,
Taiwan
Nagadevara et Software Voluntary Secondary 150 Neural Demographic Accuracy =
al. (2008) company, turnover data provided Network, factors, 0.85 with C5.0
India by the Logistic skillset,
company Regression,
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Punnoose &
Ajit (2016)

Quinn et al.
(2002)

Ribes et al.
(2017)

Sexton et al.
(2005)

Leadership Voluntary

team of a turnover
global retailer,

USA

Workers of a Turnover
regional child behavior
welfare agency,

USA

Managers Voluntary

turnover

Workers of a  Voluntary
small mid-west turnover
manufacturing

company USA

Sikaroudi et al. Workers of an Voluntary

(2015)

Somers (1999) Hospital

automotive turnover
parts
manufacturing
company, Iran

Voluntary
employees, turnover
USA

Provided by 73,115
HRIS
Provided by 536

internal IS

Not reported 1,000

Reviewing 447

personnel files

Provided by
HRIS

Not reported

Questionnaire 577

survey

Classification
and Regression
Trees,
Classification
Trees (C5.0),
Discriminant
Analysis
Logit Model,
NB, RF, kNN,
LDA, SVM,
XGBoost

Logit Model,
Multi-Layered
Perceptron

NB, LDA,
SVM, RF

Neural
Network
Simultaneous
Optimization
Algorithm

Multilayer
perceptron,
RF,
Probabilistic
neural
network, SVM,
Classification
and regression
tree, kNN, NB,
Apriori, CN2
algorithm
Multilayer
perceptron,
Learning
Vector

Quantization

working

experience

Demographic
factors,
skillset,
working
experience
Demographic
factors,
skillset,
working
experience
Demographic
factors,
skillset,
working
experience
Demographic
factors,
skillset,

working

experience, job

level

Demographic
factors,
skillset,
working

experience

Affective
commitment,
Continuance
commitment,
Job
satisfaction,
Job

AUC = 0.86
with XGBoost

Accuracy =
0.60 (test set)
with Multi-
Layered
Perceptron

ROC = 0.95
with Random

Forest

Accuracy 0.96
with Neural
Network

Accuracy =
0.906 with
Random

Forest

Accuracy =
0.88 with
Multilayer

perceptron
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withdrawal

intentions
Suceendran et leading IT Attrition exit interview 2,572 ID3, J48, NB, Demographic Accuracy =
al. (2015) organization details of Bayesian factors, 0.97 with IBK
employees Network, K skillset,, and Random
Star, IBK, working Tree
Random tree, ©Xperience,
RF performance
Tzeng et al.  Nurses, Turnover Questionnaire 389 SVM Working Accuracy =
(2004) Taiwan intention survey motivation,  0.892 with
job SVM
satisfaction,
and
stress levels
Zhao et al. Employee of a Turnover Dataset 1: not Dataset 1: Decision tree, Demographic ROC = 0.9008
(2019) regional bank, behavior reported 9,089 RF, GBM, factors, with Extreme
USA Dataset 2: Dataset 2: XGBoost, skillset, Gradient
IBM Watson 1,470 Logit model, working Boosting
Database SVM, neural experience,
networks, performance
LDA, NB,
kNN

Table 1. An overview of the literature on the application of machine learning algorithms in

employee turnover

the context of

Recurrent Neural Networks (RNN) & Gated Recurrent Units (GRU)

Recurrent neural networks (RNNs) are artificial neural networks that encode knowledge

dependencies learned over past events and use this knowledge to reason about current events. RNNs
achieve this by using cycles in a network, which allows past knowledge to persist in the form of
inputs to the next network. RNNs can be thought of as a directed graph where each node passes the
knowledge on to the next node after applying set of weights and transformations. Hence, RNNs are

appropriate for data in the form of sequence or data with temporal attributes.

In recent years, RNNs have been used successfully in a variety of contexts, like object detection
(Szegedy et al. 2013), speech recognition (Graves et al. 2013) or classification problems (Krizhevsky
et al. 2012). Standard RNNs have a few limitations. One of them is that they cannot process inputs
with varying length because long-term knowledge of too long input sequences cannot be stored

(vanishing gradient problem). To process long-range sequences and identify relevant reasons for
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employee turnover, we need a model that can remember long-term knowledge. Long short-term
memory (LSTM) is an RNN architecture that avoids the vanishing gradient problem (Hochreiter
and Schmidhuber 1997; Gers 2001) and learns tasks that require knowledge of events that happened
lots of time series earlier (Schmidhuber 2015). Therefore, we use a LSTM architecture with a simpler
gating mechanism called gated recurrent units (GRU). GRUs are comparable to LSTM in terms of

performance and exhibit better performance on smaller datasets (Chung et al. 2014).

Experiments

In this section, we present a brief description of our data, describe the data pre-processing steps,
continue with the experimental settings, and conclude this section by presenting the results of our

experiments.

Data Pre-Processing

This study is based on employees’ e-mail communication data that is provided by a global
professional services firm with more than 70,000 employees in over 20 countries. The e-mail data
contain 845,208 actors (employees' and external stakeholders), ~138 million edges representing the

communication that took place from 1st January 2017 till 29th January 2018.

We filtered the 845,208 actors by employees in managerial positions, which led to e-mail data of
3,952 managers containing 35% (48 million of 138 million edges) of the provided e-mail
communication data. After collecting the mailboxes of the 3,952 managers, we prepared the data for
the deep learning experiments. Therefore, we split the data in time frames (15 days time window
with three days separation for the next window) and calculated network metrics (see Table 2) for
each time frame with Condor?, a social network and text analysis software. Each time frame was

exported in a separate CSV file. The calculated network metrics are capable to show the changes in

1 Some employees had more than one e-mail account in this company. In these cases, we merged the multiple e-mail
accounts of an employee into one.

2 http://guardian.galaxyadvisors.com
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communication patterns of employees (c.f. Gloor et al. 2017) and hence serve as input variables for

the deep learning models.

Metric

Definition

Messages sent

Messages received
Messages total

Words total

Degree Centrality

Betweenness

Centrality

Betweenness
Centrality

Oscillation

Closeness

Centrality

Reach 2

Contribution Index

Contribution Index

Oscillation

Ego ART

Ego Nudges

Alter ART

Alter Nudges

Avg. influence per

message

# of e-mails sent by an employee.

# of e-mails received by an employee.
Sum of e-mails sent and received by an employee.
# unique words an employee used in her e-mails.

# of colleagues each employee is directly connected within the communication network (Freeman
1979).

Likelihood to be on the shortest path between any two actors in the network. Indicates the extent
to which each employee acts as an information hub and controls the information flow (Freeman
1979).

# of local maxima and minima in the betweenness curve of an actor. Indicates how frequently

employees change their network position in the team, from central to peripheral, and back.

Inverse of distance of an actor from all other actors in the network, considering the shortest paths
that connect each pair of actors. Indicates the efficiency of transmitting information and

independence from other peripheral actors (Friedkin 1991).
# of colleagues each employee can reach by the distance of two.

# messages sent - # messages received / (# messages sent + # messages received). Indicates how

balanced a communication is in terms of sent and received messages.

# of local maxima and minima in the contribution index curve of an actor.

Avg # of hours sender takes to respond to emails. Time until a frame is closed for the receiver

after she has sent an e-mail. Indicates the respect the receiver has for the sender.
Avg # of follow-ups that the sender needs to send to receive a response from the receiver.

Avg # of hours receiver takes to respond to emails. Time until a frame is closed for the sender,

after she has sent an email. Indicates the respect the receiver has for the sender.

Avg # of follow-ups that the receiver needs to send to receive a response from the sender.

Avg # of terms per message that has been introduced into the network.
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Metric Definition

# new terms which a sender has introduced into the network and which are subsequently used by
Total influence other members of the network. Indicates the extent to which someone causes the other person’s
pattern of speaking to match their own pattern.

Uses automatically generated bag of word, based on a dictionary trained for language/subject

Avg. Sentiment . . . L
area. Indicates positivity and negativity of communication.

Avg. Emotionality  Standard deviation of sentiment. It represents the deviation from neutral sentiment.

Information distribution using TF/IDF, independent of single words. Indicates the complexity of
Avg. Complexity word usage. The more diverse words, which are all used evenly, a sender uses, the higher the

complexity.

Table 2. Calculated network metrics that are considered as input variables for the machine learning models

For the machine learning experiments, we consider each CSV file as a single data point, meaning
we combine 30 CSV files to have network metrics related to 3 months of e-mail communication as
the input. Depending on the date an employee left the company, we consider her as a leaver or not.
The last three months of work of employees who left the company are not considered in the model,
because employees in this company are asked to send the resignation letter three months before
leaving. Following Gloor et al. (2017), we assume that the closer employees get to the final decision
of quitting, the higher the likelihood to exhibit divergent communication behaviors. Hence, we define
five to seven months prior turnover as the period, where an employee is thinking about leaving the
company. This means that 150 days before the actual turnover job satisfaction might turn to job

dissatisfaction (see Figure 1).
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Fig. 1. Employee satisfaction timeline
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Fig. 2. An exemplary illustration of selected metrics of an employee. The z-azxis indicates the time (monthly
scale) and the y-azis indicates the values of the metric. The three phases of the employee satisfaction timeline
are color-coded in these charts. Blue indicates the period in which the employee is satisfied. Yellow shows the
phase in which the employee thinks about leaving the company. Red indicates the phase in which the employee
has decided to leave the company and has signed the resignation letter

Experiment Setup

We built an RNN with GRU. We trained our model on 2898 employees and tested on the
remaining 954 employees. Further, we apply 4-fold cross-validation to provide a robust estimate of
the performance of our model. Therefore, we split the training data into four equal sized subsets,
each subset has a similar number of employees who left (leavers). One of the four subsets are retained
as the validation data for testing and the remaining three subsets are used for training. Since our

dataset contains only a small number of actual employees who left the company (78 leavers), we had
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to preprocess the data with Synthetic Minority Over-Sampling Technique (SMOTE) to handle the
imbalanced dataset (see Table 3 for dataset statistics). SMOTE is an over-sampling approach in
which the minority class, in our case the leavers, is over-sampled. But instead of over-sampling with
replacements, synthetic instances are created by joining any of the k minority class nearest neighbors
of a minority class. These synthetic instances lead to more sensitivity regarding a minority class

without too severe minority over-sampling.

We evaluate the results using precision, recall, accuracy, area-under-curve (AUC) and Matthews
correlation coefficient (MCC) score, a discretization of the Pearson correlation value. We chose MMC
as an additional performance measure because our model represents a binary classification problem
(leavers / stayers) and MCC is more informative than other confusion matrix measures (such as F1
score and accuracy) in evaluating binary classification problems. MCC takes the balance ratios of
the four confusion matrix categories (true positives, true negatives, false positives, false negatives)

into account (Chicco 2017).

Training Test
# of actors 2898 954
# of leavers 59 19
# of stayers’ time series 238438 78468
# of leavers’ time series 832 262
# of stayers’ SMOTE time series 238438 78468
# of leavers’ SMOTE time series 238438 78468

Table 3. Statistics of the dataset

Results

Table 4 (training set) and Table 5 (test set) show four fold cross validation results of our dataset.
We conducted the GRU experiment with a keep probability of 0.1, one LSTM layer, eight neurons
and a learning rate of 0.001. All folds perform well, the average fold has an ACC of 0.933 and an
MCC of 0.873. The test set’s performance is good. The ACC is 0.800 and MCC (0.615) shows a

strong positive predictive power.
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Fold # ACC P R AUC MCC

0 0949 0,997 0911 0954 0,901
1 0,960 0,995 0,930 0962 0,921
2 0911 0999 0850 0,924 0835
3 0,911 1,000 0853 0926 0,835
15

0933 0998 088 0942  0.873
(avg.)

ACC=Accuracy, P=Precision, R=Recall, AUC=Area under curve, MCC=Matthews correlation coefficient
Table 4. Model results, training set

1,00
0,95
0,90
0,85
0,80
0,75
0,70
0,65
0,60
0,55
0,50

2000 8000 14000 18000

—ACC —=——P —R AUC —MCC

Fig. 8. Development of model performance indicators by model steps, training set, avg. fold

Fold # ACC P R AUC MCC
0 0,796 0,700 0,867 0,808 0,604
1 0,740 0,547 0,891 0,782 0,520
2 0,883 0,962 0,830 0,893 0,775
3 0,780 0,770 0,786 0,780 0,561
1.5 0,800 0,745 0,844 0,816 0,615
(avg.)

ACC=Accuracy, P=Precision, R=Recall, AUC=Area under curve, MCC=Matthews correlation coefficient
Table 5. Model results, test set
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Fig. 4. Development of model performance indicators by model steps, test set, avg. fold

Table 6 shows the performance of the two GRUs with different configurations. Model 2 with
sixteen neurons performs slightly better (MCC = 0.615) than Model 1 with eight neurons (MCC =
0.554).

Configuration ACC P R AUC MCC
parameters

Model Keep Probability: 0.1 0.768 0.653 0.849 0.786 0.554
Layers: 1

Size: 8

Learning Rate: 0.001

Type: 'GRU'

Model Keep Probability: 0.1 0.800 0.745 0.844 0.816 0.615

Layers: 1

Size: 16

Learning Rate: 0.001

Type: 'GRU'

Table 6. Model results based on different configuration (test set, 1.5 fold)

Discussion and Implications

The results of the experiments revealed that applying a deep learning approach has potential to
conduct a binary classification of employees in stayers or leavers by analyzing their e-mail

communication behavior.

What are the implications from this study’s findings for future RNN experiments and research

on employee turnover? First, our study provides a novel approach to analyze longitudinal employee
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turnover data. This study is among the first to apply an RNN besides the usual applications of RNNs,
such as object or speech recognition. As such, this paper may provide an insightful account for
researchers interested in the context of employee turnover and provide an example of how deep
learning methodology can be meaningful integrated in management research studies in general. We
found it encouraging that the experiments went well in regard of performance. Further, we address
the call by Hom et al. (2017) as well as Lee et al. (2017) by considering the dynamic nature of
antecedents of employee turnover and conducting a network-based analysis in comparison to earlier

research that primarily used a standard research approach (Steel 2002).

For organizations, the findings suggest the critical importance of human resource (HR) data
analytics. We provide a possibility to predict employee turnover. HR managers can use our
experiment setup as an ‘early warning system’ for employee turnover. Since employee turnover might
be dysfunctional and has serious impact on company performance, HR managers could counteract

with retention strategies when an important and highly skilled employee intend to leave the company.

Nevertheless, ethical issues should be considered before applying this methodology in an organization.

Limitations and Future Research

One limitation of this work pertains to the generalizability of our proposed approach. It is
plausible that the insights from this study might not directly apply to other companies or
occupational groups. However, that would be a practical concern caused by insufficient data, which

should be manageable.

Second, the premise of this study is that dissatisfaction derived from e-mail communication
behavior culminates in leaving. Other options or paths of dissatisfied employees are ignored.
Employees may lower job inputs or improve their circumstances (via promotion) rather than leave
(with or without job offers) (Hulin et al. 1985). Thus, leaving is only one option among many ways

to cope with job dissatisfaction.

Third, employee turnover data is an imbalanced dataset by nature. The number of leavers is

always much lower than the number of stayers. Our dataset is extremely imbalanced, but we
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overcome this issue with SMOTE. However, a higher sample of leavers might improve the predictive

performance of our models.

Fourth, this paper takes the relational perspective on employee turnover. However, traditional

antecedents like organizational commitment were not considered.

Future research should conduct a classifier performance comparison by including several
configurations of LSTMs, GRUs and other classifier models like Support Vector Machines (SVMs).
Additionally, a comparison with models that are based on the mentioned standard research approach
is necessary. Further, this study should be replicated with employee turnover data from other

organizations, other occupational groups and with additional input variables.

Conclusion

In this paper, we applied a GRU RNN classifier that classifies employees in two states (leaver or
stayer) by taking their e-mail communication behavior into account. The classifier’s performance is
measured in terms of confusion matrix with accuracy, recall, precision, AUC and MCC values. The
developed GRU RNN model provides promising performance. Here, GRU can strongly benefit from
the fact that it can look back in time and learn to correlate the calculated network metrics. GRU
can learn these correlations, although it might require further training or different variables to be
added to the data. In the future, we will continue to improve the performance of our model and

conduct in depth error analysis.

We finally conclude that GRU is very suitable for classifying employees’ turnover behavior. This
is the first reported demonstration of a successful application of GRU neural networks to data from

an organizational management context, namely employee turnover.
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‘Entanglement’ — a new dynamic metric
to measure team flow

We introduce “entanglement”, a novel metric to measure how synchronized communication
between team members is. This measure calculates the Euclidean distance among team members’
social network metrics timeseries. We validate the metric with four case studies. The first case
study uses entanglement of 11 medical innovation teams to predict team performance and
learning behavior. The second case looks at the e-mail communication of 113 senior executives of
an international services firm, predicting employee turnover through lack of entanglement of an
employee. The third case analyzes the individual employee performance of 81 managers. The
fourth case study predicts performance of 13 customer-dedicated teams at a big international
company by comparing entanglement in the e-mail interactions with satisfaction of their
customers measured through Net Promoter Score (NPS). While we can only speculate about
what is causing the entanglement effect, we find that it is a new and versatile indicator for the
analysis of employees’ communication, analyzing the hitherto underused temporal dimension of
online social networks which could be used as a powerful predictor of employee and team

performance, employee turnover, and customer satisfaction.

Keywords: Dynamic social network analysis; synchronization; communication patterns; entanglement; group
cohesion; flow state
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Introduction

Albert Einstein called quantum entanglement “spooky action at a distance” (Einstein et al.,
1935), predicting that quantum mechanics should allow objects to influence each other’s action at
great distance. It took other Nobel prize winning physicists’ decades after Einstein’s death to confirm
his prediction. In this paper we propose a similar social entanglement effect between people. Note
that we are not making any conclusive claim about the cause of this social entanglement effect, we
just find that it seems to exist, and posit that there seem to be useful parallels between quantum

entanglement and social entanglement that assist in the conceptualization of the latter.

“You share everything with your bestie. Even brain waves.“ (Angier, 2018). This is how the New
York Times summarized the work of Parkinson, Kleinbaum and Wheatley (2018), who found that
brain scans of close friends show similar patterns as they watch a series of short videos. Using these
results, the researchers trained a computer algorithm to predict the strength of a social bond between
two people based on the relative similarity or synchronization of their neural response patterns. Such
neural synchronization patterns are also observed in various other studies in different contexts, e.g.,
to determine neural contingencies between musical performers and their audiences. Hou et al. (2020)
assess the neural synchronization between violinist and audience and the relation to popularity of
violin performance. Their findings suggest that neural synchronization between the audience and the
performer might serve as an underlying mechanism for the positive reception of musical performance.
Further, neural synchronization can be confirmed by analyzing verbal group communication (Liu et
al., 2019). Individuals try to achieve neural and body synchronization in order to facilitate fluid
interaction (Fairhurst et al., 2013; Yun et al., 2012). Experiments show that synchrony of fingertip
movement and neural activity between two persons increases after cooperative interaction (Yun et
al., 2012). Hence, engaging individuals in synchronized activities like walking, dancing etc. is an

effective way of increasing subsequent cooperation between those individuals.

However, the studies mentioned above focus on neural or body synchronization and are not
applied in typical work environments or contexts. But “being in sync” or “in flow” in work
environments is a relevant research topic and should be considered by decision-makers to determine

the impact of such behavior on employee performance. Being in sync with others can increase
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cooperation by strengthening social attachment among team members (Wiltermuth and Heath,
2009). Thus, it might also affect team productivity and team performance positively. Offline and
online communication plays an important role to distinguish between teams that are in sync or “out
of sync”. Where offline communication like face-to-face meetings establish team synchronization easily
(Maznevski and Chudoba, 2000), online communication such as e-mail and chat tools might diminish
team synchronization (Hinds and Bailey, 2003). The asynchronous characteristic of online
communication, for instance caused by time lags (Cramton, 2001), may hinder developing a shared

team rhythm (Hinds et al., 2015; Hinds and Bailey, 2003).

However, there exist opportunities to analyze online communication data in near-real time for
continuous monitoring of team learning and performance. Metrics based on communication flow from
person to person or amount of communication are suitable for real-time processing. In addition,
studies have shown that analyzing online communication data in organizational contexts (de Oliveira
et al., 2019; Gloor et al., 2017b) could be used as a predictor for job-related constructs, such as
employee turnover or employee performance. Speed of responding to an e-mail, for example, is a good
predictor of individual and team performance (Gloor et al., 2020). It might be a proxy for the passion
of the person who is responding to an e-mail (Gloor, 2017), or for other external reasons such as

urgency, power differentials, etc.

Based on these behavioral and neuroscientific insights and findings on the relationship between
interpersonal synchronization and communication, we hypothesize that being in sync can also be
shown by analyzing patterns of team online communication gathered through a social network

analysis (SNA) approach. Hence, our research questions are:

(1) Are time series of communication patterns from online communication valid indicators for
analyzing the synchronization of a team and its flow?
(2) Is a measure for team flow capable to predict job-related outcomes such as job performance

or employee turnover?

We answer these questions by introducing a metric called entanglement, which measures the
synchronization of e-mail communication behaviors of team members and their flow state over time.

This metric is grounded in SNA and identifies the similarity of timeseries of SNA metrics. We validate
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the metric by conducting four case studies, with different datasets from different organizations. Each
case study is in a different context and variants of the entanglement measure are used as a predictor

of different individual and group performance indicators.

The rest of the paper is organized as follows. In Section 2 we present the theoretical background
of flow state and team synchronization. Subsequently, we illustrate the idea of our entanglement
metrics, which want to capture how much people interact in the same rhythm or are “in sync”. We
finalize this section with the metric’s formalization. In Section 3, we explain the data collection and
applied methods. Then in Section 4, we introduce four case studies in which we demonstrate the
predictive power of the proposed entanglement metrics. In the last section, we discuss results and

advocate future research.

Theoretical background
Team synchronization and flow state

Synchronization is a fundamental element of life. Besides neuronal synchronization mentioned in the
introduction, one finds studies that deal with the synchronization of human activities (Guastello and
Peressini, 2017). Synchronization is often defined as the manifestation of unintended coordination. It
is part of the natural behavior of a human being and takes place so invisibly that we usually do not
notice it. It is triggered by audio-visual stimuli, haptic perception or simply by the presence of certain
people. Synchronization can be analyzed as neuromuscular coordination, where there is a relatively
exact or proportional tracking of body, hand and head movements, autonomic arousal, or
electroencephalogram (EEG) readings between two or more people (Guastello and Peressini, 2017).
For example, Néda et al. (2000) show that the audience of a concert synchronizes its applause after
an asynchronous start and Fairhurst et al. (2013) and Yun et al. (2012) show that people synchronize
their finger tapping to improve coordination. While these studies only look at synchronization as
neuromuscular coordination and task coordination, there are research efforts currently underway to
uncover connections between synchronization in cognition, task structures, and performance
outcomes in teams (Gipson et al., 2016). Better work performance outcomes would also be expected

when teams are similarly synchronized (Elkins et al., 2009; Stevens et al., 2013).

249



The hypothesis that team synchronization leads to better performance is further motivated by
the theory of flow state. While the concept of synchronization in the above-mentioned studies applies
a natural science perspective, human sciences like positive psychology consider synchronization as a
part of flow state (Gloor et al., 2012) and expect flow state to cause better performance. A team is
in flow state (Csikszentmihalyi, 1996) when members create a sense of shared confidence and
empathy, which culminates in a collective mental state in which individual intentions harmonize and
are in-sync with those members of the group. This condition is also referred to as achieving a "group
mind", which is marked by a deep emotional resonance which enables e.g., jazz musicians to be
completely coordinated throughout the improvisational flow. In other words, group flow manifests
itself in physical and verbal activities, for instance people mirroring each other and quickly finishing
each other's sentences using the same words and phrases, indicating a “parallel synchronization of
thought” (Armstrong, 2008). The more the team members are in-sync, the more likely it is to observe
group flow. Group flow can be analyzed applying “interaction analysis”, which entails closely
observing and categorizing the interactions, movements, and body language of group members. But,
it cannot be limited to neurological studies of particular participants of the group's emotional
conditions or subjective memories (Sawyer, 2003). Thus, group flow cannot be split down into specific
tasks; rather, it is a process that arises from group dynamics and has the ability to improve job
satisfaction, intrinsic motivation, vigor, performance or efficiency (Delarue et al., 2008; Sawyer, 2003;
van den Hout et al., 2018). Hence, flow represents rather an oscillating dynamic state that combines

continuous and sudden changes across time (Ceja and Navarro, 2012) than a static one.
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Figure 1. General model of flow state in work environments.
Based on original model of flow state by Csikszentmihalyi (2000).
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The flow concept can be transferred into the organizational context (Heyne et al., 2011). Bakker
(2005) defines work-related flow as a short-term peak experience at work that is characterized by
absorption, work enjoyment and interest. Teams “are in flow” if there is a certain balance between
challenges and the skill sets of the individual team members. Work-related flow leads to a better
productivity and performance (see Figure 1). Further, by the definition of flow by Csikszentmihalyi
(1996) high flow leads to high performance. If a team is collectively in flow, it therefore will deliver
high performance. In general, flow is likely to correlate positively with measurable results (Quinn,
2005). Quinn (2005, p. 611) emphasizes that “[ijn knowledge work |...] flow may be a useful concept
for understanding performance.”. Studies of flow proceed from a broader awareness that team

processes like communication need to be studied as events over time (Arrow et al., 2004).

Entanglement conceptualization and formalization

The idea of the entanglement measure is to determine how a person is in sync with his/her group
and shares the same flow with the other team members, with regards to communication over a period
of time. In an attempt to conceptualize entanglement, a multidisciplinary approach is proposed,
bringing together concepts from several disciplines, ranging from quantum mechanics to human and
social sciences. The term entanglement is borrowed from quantum physics, where a pair or group of
particles which are “entangled” mysteriously change their quantum state at the same time, even when
the group of particles is physically far apart at different locations on the world (Horodecki et al.,
2009). A result of this phenomenon is that when one measures the quantum state of one particle, one
simultaneously determines the quantum state of the other particle. A quantum state (of a particle)
is a representation of knowledge or information about an aspect of the system or reality (Pusey et
al., 2012). In this study, we interpret the reality as the state about a person-to-person relationship.
Thus, the two particles are seen as two individuals that have potentially interacted with “others”,
not necessarily with each other, and have therefore become entangled. Our idea of synchronicity is
that people are in-sync when they show similar behavioral patterns, such as communication activity.
Hence, two persons are entangled even when they are physically separated or not involved in a (local)
interaction with each other but share a similar communication behavior (an example is provided in

Figure 2).
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Figure 2. Communication intensity of three persons by time

Similar concepts have previously been described in psychology and sociology. “Entrainment”
describes a process where one system’s motion or oscillation frequency synchronizes with another
system, for instance the brainwaves of two people rocking together in their chairs. Cross et al. (2019)
define interpersonal entrainment as the synchronization of organisms to a rhythm, for example
singing, dancing, or even walking together. Much earlier, early twentieth century French sociologist
Emile Durkheim defined collective effervescence as the similar but broader notion of synchronized
action between humans (Durkheim, 2008), to describe when a community or society comes together
to communicate the same thought or participate in the same action. This concept has been picked
up by sociologist Randall Collins through his construct of “Interaction Ritual Chains” (Collins, 2005),
which explain collective action through shared emotional energy. The common theme of all these
constructs is colocation, people creating and experiencing emotional energy by being together at the
same location. We therefore prefer the term “entanglement” to describe synchronous action between
humans independent from where they are located, to describe in the words of Albert Einstein, “spooky

action at a distance”.

Human communication is fundamentally synchronous and rhythmic, two important
characteristics of individual and interactional behavior (Condon, 1986). The synchronization of

interactional behaviors helps to generate a sense of flow state for the persons involved (Condon,
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1986). Further, it always takes other people for a person to reach the state of flow (Collins, 2005),
while the other people do not have to be physically present. Thus, entanglement leads to a flow state
of two persons analogous to the “mysterious change” of a particle’s quantum state. Intuitively, we
propose that the “more similar the communication” of two persons A and B is, the more person A is
in sync and is able to share the same flow of communication with person B over a period of time.
Individuals that are in flow might have higher abilities to productively channel their cooperative

spirit when working together.

Figure 2 shows the communication of three persons by time. Person B and C communicate in
similar intensity (here: number of sent messages) from ¢ until ¢3. Their communication decreases
from t1 to t2 and increases from t2 to t3 by the same amount. Further, their lines in the chart are
very close together meaning the distance between each of their data points is short. We observe the
same pattern for person A and person B in time period ¢8 and t4/. Such patterns might indicate
synchronization. Thus, we can state that the distance of the data points representing the
communication intensity between two or more persons in a specific time window is an indicator for
their synchronization. Here, we use the Euclidean distance, a straight-line distance between two
points in Euclidean space. We calculate the Euclidean distance d of two data points z and y of a

communication metric A of the same time window ¢ with:

A(AG), AGD) = (4G - A

This Euclidean distance specified in the formula above is calculated for every pair of nodes and
time window t. An essential requirement to determine if persons are entangled is to consider both
team synchronization and team flow. Team flow is based on flow experienced in relational
embeddedness (Burt, 2005) which can be established by e.g. communication and collaboration. To
address this structural feature of communication, we propose to apply SNA. SNA offers a suitable
methodology to study group dynamics as well as to investigate the role of the individuals within

these dynamics (Wasserman and Faust, 1994). It focuses on various aspects of the relational
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structures and the flow of information, which characterize a network of people, through graphs and

structural measures.

Figure 3. Graph representing an e-mail communication network

To better illustrate the concept of “entanglement” we consider an e-mail network, characterized
as a graph made of a set of nodes (e-mail accounts) and a set of directed edges (weighted by the
number of e-mails) connecting these nodes. The direction of an edge specifies the source (e-mail
sender) and target (e-mail receiver) node; the weight of an edge shows the relation intensity (number
of e-mails) between two nodes (see Figure 3). For example, if person A sends 3 emails to person B,

we see an arc originating at node A and terminating at node B of weight equal to 3.

To illustrate the idea and calculation of entanglement with an example, we use an individual
mailbox representing a dataset of e-mails of persons that work together on several projects. First, we
collected the mailbox and stored it in a database, where the e-mail data was structured from a
network perspective. In order to calculate the entanglement of the mailbox owner and his/her
colleagues, we take the inverse of the Euclidean distance of the time series of the communication
activity represented by messages sent over time for each node/actor in the network. This value will
get the larger the more similar the activity time series of two actors are. However, we have to
distinguish between two pairs of actors at different locations in the network, one pair embedded into
a tight cluster communicating with many other actors, while the other pair is exchanging the same
number of e-mails as the first pair, but is only weakly connected to other actors. To make this metric
comparable among pairs of actors with different levels of activity in the same network, we multiply
it by the product of the degree centralities of both actors. Degree measures the centrality, sometimes
seen as a proxy of popularity, of a node in a network, by counting the number of its nearest neighbors

(Freeman, 1978). Further it can be a proxy for the level of engagement within a group, team or
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organization (Gloor et al., 2020). Communication activity via e-mail (Gloor et al., 2014) indicates

the number of e-mail messages sent by a person within a time interval.

Figure 4 shows the e-mail communication activity over a period of time, for the email box we
analyzed. The blue line shows the mailbox owner’s communication activity, the other lines correspond
to the people s/he is exchanging e-mails most frequently with. The more correlated the
communication activity between the owner of the mailbox and another person are, the more they
are in sync, share the same flow over a period of time, and thus are entangled. The picture also
illustrates the need to include degree centrality in the entanglement formula, as the levels of activities,

while running in parallel, are vastly different for different people.
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Figure 4. Flow of e-mail communication by time

Accordingly, we define the activity entanglement E4(xr,yr) between two individuals, named z

and y in a specific time window T, as:

Cp(x7) Cp(yr)
d(A(xr), Alyr))

Ej(xr,yr) =

where Cp(xr) and Cp(yr) are the degree centralities of the two individuals z and y, and
d(A(xr),A(yr)) is their Euclidean distance, with respect to communication activity A in a defined
time window 7. In other words, the entanglement of two individuals z and y is given by the
multiplication of the number of their direct contacts in the e-mail network divided by their
synchronization of communication activity. As has been said above, it is necessary to include the
product of the degree centralities of z and y into the entanglement formula to provide for the
differences in centralities between actors: assume that actor x has low degree, if z is synchronized

with highly connected actor y having high degree centrality, the high degree of actor y will boost
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entanglement of actor x in comparison with all other actors in the network. In other words, we want

our metric to reward less influential actors that are synchronized with influential actors.

Similarly, we could consider not just communication activity, but also individuals’
synchronization in weighted and unweighted betweenness centrality. Betweenness is a well-known
metric in social network analysis. It is the sum of the fraction of all-pairs shortest paths that pass

through a node v (Freeman, 1977):

B o(s, tlv)
G = ) T

S*FVFLEV

where V is the set of nodes, a(s,t) is the number of shortest paths from s to ¢, and a(s, t|v) is the
number of those paths passing through node v (Brandes, 2001). Inverse arc weights are considered
for the determination of node distances. To control for network size, the above index is usually

normalized between zero and one.

If the betweenness centrality time series of two individuals are in sync, it means that they share
similar network positions, and levels of influence, at the same time. Individual betweenness
entanglement Ep is the product of the degree of two individuals divided by their Euclidean distance

in betweenness centrality over a period of time.

Ey(p,yr) — Cp(xr) Cp(yr)
d(CB (x7),Cp (YT))

In addition, we speculate on the possibility to evaluate how much an individual is in sync with
the aggregated flow of the entire network. As a proxy of the aggregated rhythm of the team we take
Freeman’s group betweenness centralization, C;p (Freeman, 1978). Group betweenness centralization
is the sum of the differences between the betweenness centrality of the most central node, Cg(v*),

and that of all other nodes in the network (Freeman, 1978; Wasserman and Faust, 1994), normalized

by its maximum value which is (G — 1)2(G — 2) where G is the total number of nodes:

C. = 2354 Cp(v*) = Cp(w))]
T (6 -1)2(6-2)]
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This definition of group betweenness centralization is appropriate for this use case, as we compare

how entangled an individual node is with all other nodes with regards to betweenness.
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Figure 5. Intuitive motivation for group betweenness entanglement (Egg)

Figure 5 gives an intuitive motivation for the usefulness of group betweenness entanglement. It
shows a group of six actors at three points in time of a changing network structure. Actor A is very
much “entangled” with the overall group: In t1 and t3, when the group betweenness centralization
(Cgp) is low, his/her (individual) betweenness centrality (Cg) is low also, in t2, when the group
betweenness centralization is high, his/her Cg is high too, leading to low Euclidean distance of his/her
Cg to Cgp, resulting in high entanglement. In contrast, actor B is lowly “entangled” with the group,
in t1 and t3 when Cgp is low, his/her betweenness centrality (Cg) is high, in t2 when Cgp is high, his
Cg is low. This leads to high FEuclidean distance to Cs;g, and thus to low entanglement. Formally, we
measure group betweenness entanglement E;gby dividing group betweenness centralization Cgp by
the Euclidean distance of group betweenness centralization and betweenness centrality of the actor
being analyzed over a time period. Cgp, — as a metric of variation — is an indicator for the
centralization of the group in time window 7, the individual betweenness centrality Cg(x) in this
sense is an influence on Cgp,, i.e., how much an actor impacts Cgp,. Intuitively this metric reflects

the contribution of this actor to the level of centralization of its group. In other words, it measures
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how far away the normalized betweenness centrality of an actor is from the betweenness
centralization of its group at any point in time. If an actor’s betweenness is high and its group
betweenness centralization is high, the actor is probably responsible for the centralized network
structure — thus the Euclidean distance between group betweenness centralization and an actor’s
betweenness centrality is small, and therefore the actor’s group betweenness entanglement high. On
the other hand, if an actor’s betweenness is low and its group betweenness centralization is high, it
means somebody else is central and the actor is unimportant in betweenness centrality terms, thus
less entangled with the group. We look at this across groups (frequently analyzing advice networks
in work settings) and over time. Accordingly, we define group betweenness entanglement, E;gz(x7)

of z as:

CGBT
E p—
() d(CB (x7), CGBT)

To show the inequality in individual group betweenness entanglement we calculate the Gini

coefficient for Egp:

i=1 Z?=1|EGB (i) — Egp (xj)l
2n’Egp

G(EGB) -

The same formula can also be used for activity entanglement to calculate G(E,). Intuitively, the
Gini coefficient measures inequality in the distribution of entanglement among all actors in a network.
This is based on the observation that for an actor x being resource-poor or resource-rich in a network
— the resource being entanglement in this case — can be highly predictive for the behavior or
performance of z. It therefore makes sense to put the entanglement of x in relationship to the

entanglement of all other actors in the network through Gini entanglement.

Data collection and methods

In this section, we present the data collection process and the methods we applied to analyze the
data for the case studies. For each case, we ran the same data collection process. We fetched the e-

mails of a sample of project members who chose to participate in each pilot study. All worked at
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large organizations at the time we collected their communication data. We used Condor!, a social
network and semantic analysis software to collect and analyze the data. We normalized the e-mail
data for time zones. In our calculations we set the time window to 7 days, as this has been shown to

deliver the best results for this type of organizational e-mail data (Gloor 2017).

We measured the relationship of entanglement calculated from e-mail communication with
individual and group outcome variables. Since we explore the properties of communication networks,
we focused on the calculation of communication-based measures — such as messages sent and received
— and of network centrality measures, as we explained in section 2.2. Further, we used the reach-2
metric, which is the number of nodes that a social actor can reach by going through each of its direct
links in the graph (Gloor, 2017). Reach-2 has been used as a proxy for social capital, as it measures

the number of connections of the people a person is connected to (de Oliveira and Gloor, 2018).

In addition, we relied on online communication metrics developed specifically for assessing
interactivity in e-mail communication. In particular, we looked at the communication activity (Gloor
et al., 2014), which indicates the number of e-mail messages sent by a person within a time interval,
and at the number of nudges, which represents the average number of pings (emails) that a sender
needs to send in order to receive a response from the receiver (Gloor et al., 2014). Here we differentiate
between ego nudges (the number of pings before a recipient responds) and alter nudges (the number
of pings before others respond). In addition, we measured the contribution index which is the balance
between messages sent and messages received (Gloor, 2017). Lastly, we calculated the average
response times (ART) to measure how much time it takes a person to reply to an e-mail (Gloor et
al., 2014; Merten and Gloor, 2010). This metric is helpful to identify fast and slow communicators
and recognize patterns of behavior looking at periods of slower response. We separate between Ego
ART, the average number of hours a sender takes to respond to e-mails and Alter ART, the average

number of hours recipients takes to respond to a sender.

I http://www.ickn.org/ckntools.html
Condor is available for free academic use and includes the entanglement metrics.
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Case studies

We illustrate, in four case studies, how the proposed entanglement metric can be used with e-
mail data to predict work-related outcome variables, such as team performance and employee
turnover (see Table 1). The four case studies we present here are related to different business contexts
and consider different dependent variables. In all cases we analyze email data, illustrating the
suitability of the entanglement metric for online communication data. Our goal here is not to directly
compare results across case studies, deriving general conclusions, or claiming causality. Rather we
want to show the versatility of our entanglement metrics, which can be adapted to study business

interaction dynamics in different scenarios.

Case . Entanglement Entanglement .
Industry Research object Outcome variable
study measure level
53 employees in 11 o
Activity Team performance &
A Health care healthcare Team . .
. . entanglement learning behavior
Innovation teams
Professional ) . Activity o
B . 113 senior executives Individual Employee turnover
services entanglement
Professional Betweenness .
C . 81 managers Individual Employee performance
services entanglement
. . Group
Professional 82 mangers in 13 . )
D . betweenness Team Customer satisfaction
services teams
entanglement

Table 1. Case studies overview
Case study A — learning behavior and performance
This case study was conducted as a pilot in a health care organization to determine if activity

entanglement E,; between 53 team members of 11 medical innovation teams could predict

performance and learning behaviors.
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Figure 6. Entanglement correlation with Figure 7. Entanglement correlation with learning
performance behavior
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The performance and learning behaviors of each team was rated and triangulated every other
month for the duration of a year by three overall project managers. They individually rated the team
performance and the capability of a team to learn new things. At the same time, all e-mails of the
project members were collected and analyzed. Individual activity entanglement of each actor with
all other actors was calculated, and then the average was taken for each actor. Finally, for each team

average and standard deviation of activity entanglement over all team members was computed.

We find that team performance and learning behavior are significantly correlated with the
standard deviation of activity entanglement of team members, as shown in Figure 6 and Figure 7
(which show a scatter plot of the two metrics, with a fitted regression line). The Pearson’s correlation
coefficient of the standard deviation of activity entanglement of team members with team
performance is .615 (p = .045) and with learning behavior is .707 (p = .015). In other words, the
wider the spread in activity entanglement E, of the team members, the higher their performance and
learning behavior. This pattern corresponds to a few core team members being strongly entangled,
and the remaining members showing weak E,. We also notice that moderate dispersion of
entanglement is associated to higher variability in performance scores. This could be explained by
control variables we could not collect in this study due to limited data availability. Alternatively, it
could suggest that in order for performance to be high, few employees have to take a strong group

lead, guiding the others towards a common goal.
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Case study B — turnover prediction

In our second case study, we conducted a pilot study at a global professional services firm. In
this case we wanted to evaluate the possible association of entanglement with executives’ decision to
leave the firm, through voluntary resignation. Turnover of highly important employees such as senior
executives is critical for companies, because it has negative implications for firm performance

(Hancock et al., 2013; Zylka and Fischbach, 2017).

17500

:
Average messages per day
——

Y Ty Ty ey, g % O e,
Figure 8. Communication activity by time

Eight months of e-mail data of 113 senior executives at a large global services company was
collected from May to December 2014 (see Figure 8). We calculated activity entanglement E, of 55
employees who left the firm from January to May 2015. To determine the inequality in entanglement,
we also calculate the Gini index of E,, for each person (from an ego perspective) in the network,
considering her /his entanglement with all other peers. The Gini index measures the dispersion of
entanglement scores of a social actor with all others in the network. In an “egalitarian” network with
low Gini index for each node, all actors are either highly or weakly entangled, in a “non-egalitarian”
network with high Gini index some actors are highly entangled, while others are weakly entangled.
This was compared with the activity entanglement E, of a control group made of 58 employees, who

were selected randomly and still working in an unterminated position at the firm in June 2015.

From a preliminary t-test, we immediately notice that there is a significant difference in the Gini

index of activity entanglement, between senior executives who leave the company (M = .457, SD =
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.070) and those who stay (M = .488, SD = .059), t(111) = -2.513, p = .013. On average, Gini

entanglement is significantly higher for those who stay.

Past studies have shown that managerial disengagement might depend on multiple factors and
that communication-based and social network analysis metrics, captured from e-mail communication,
can reveal it (Gloor et al., 2017b). Accordingly, we present Pearson’s correlations (in Table 2) and
logistic regression models (in Table 3), to see if the effect of the entanglement variable remained
significant when combined with other predictors. The highest correlation of entanglement is with
contribution index, which however does not lead to collinearity issues. A high contribution index is
an indication for “spammers”, the higher the contribution index, the more somebody sends compared
to receiving e-mail. If there is a spammer, s/he will be entangled with many, while others who are
sending much less, will thus be less entangled. This results in a high Gini entanglement for that

person. Extending this effect to all users will lead to high correlation between the two values.

1 2 3 4 5 6 7 8 9 10 11 12
1 Leaver (1 = yes) 1
2 Rank .056 1
3 Tenure .032 .067 1
4 TSLP -.018 -.012 534”1
5 Msg sent -.050 114 196 -014 1
6  Msg received .040 208" 129 -.123 632 1
7 CI -.168  -.040 131 .039 .626™ 219" 1
8 Reach 2 .024 306™ 208" -.137 4317 554" .310™ 1
9 Betweenness .092 221" 185 .106 445 -.018 279" .236" 1
10 Alter ART .071 -109  -.060 2317 -199"  -.216" -.176 -416™  -.060 1
11 Ego ART 233" -216°  .011 066 -.227°  -.210" -.388 -.3577  -.066 .529™ 1

12 Gini entanglement -.232" .014 .083 -044 7417 554" 840" 422" 208" -.243" -3427 1

*p < .05; ¥ p < .01

Table 2. Correlations for leavers

Variable Model 1 Model 2 Model 3 Model 4 Model 5
Rank 0.40740 0.30430 0.06247 0.32153 0.10214
Tenure 0.00146 0.00184 0.00094 -0.00039 -0.00403
TSLP -0.00080 -0.00004 0.00012 0.00036 0.00148
Msg sent 0.00007 -0.00036 -0.00047 -0.00033
Msg received 0.00013 0.00049 0.00056 0.0016226**
CI -0.91878 -0.76631 -0.23275 3.326418**
Reach 2 -0.00017 0.00074 0.00037
Betweenness 0.00004 0.00004 0.00005
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Alter ART -0.00313 -0.00891

Ego ART 0.021418* 0.0299733**
Gini entanglement -35.02065**
Constant -0.62053 -1.12106 -0.72954 -1.64071 16.28513**

Pseudo R-squared 0.00470 0.02930 0.04970 0.08420 0.17960

*p <.05; *Fp < .01
Table 3. Logistic regression for leavers

We first tested a model with only the control variables of rank, tenure, and time since last
promotion (TSLP) measured in months. In the subsequent models, we added the other predictors in
blocks showing, in Model 4, that the only significant predictor, before adding entanglement, is Ego
ART. This suggests that managers who leave the company are less responsive to e-mails and take
more time to answer. In the full model, Ego ART, messages sent, contribution index and Gini activity
entanglement are significant. Including this last predictor in the model leads to a significant
improvement of the McFadden’s pseudo-R-squared, which more than doubles (going from .08 to .18).
As we can see from Model 5, a higher entanglement makes the probability of leaving the company

smaller.

To evaluate the possibility of using the entanglement variable for making predictions, we used
machine learning. In particular, we used a tree boosting model named CatBoost and its related
Python library (Prokhorenkova et al., 2018). This boosting approach is now well-known and proved
its usefulness in past research, where it also sometimes outperformed other supervised machine
learning methods, such as Support Vector Machines (SVM) and Random Forest Models (Huang et
al., 2019). The model performance has been assessed through Monte Carlo Cross Validation
(Dubitzky et al., 2007), with 300 random splits of the dataset into train and test data (75% vs 25%).
Thanks to the contribution of our variables, we could achieve an average accuracy of predictions of

80.25%, with an average value of the Area Under the ROC-Curve (AUC) of 0.81.

In a second step, we considered the average model resulting from cross-validation and used it to
interpret the impact of each variable on predictions (calculated as the average of its absolute Shapley
values). We used the SHapley Additive exPlanations (SHAP) Python package (Lundberg and Lee,
2017). This method proved to be particularly suitable for tree ensembles and to work well also with
respect to other approaches (Lundberg et al., 2020, 2018). As Figure 9 shows, the Gini index of

activity entanglement is the variable with the highest impact on model predictions. Its contribution
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is much higher than all other variables, again supporting the importance of this metric. At the second
place, we find Ego ART. Results are consistent with those of logit models and indicate that managers
who are slower in answering e-mails, and have low Gini entanglement, are more likely to leave the
company. Low Gini entanglement means that they show constant levels of entanglement, either being
entangled with almost nobody or everyone — a situation that might be stressful to maintain, especially
when associated with email overload (Reinke and Chamorro-Premuzic, 2014). Average/high levels of
Gini entanglement, on the other hand, have a positive impact on the prediction of staying in the
company. This means that these managers show uneven entanglement, being highly entangled with
some colleagues, while being weakly entangled with others. The probability of staying in the company

is even higher for average entanglement values.

High
Entanglement — = ——
Ego ART T
Msg. Sent Sl |
Cl -
Msg. Received - iy - 3
Tenure - - - ‘>:
Reach-2 - < %
Alter ART -t 9
Betweenness - - 4P
TSLP - -
Rank - -
Low

SHAP Value

Figure 9. SHAP values (prediction of leavers)
Case study C — employee performance

We analyzed the e-mail interactions of 81 managers working for a big international services
company. Every year the performance of managers was evaluated by their bosses and by the HR
department. Whereas the rating of almost all of these managers was “exceeded expectations” for the
year 2015, we noticed that 15 of them obtained a lower rating. Like in the case study B of resigning
senior executives, we were interested in understanding if entanglement could be related to individual

work performance. Carrying out a t-test, we could see that there is a significant difference between
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the Gini coefficients of betweenness entanglement Ep scores of top (M = .508, SD = .061) and low

(M = .469, SD = .028) performers, #(79) = 2.432, p = .017.

As we did for leavers in case study B, we additionally built logistic regression models to assess

the combined impact of variables on the probability to be a low performer. Pearson’s correlations

among our predictors are presented in Table 4. The highest correlation of entanglement is again with

contribution index, but this time lower than case study B.

1 2 3 4 5 6 7 8 9 10 11

1 Low Performer (1 = yes) 1

2 Tenure .238" 1

3 TSLP 153 178 1

4 Msg Sent -.070 175 .060 1

5 Msg Received .084 .080 .190 .186 1

6 CI -074 206  .066  .731""  .180 1

7 Reach 2 -038 2377 .004 200 4927 2277 1

8 Betweenness -082 157  -.039  .844™ -031 5177 228" 1

9 Alter ART -.136 -.118 -.180 154 -.171 134 -.264" .046 1
10 Ego ART -139  -155 -188  -.024  -.125 .021 -276"  -.068 406" 1
11 Gini entanglement -264"  -.085  .007 A484™ 208 548" 234" 334" -.024 18 1
*p < .05 ¥*f p < .01.
Table 4. Correlations for low performers
Variable Model 1 Model 2 Model 3 Model 4 Model 5
Tenure 0.0105286* 0.011992** 0.0138258** 0.0134347** 0.0128212*
TSLP 0.01189 0.01115 0.01266 0.01019 0.00714
Msg Sent -0.00030 -0.00166 -0.00170 -0.00196
Msg Received 0.00036 0.0017504* 0.0017746* 0.0020867*
CI -0.44577 1.60707 1.69432 2.958886*
Reach 2 -0.00006 -0.00088 0.00144
Betweenness -0.0104667** -0.0101837** -0.0085401*
Alter ART -0.00636 -0.01227
Ego ART -0.00733 0.00157
Gini entanglement -26.67039%*
Constant -3.053 5%k -3.608166*** -2.26197 -1.44970 10.88953
Pseudo R-squared 0.06980 0.09900 0.22400 0.23140 0.28030

*p < 10; ¥ p < .05; FFKp < .01; FFFFp < .001.
Table 5. Logistic regression for low performers
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As Table 5 shows, in the full model the p-value of Gini entanglement is only < .1; however, the
inclusion of this variable leads to a good improvement of the McFadden’s pseudo-R-squared, from
2314 (Model 4) to .2803 (Model 5). A significant performance improvement is also obtained by
including weighted betweenness centrality.

High

Tenure

Betweenness
Entanglement
Msg. Received
Msg. Sent
Reach-2

Feature Value

Ego ART
Alter ART
TSLP

Cl
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SHAP Value

Figure 10. SHAP values (prediction of top performers)

The usefulness of the entanglement predictor is confirmed by the results of the CatBoost model
that we trained to classify managers into top and low performers. We followed the same procedure
as in the previous case study B — i.e., a Monte Carlo cross-validation with 300 repetitions — and
obtained good average results (Accuracy = 74,73%, AUC = 0.68). Figure 10 shows the Shapley
values associated with each predictor. For an easier reading, we coded top performers as 1 and low
performers as 0 (here the model is predicting top performers, which is exactly symmetrical to the
choice of predicting low performers that we did in Table 5). Tenure, betweenness centrality and
entanglement are the most important predictors — with high Gini coefficient of betweenness
entanglement and high betweenness centrality significantly increasing the chance of being classified
as a top performer. These managers are highly entangled with some colleagues, and weakly entangled
with others — demonstrating selective communication behavior with close collaborators, while being

efficient with their time and communicating comparatively less with the rest of the organization.
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Regarding tenure, we observe the opposite effect, with recently hired employees generally receiving

better ratings.

Case study D — customer satisfaction

In this case study, we show that entanglement is significantly related to team performance,
measured as customer satisfaction through the Net Promoter Score (NPS). 13 teams within the
company participated to our study, comprising a total of 82 managers. Each team was dedicated to

a specific client.

We measured betweenness entanglement of each team by taking the group betweenness

entanglement of each member and considering group dispersion by means of the Gini coefficient.

We find that high group betweenness entanglement inequality is positively related to team
performance — this time measured as customer satisfaction. Running a Pearson’s correlation test, we
find a significant association of Gini group betweenness entanglement with team performance (r =
522, p = .002). For each team we have repeated measures over three time periods. Therefore, we
used multilevel linear models (Hoffman and Rovine, 2007; Nezlek, 2008; Singer and Willett, 2009) as
a more appropriate technique to evaluate the possible effect of entanglement on customer satisfaction.

We nested repeated measures into groups (level 2). Results are presented in Table 6.

Model 1 Model 2
Gini Group Betweenness Entanglement 0.6418315*
Constant 0.5244776*** 0.2869091*
Variance L2 0.0655537 0.0455178
Variance L1 0.020654 0.0211838
Variance Change L2 -30.56%
Variance Change L1 2.57%

Note. *p < .05; *** p < .001.
Table 6. Multilevel models for customer satisfaction (N = 34, with 138 groups)

As the table shows, the biggest variance proportion can be attributed to team characteristics:
the intraclass correlation coefficient is 0.7604, meaning that 76% of the empty model variance is at
level 2 (Model 1). Including the entanglement variable in the model (Model 2) reduces this variance
of 30.56%, which is a highly significant result for a single predictor. The higher the inequality in

group betweenness entanglement is, the happier the customer is. Similarly to case study A, this
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confirms that selective communication of teams, where some team members are highly entangled and

others are not, leads to happier customers.

Discussion and conclusions

In this study, we propose a novel synchronization metric, called entanglement, which is based on
SNA of e-mail communication between different actors. We demonstrate with four case studies on
real-world datasets that this metric and its variants are a good predictor of different individual and
team performance indicators (a summary of our results is provided in Table 7).

Case Dependent Result summary

study Variable
A Team performance The wider the spread in activity entanglement of the team members, the higher the

and learning behavior ~ team performance and learning behavior. This corresponds to having some core team
members strongly entangled and the remaining members weakly entangled.

B Employee turnover The Gini index of activity entanglement is the variable with the highest impact on
model predictions. Employees who stay in the company have high Gini
entanglement probably using selective communication and interacting more with
some colleagues than with all others. They are also more responsive to emails and
take less time to answer.

C Individual Tenure, betweenness centrality and Gini entanglement are the most important

performance predictors of top performers. — with high Gini index of betweenness entanglement
and high betweenness centrality significantly increasing the chance of being classified
as a top performer.

D Customer satisfaction ~ The Gini index of group betweenness entanglement for teams, is related to customer
satisfaction. The higher the inequality in group betweenness entanglement is for a
team, the happier its customer is. This means that customers are happier when a
few entangled leaders emerge in the team.

Table 7. Case study results summary

Firstly, we find that dispersion of activity entanglement is positively associated with team
performance. This means that the synchronized communication activity of some team members and
their continuous similar flow state improve the performance of the team. These findings resemble
studies showing that e-mail communication and face-to-face communication frequency (Patrashkova-
Volzdoska et al., 2003), and flow in knowledge work (Quinn, 2005), can both lead to higher team
performance. It also seems that the best teams exhibit higher dispersion, comprising highly entangled
team members and more peripheral ones. Teams might benefit from strong leadership of few selected

individuals that can guide and inspire others.

With regard to employees disengagement, other studies have already shown that communication-
based metrics of SNA can support the prediction of voluntary turnover (de Oliveira et al., 2019;
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Gloor et al., 2017b). We have proven that our proposed metric entanglement can also predict

individual employee turnover and might help such studies to improve their model quality.

Secondly, we show that the Gini coefficient of betweenness entanglement, as well as betweenness
centrality, are associated with individual employee performance. A high Gini index of betweenness
entanglement significantly increases the chance of being a top performer. This means that focused
communication — communicating intensively and highly synchronized with a few select colleagues,
while reducing communication with the rest of the organization — is an indicator of high performance.
Our findings are consistent with past research (Brass, 1984; Mehra et al., 2001; Sparrowe et al., 2001)
showing that network centrality is positively related to individual performance. However, the
important part of our metric is that synchronization with others has a positive impact on individual
performance, and not only having central social position. Centrality alone may not be enough to
explain individual performance (Reinholt et al., 2011) and we address this issue with the betweenness
entanglement metric. Furtherly, we found that low tenure also has a positive influence on individual

performance.

Thirdly, inequality of group betweenness entanglement in teams positively influences customer
satisfaction. The company in case study D considers customer satisfaction as a proxy for team
performance. Our findings suggest that the stronger leaders with high entanglement emerge in groups,
the happier the customer is. This means we have strongly entangled leaders who influence team
dynamics over time, while the rest of the team is rather passive. While Mukherjee (2016) reveals a
positive relationship between centralized leadership and sport teams’ performance, Mehra et al.
(2006) suggests that distributed leadership structures can differ with regard to important structural
characteristics, and these differences can have positive or negative effects (Cummings and Cross,

2003) on team performance.

This study contributes to research and practice. First, we contribute to synchronization and flow
state research by providing a novel metric for determining communication synchronization in working
environments. We validated this metric through four case studies in different business contexts. Flow
state research can use our metrics to measure team flow not only by conducting surveys but also by

using SNA and taking communication into account. Further, we contribute to human resources (HR)
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research in providing a novel metric for analyzing employee communication and behaviors. Employee
communication is a critical factor for good collaboration and employee and team performance (Gloor
et al., 2020; Wen et al., 2019), thus using a new metric of communication dynamics might open new
research opportunities. On the other hand, decision makers, such as HR managers, could act as
interventionist (Valente, 2012) and use this metric to identify weak and strong entangled actors in
the communication network of a team or in the entire company. Thus, HR managers might use this
metric to improve performance appraisal systems, anticipate disengagement and improve hiring and
retention strategies. Combining novel metrics of e-mail communication analysis with long-established
methods to assess employees’ satisfaction (like surveys), HR managers can offer improved
organizational initiatives, such as mentoring programs or cross-staffing, or retention strategies. The
entanglement metric described in this paper has the potential to help managers to better understand
the nature of employee online communication at their particular organization. This might lead to a
rethinking of team design and building in the specific organization, which could ultimately lead to

improved communication and collaboration and might support the identification of cohesive groups.

Nevertheless, e-mail communication analysis combined with SNA raises some ethical concerns.
HR managers need to make sure that metrics gathered from such analysis are seen as a support for
HR decision making, and not as the holy grail for automated decision making (ADM), without
questioning the analysis results. False positives or false negatives can occur and emphasize the
supportive character of our metric for HR decisions. The goal of our analytical approach is to support
general improvement of group performance and employees’ wellbeing, also through the recovery of
low-performers. There is potential value for senior leaders in monitoring aggregate behaviors, to
understand if there are possible waves of disengagement and address them early at the organizational
(if not individual) level. In addition, the entanglement metric offers an opportunity for virtual
mirroring sessions (Gloor et al., 2017a), where groups and individuals have the chance to self-reflect
on their virtual interactions and communication styles. Through virtual mirroring, employees become
aware of their online behavior and this usually triggers change, leading to an improvement in

communication and performance (“A Novel Way to Boost Client Satisfaction,” 2019).

Future studies might also take body measures like heart rate or body movement into account to

determine synchronization and flow state during real-time communication (e.g., online/offline team
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meeting). Nowadays, it is technically easy to collect such data e.g. via smart wearables (Gloor et al.,
2018). However, we are aware of the difficulty to use such smart devices in an organizational setting,
because of security, privacy, and legal issues. Besides e-mail, employees increasingly use instant
messaging tools like Slack or Microsoft Teams. Such tools provide application programming interfaces
(APIs) for accessing communication data. Researchers could use that data to build a communication
network and follow the analytical approach we presented. In general, our conceptualization of
entanglement could be extended to other network measures — such as group betweenness centrality
as formalized by Everett and Borgatti (Everett and Borgatti, 1999) — or to other aspects of social
interaction — such as measuring synchronicity in the emotions of people who carry out similar
activities. In future research, we additionally plan to compare our results with those of other possible

approaches to the study of temporal networks (Falzon et al., 2018; Holme and Saramiki, 2012).

Our study has some limitations that should be taken into account. While the evidence supports
guidance for new research agendas, our analysis is limited to the contexts of the case studies and the
available datasets. It will be important to replicate our analysis in organizations of different
industries, also considering different job descriptions and hierarchical positions of employees. We
included the entanglement calculation in the SNA tools Condor and Griffin, which are free to use for
academics in order to facilitate replicability. Further, other social network metrics could be
considered to extend our definition of entanglement. For example, additional interaction patterns
could be taken into account, developing metrics that specifically look at who communicates with
whom. This could be particularly relevant when additional information about nodes is available,
other than the social network structure. In addition, we advocate future studies to more deeply
investigate the relationship of entanglement with other social network metrics, both time-variant and

time-invariant.

Building upon existing synchronization and flow state literature from different disciplines, we
showed that the idea of synchronization and flow state can be used together to develop new metrics
— based on methods and tools of SNA. Note that social entanglement is an indicator of behavior,
with no definitive claims about cause and causality. Just as with quantum entanglement, much more
research will be needed to fully “untangle” the origin of social entanglement. Nevertheless, the findings

from our four case studies give evidence to the potential of our proposed entanglement metric. We
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position our research as a starting point for further HR-related analyses, which consider employees’
social interactions and communication, with the goal to improve and optimize collaboration, leading

to more satisfied employees and customers.
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