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ABSTRACT

The vitality of socio-technical networks, like online communities and social 

networks, is predominantly dependent upon active member participation. In most socio-

technical networks a minority of members participate more than others and thus play key 

roles that sustain the value of the network. The overarching objective of this study was to 

extend the understanding of how to better facilitate socio-technical networks through 

examining the emergence and evolution of key role players in such networks. To 

accomplish this goal an exploratory case study approach was chosen, involving an in-

depth, longitudinal examination of a single socio-technical network investigating the key 

roles of content contributors, opinion leaders, and boundary spanners. Log data gathered 

through the socio-technical network platform over a period of two years were analyzed to

identify network members who played key roles, study their actions and interactions in 

the system from their first day of membership, develop predictive models for each key 

role based on the findings, and finally test the potential of these models for predicting 

which new members will become valuable members in the network. The study 

discovered that key role players start playing the key roles almost immediately after 

joining the socio-technical network, thus making it difficult to predict who will play key 

roles. However, a minority of members play key roles over a longer period of time, and 

the study found that is possible to a certain extent to predict who will become such long-

term key role players. It was also established that it was relatively common for members 

of the socio-technical network to play multiple key roles, both over time and 

simultaneously, which led to developing a composite role framework for future studies of

member role composition, distribution, and evolution in socio-technical networks.
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1. INTRODUCTION

Over the past decade there has been a dramatic global growth in popularity of 

socio-technical networks like Facebook (“Facebook,” 2004), Twitter (“Twitter,” 2006), 

and Pinterest (“Pinterest,” 2011). By August 2012, 69% of the adult US online population

used socio-technical networking websites on a regular basis, and more than 20% of their 

total online time was spent visiting socio-technical networking websites (Pew Internet & 

American Life Project, 2012). It has become an integral part of the daily lives of people 

across the World to log in to socio-technical networks to communicate, share 

information, and engage with others (Nielsen, 2012). This popularity of socio-technical 

networks is not limited to large global social media sites. The phenomena also includes a 

large and growing number of smaller special interest networks and communities, as well 

as socio-technical networks supporting information sharing, coordination, and 

collaboration across and within individual organizations and businesses. This massive use

of socio-technical networks has provided us with an unprecedented opportunity to 

develop and evaluate models of social phenomena to better understand human interaction

via technology and better inform the design of new technology applications (Kleinberg, 

2008). 

Developing, managing, and hosting socio-technical networks like computer 

mediated social networks, online communities, and virtual groups often require a lot of 

resources and time, hence making it important to owners and managers of these networks

that they succeed. Member participation is fundamental to the success of a socio-

technical network, both for the vitality of the network as well as for its growth and 

recruitment of new members (B. S. Butler, 2001; Lazar & Preece, 2002; Ma & Agarwal, 

2007). While members of socio-technical networks may participate in various ways and 

degrees, some members play key roles in sustaining the value of the network for others 

by being more active in contributing, sharing, and distributing information. These 

members often make up a minority of the given socio-technical network's population, and

their activities make them more important to the network's success than other members 
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(Rowe & Alani, 2012; Wu, Hofman, Mason, & Watts, 2011). The goal of this study was 

to extend the understanding of how to better facilitate successful socio-technical 

networks through examining the emergence and evolution of three key member roles in 

such systems: content contributors, opinion leaders, and boundary spanners. 

The remainder of this introduction section will briefly present concepts central to 

the study, the rationale and objective of the research, as well as the research questions. 

The following literature review will discuss central concepts like socio-technical 

networks and roles more in-depth and introduce research perspectives and methods 

previously applied to this area. Then there will be an introduction of the data set used for 

the study followed by a detailed description of the methods employed. Finally, the 

findings are presented and discussed, and the conclusion section describes potential 

contributions and significance, limitations of the study, and list some suggestions to 

future research in this area.

1.1. Central concepts

Socio-technical networks are technology mediated social networks consisting of 

people using some sort of technology platform to communicate and share content. Roles 

in socio-technical networks are a collection of similar structural positions held by a group

of independent people within the socio-technical network based on their engagement in 

similar structural interactions. Each member of the socio-technical network has an 

individual membership trajectory consisting of their structural interactions within the 

socio-technical network context over time. A member's role in a socio-technical network 

emerges and evolves over time as the interactions in her membership trajectory forms 

temporary structural positions related to roles. Role retention refers to a member playing 

the same role repeatedly over time.

1.2. Research rationale and objective

The success of a socio-technical network is often defined by a high level of 

member activity (Preece, 2000), and this activity level is affected differently by the 

various roles individual members may play within the context of the network. This study 
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investigated three such member roles that may be considered key to the success of socio-

technical networks. The first key role studied is the role of content contributor, the type 

of socio-technical network members who are generally responsible for posting most of 

the content (Beamish, 2010), thus contributing to the quantity of information available to 

members of the network. The second role investigated is the role of opinion leader, 

defined as an individual to whom other members of the socio-technical network turn to 

for information (E. M. Rogers, 1964), therefore contributing to the quality of the 

information available to members of the network. A third key role examined in this 

project is the role of boundary spanner. These are individuals who are active on both 

sides of a group boundary, which places them in a position to potentially bring 

information from external sources into the group (Aldrich & Herker, 1977), thus 

contributing to the distribution of the information available to members of the network. 

This study identified key role players and studied their patterns of activity and 

interactions with other members and artifacts in a socio-technical network from the very 

first time they entered the network throughout the following 34 weeks. Activity and 

interaction patterns for individual members in the socio-technical network were broken 

up in time segments from which a member's temporary role in the network was derived. 

The combination of these temporary roles and their change over time made up the 

individual members' membership trajectories within the given socio-technical network. 

While a complete membership trajectory spans the entire time a given individual is a 

member of the socio-technical network, the member often plays a key role in the network

for only a part of this time. By extending our understanding of socio-technical network 

members' trajectories related to playing key roles and applying this knowledge to the 

design, management, and facilitation of socio-technical networks we may be able to 

contribute to the increased success of such networks. 

Even though extensive research has previously been conducted on opinion 

leaders, boundary spanners, and content contributors there has been little or no research 

done regarding how these roles emerge and evolve over time in a socio-technical 

network, or to what extent they may overlap and be played by the same individuals. To 

extend our knowledge about these roles this study investigated how opinion leaders, 
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boundary spanners, and content contributors emerge, evolve, and overlap in a socio-

technical network. 

The overarching research objective was the early identification of socio-technical 

network members who are potentially more valuable to the network's success so that 

developers, designers, managers, and facilitators of socio-technical networks can plan 

and allocate their time and resources accordingly, supporting and nurturing their most 

valuable members.

1.3. Research questions

A review of the literature showed that there are many unanswered questions 

regarding the emergence and evolution of key member roles in socio-technical networks. 

The initial research questions guiding this study were as follows:

RQ1: What distinguishes the membership trajectories of emerging key member 

roles in socio-technical networks?

RQ1a: What distinguishes the membership trajectories of emerging 

content contributors in socio-technical networks?

RQ1b:  What distinguishes the membership trajectories of emerging 

opinion leaders in socio-technical networks?

RQ1c:  What distinguishes the membership trajectories of emerging 

boundary spanners in socio-technical networks?

Figure 1: membership trajectories of members playing emerging key roles (RQ1)
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RQ2: How can these trajectories be used to predict which socio-technical network

members are likely to fulfill key roles in socio-technical networks?

RQ2a: How can these trajectories be used to predict which socio-technical 

network members are likely to become content contributors?

RQ2b: How can these trajectories be used to predict which socio-technical 

network members are likely to become opinion leaders?

RQ2c: How can these trajectories be used to predict which socio-technical 

network members are likely to become boundary spanners?

RQ3: To what degree do key member roles in socio-technical networks overlap?

RQ3a: To what degree does the role of content contributor overlap with 

the role of opinion leader?

RQ3b: To what degree does the role of opinion leader overlap with the 

role of boundary spanner?

RQ3c: To what degree does the role of boundary spanner overlap with the 

role of content contributor?

Figure 2: predicting future key role players (RQ2)



16

1.3.1. Final versions of research questions 1 and 2

Due to findings early in this study, making the initial formulations of research 

questions 1 and 2 infeasible to address, these research questions were modified. Members

who played key roles were found to start playing these key roles almost immediately after

joining the socio-technical network. These findings will be discussed more in detail in 

later chapters. The final versions of research questions 1 and 2 are presented below.

RQ1: What distinguishes the membership trajectories of long-term key member 

roles in socio-technical networks?

RQ1a: What distinguishes the membership trajectories of long-term 

content contributors in socio-technical networks?

RQ1b:  What distinguishes the membership trajectories of long-term 

opinion leaders in socio-technical networks?

RQ1c:  What distinguishes the membership trajectories of long-term 

boundary spanners in socio-technical networks?

Figure 3: over time and simultaneous overlap in key roles (RQ3)
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RQ2: How can these trajectories be used to predict which socio-technical network

members are likely to fulfill long-term key roles in socio-technical networks?

RQ2a: How can these trajectories be used to predict which socio-technical 

network members are likely to become long-term content contributors?

RQ2b: How can these trajectories be used to predict which socio-technical 

network members are likely to become long-term opinion leaders?

RQ2c: How can these trajectories be used to predict which socio-technical

network members are likely to become long-term boundary spanners?

Figure 5: predicting long-term key role players (RQ2 modified)

Figure 4: membership trajectories of long-term key role players (RQ1 modified)
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2. BACKGROUND

“When computer networks link people as well as machines, they become 

social networks. Such computer-supported social networks are becoming 

important bases of virtual communities, computer-supported cooperative 

work, and telework.” (Wellman et al., 1996)

2.1. Socio-technical networks

Socio-technical networks have grown dramatically in the popularity over the past 

decade. The majority of the adult US online population (69%) use socio-technical 

networking sites on a regular basis, and more than 20% of their total online time is spent 

visiting socio-technical networking websites (Pew Internet & American Life Project, 

2012). This increasing popularity of socio-technical networks is not limited to large 

global social media websites focusing on growing broadly and exponentially, the 

phenomena also includes a growing number of smaller socio-technical networks 

explicitly aiming for smaller niche member populations (Boyd & Ellison, 2007). The 

plethora of smaller socio-technical networks supports activities like interest groups, 

knowledge sharing, gaming, and commerce (Hummel & Lechner, 2002). In addition to 

large and smaller globally accessible socio-technical networks, where membership is 

open to anyone who have access to the technology, socio-technical networks are also 

progressively utilized to support information sharing, cooperation, and collaboration in 

more closed quarters across and within individual organizations and businesses 

(Carpenter, Li, & Jiang, 2012; Richter & Riemer, 2009). 

As social and collaborative uses of information and communication technologies 

have emerged, there has been an ongoing debate among researchers from a broad range 

of disciplines on how to define, categorize, and label the systems they form. Terms like 

Online Communities (Rheingold, 1994), Online Social Networks (Wellman et al., 1996), 

and Social Media (Correa, Hinsley, & De Zuniga, 2010) are often used with both 

overlapping and contrasting definitions. Despite their differences there seems to exist a 
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shared understanding that these kinds of socio-technical networks consist of people using 

some sort of technology platform to communicate and share content related to common 

interests or needs (Andrews, Nonnecke, & Preece, 2003). 

With the explosive growth in socio-technical network usage globally (Nielsen, 

2012) there has been a surge in research in a wide variety of disciplines on phenomena 

related to socio-technical networks (Boyd & Ellison, 2007; Carpenter et al., 2012).

2.1.1. Measuring success in socio-technical networks

Developing, managing, and hosting socio-technical networks can require a lot of 

resources and time, thus making it important to owners and managers that these networks

succeed. Socio-technical network success metrics in general relate to the four factors of 

loyalty (retention of users), participation (active contributors), activity (number of posts) 

and social capital (connectivity) (Rowe & Alani, 2012). Activity, loyalty, and 

connectivity are all reliant on participation, making member participation fundamental to 

the success and vitality of socio-technical networks (Blanchard & Markus, 2004; B. S. 

Butler, 2001; Iriberri & Leroy, 2009; Kraut & Resnick, 2012; Lazar & Preece, 2002; Ma 

& Agarwal, 2007).

Figure 6: the three basic building blocks of socio-technical networks
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2.2. Membership in socio-technical networks

Many socio-technical networks are open for anyone with access to the supporting 

technology to join, while others, like internal socio-technical networks for organizations 

or businesses, often offer more exclusive memberships. Factors like literacy, technology 

skills, and language abilities may further limit an individual's access to a socio-technical 

network.

2.2.1. Membership life cycle

As a person first enters a given socio-technical network and develops and evolves 

her membership and involvement in the network, she may go through several phases 

making up a membership life cycle (Figure 7). These membership life cycle phases 

correspond to various roles the member may take on, where each role has defined 

transitions to successor roles (A. J. Kim, 2000; A. C. Sonnenbichler & Bazant, 2012; 

Andreas C Sonnenbichler, 2009).

In Sonnenbichler's (2009) membership life cycle model (Figure 7 and Table 1), 

Figure 7: membership life cycle roles (Sonnenbichler, 2009)
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visitors are individuals who have their first experience with the socio-technical network 

without creating a persistent identity. Not all technology platforms supporting socio-

technical networks allow individuals to visit before singing up and becoming a member, 

but for those who do this period of the membership life cycle allows for prospective 

members to find out more about the socio-technical network before deciding whether to 

join or not. Some may even choose to stay as an anonymous visitor to the socio-technical 

network and come back from time to time to visit. 

Once an individual has registered and received a persistent identity in the socio-

Figure 8: overview of community membership life cycle roles (Sonnenbichler, 2009)
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technical network she is considered a novice member. She still does not know much 

about the network and may explore it to learn more about other members, issues, rules, 

and culture. The novice role is a temporary role after which the member can choose to 

become an active member, a passive member, or leave the socio-technical network 

altogether. Active members are the lifeblood of socio-technical networks. They 

participate actively and connect with other members. Active members may stay active, 

transit to a more passive member role, become a leader, or leave the socio-technical 

network. Compared to the previous roles, leaders are characterized as having an activity 

above a certain threshold. They often connect to a lot of other members and have high 

commitment to the socio-technical network. 

This study originally aimed to explore in particular the time content contributors, 

opinion leaders, and boundary spanners spend as novice and active members before 

graduating to their leader roles (Research Question 1).

2.2.2. Member participation inequality

The most common member activity in socio-technical networks is lurking: 

observing other members' activity and consuming content posted by others without 

contributing anything back (Katz, J., 1998; Nonnecke & Preece, 2000). While the 

majority of members in a given social-technical network exclusively engage in such 

lurking activities, a small minority of the members contribute content and engage in 

information sharing activities that support the others consumption. This participation 

inequality (Bezzubtseva & Ignatov, 2012; Brandtzæg, 2012; Mislove, Marcon, Gummadi,

Druschel, & Bhattacharjee, 2007; Nielsen, 2006; Whittaker, Terveen, Hill, & Cherny, 

1998), and related concepts like the tragedy of the commons (Hardin, 1968) and the 

80/20 principle (Koch, 1999), are variations of the Pareto principle, a power law of 

cumulative distributions which has been observed across many disciplines (Newman, 

2005). In short, the Pareto principle claims that in many cases roughly 80% of the effects 

come from 20% of the causes. Jacob Nielsen (2006) suggests that as many as 90% of the 

members in socio-technical networks only engage in lurking activities, while 9% 

sometimes contributes content, and about 1% of members are responsible for the majority
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of activity and content. This participation inequality has been observed in Usenet groups 

(Whittaker et al., 1998), and as well as popular socio-technical networks like Twitter, 

where 0.05% of the user population is responsible for almost 50% of all activity and the 

top 10% of prolific users account for over 90% of all content contribution, and 

Wikipedia, where the top 15% users account for 90% of all content contribution (Heil & 

Piskorski, 2009; Priedhorsky et al., 2007; Wu et al., 2011).

The participation inequality in socio-technical networks demonstrates how a 

smaller minority of the members participate more and are therefore more valuable for the 

network's vitality and success. Some of the factors that have been shown to motivate and 

affect these members' participation in socio-technical networks include altruism, 

anticipated reciprocity, social recognition, the opportunity to learn, reducing isolation, 

technology platform quality, information quality, and a sense of community  (Fang & 

Chiu, 2010; Gray, 2005; Kollock, 1999; Sharratt & Usoro, 2003; Tedjamulia, Olsen, 

Dean, & Albrecht, 2005; M. M. Wasko & Faraj, 2005; Yoo, Suh, & Lee, 2002). It can be 

Figure 9: cumulative % users ranked by total contribution (Heil & Piskorski, 

2009)
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easy to identify the active minority based on their activity patterns in the socio-technical 

networks. However, this study aimed to go a step further and identify key role players in 

socio-technical networks before their activity patterns indicate that they already are a part

of this valuable minority (Research Question 2).

2.3. Member roles in socio-technical networks

Socio-technical networks, like other social structures, are comprised of people 

who engage in different social activities at various degrees. Gleave, Welser, Lento, and 

Smith (2009)  proposed that roles in socio-technical networks are a combination of social 

psychological, social structural, and behavioral attributes that can be identified, 

measured, and analyzed. In socio-technical networks supporting offline organizations and

social structures the individual members' roles typically reflect their preexisting and 

assigned roles offline (Kavanaugh, Carroll, Rosson, Zin, & Reese, 2005), while in socio-

technical networks that are not tied to specific external organizations members' roles 

emerge and evolve within the given network context. Such emergent socio-technical 

network member roles was the focus of this study.

Members in socio-technical networks who are engaged in similar structural 

interactions within the network context may be defined to play the same member role. 

The overall member role composition in a given socio-technical network may indicate the

nature of the network (Fisher, Smith, & Welser, 2006) and how healthy it is (Angeltou, 

Rowe, & Alani, 2011). Over the past decade, research has been conducted on a wide 

variety of emergent member roles in socio-technical networks. Table 1 provides an 

overview of some of the roles that are often found across various types of socio-technical 

networks and some of the studies investigating them.
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Role Functional definition Relevant studies

Advanced A member who is frequently 

engaged in a multitude of 

activities, such as socializing, 

debating, and contributing.

Brandtzæg (2012)

Brandtzæg & Heim (2011)

Boundary Spanner

(aka. Bridge, 

Broker)

A member who engages in 

communication or behavior 

across group or network 

boundaries.

Barcellini, Detienne, & Burkhardt (2009)

Fleming & Waguespack (2007)

Kavanaugh, Caroll, Rosson, Zin & Reese 

(2005)

Schlager, Farooq, Fusco, Schank & 

Dwyer (2009)

Celebrity An outstanding  member who 

frequently contributes content 

and also displays high 

competence.

Bezzubtseva & Ignatov (2012)

Golder & Donath (2004)

Content Contributor

(aka. Contributor, 

Frequent 

Contributor, Poster,

Active)

A member who frequently 

contributes content.

Beamish (2010)

Donath (1999)

Liao & Chou (2012)

Mo & Coulson (2010)

Muller, Shami, Millen & Feinberg (2010)

Nielsen (2006)

Tedjamulia, Olsen, Dean & Albrecht 

(2005)

Socializer 

(aka. Mingler, 

Conversationalist)

A member who is mainly 

engaged in social interaction 

with other members.

Brandtzæg (2012)

Brandtzæg & Heim (2011)

Jepsen (2006)

Creator A member who contributes 

original ideas and content.

Bezzubtseva & Ignatov (2012)

Debater A member who is mainly 

engaged in debating and 

discussion of issues.

Bezzubtseva & Ignatov (2012)

Brandtzæg (2012)

Brandtzæg & Heim (2011)
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Role Functional definition Relevant studies

Evangelist A member who functions as a 

core connector between those 

with similar interests.

Thom-Santelli, Muller, & Millen (2008)

Expert

(aka. Answer 

People)

A member who displays 

competence in answering other

member's questions.

Pal, Harper & Konstan (2012)

Pal, Farzan, Konstan & Kraut (2011)

Welser, Gleave, Fisher & Smith (2007)

Flame Warrior 

(aka. Flamer)

A member who uses 

aggressive language and 

controversial speech with the 

aim of causing disruption.

Golder & Donath (2004)

Lurker

(aka. Inactive)

A member who is consuming 

content and observing 

activities, but not contributing.

Beamish (2010)

Bezzubtseva & Ignatov (2012)

Brandtzæg (2012)

Brandtzæg & Heim  (2011)

Golder & Donath (2004)

Liao & Chou (2012)

Mo & Coulson (2010)

Muller, Shami, Millen & Feinberg (2010)

Nielsen (2006)

Nonnecke & Preece (2000, 2001, 2003)

Panciera, Priedhorsky, Erickson & 

Terveen (2010)

Preece, Nonnecke & Andrews (2004)

Tedjamulia, Olsen, Dean & Albrecht 

(2005)

Newbie A new member who is still 

unfamiliar with the socio-

technical network's norms and 

culture.

Boostrom (2008)

Golder & Donath (2004)
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Role Functional definition Relevant studies

Opinion Leader 

(aka. Influential, 

Thought Leader)

A member who displays 

competence and who others 

look to for high quality 

information and advice.

Cha, Haddadi, Benevenuto & Gummandi 

(2010) 

Ghosh & Lerman (2010)

Huffaker (2010)

Lee, Kwak, Park & Moon (2010)

Li & Du (2011)

Lyons & Henderson (2005)

Song, Chi, Hino & Tseng (2007)

Watts & Dodds (2007)

Weng, Lim, Jiang & He (2010)

Zhai, Xu & Jia (2008)

Zhang & Dong (2008)

Ranter 

(aka. Mission 

Poster)

A member who contributes with

exceptional frequency and 

volume on a very particular 

issue or issues.

Golder & Donath (2004)

Sporadic

(aka. Tourists)

A member who participate 

infrequently and at a low level.

Bezzubtseva & Ignatov (2012)

Brandtzæg (2012)

Brandtzæg & Heim (2011)

Jepsen (2006)

Nielsen (2006)

Troll A member who feigns honest 

participation with the aim of 

causing disruption.

Golder & Donath (2004)

Herring, Job-sluder, Scheckler & Barab 

(2002)

Table 1: previous research of roles in socio-technical networks

While Table 1 is not intended to be a comprehensive list of all member roles in 

socio-technical networks proposed and investigated in the past decade, it includes some 

of the more general roles studied. In addition to these roles, some researchers have 

studied member roles that are less applicable to socio-technical networks in general and 

more particular to the type of socio-technical network examined. Examples of these are 

Technical Editors, Vandal Fighters, and Substantive Experts in Wikipedia (Welser et al., 

2011), and Uploaders in file sharing networks (Muller et al., 2010). This study focuses on
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three member roles that are general to most socio-technical networks and that are 

particularly important to a given network's activity level and thus its success. These roles 

are content contributor, opinion leader, and boundary spanner, and will be discussed more

in detail later in this chapter.

While much research on emergent member roles in socio-technical networks have

been focused on one or a few particular roles of interest there have been some studies 

aiming to develop comprehensive role typologies. Considerable research efforts have 

been aimed at studying the dual role typology of Contributors and Lurkers (Beamish, 

2010; Liao & Chou, 2012; Mo & Coulson, 2010; Muller et al., 2010; Tedjamulia et al., 

2005), while more complex role typologies have also been proposed both based on meta-

analysis of research on roles in socio-technical networks as well as studies of actual 

socio-technical network users (Bezzubtseva & Ignatov, 2012; Brandtzæg & Heim, 2011; 

Chan, Hayes, & Daly, 2010; Golder & Donath, 2004; Strijbos & De Laat, 2010). The role

definitions and typologies proposed in previous studies of member roles in socio-

technical networks are often defined by a mixture of role functionality, activity pattern, 

and activity frequency. Common to many of these studies, whether they are focusing on 

individual member roles or typologies of member roles, is that they assume that an 

individual member only plays one particular social role in a given socio-technical 

network context. This study aimed to challenge this assumption of role exclusivity by 

investigating the possible existence of role overlap (Research Question 3).

2.3.1. Lurkers – the most common members

The most common member role in socio-technical networks is the Lurker. Lurkers

are members who for various reasons do not contribute content or participate actively in 

the socio-technical network but rather silently consume and observe what other members 

share and do (Nonnecke & Preece, 2001). Lurkers are not in general egoistic free-loaders 

who take but don't give back (Preece et al., 2004), and their behavior is shared by active 

members who also engage in network exploration, content consumption, and activity 

observation in addition to contributing (Muller et al., 2010). Lurkers are often attracted to

socio-technical networks when looking for quality information and seeking to broaden 
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their view point (Tedjamulia et al., 2005). And while some lurkers may be engaged in 

educational lurking, exploring and observing the socio-technical network before deciding

whether to become an active member (Panciera et al., 2010; Wenger, McDermott, & 

Snyder, 2002), others may remain in the lurker role (Nonnecke, Andrews, & Preece, 

2006). Although lurking has been found to be less satisfying than active participation it 

has similar rewarding outcomes (Mo & Coulson, 2010) where lurkers can perceive 

themselves as part of the network like more active members (Nonnecke et al., 2006). 

While lurkers can sometimes make up an overwhelming majority of a socio-technical 

network, factors like the size and nature of the network determine what portion of its 

members are lurkers.

2.3.2. Key role players – the most valuable members

While lurkers limit their engagement in socio-technical networks to consuming 

and observing the remaining network members are actively contributing and sharing 

content. As discussed earlier, the active members may play a variety of roles which all 

potentially contribute to some aspect of the socio-technical network, but there are some 

key roles that stand out in their importance to the networks' success (Rowe & Alani, 

2012; Wu et al., 2011). Three of these roles were the focus of this study. 

2.3.2.1. Content contributors

Developing a socio-technical network is not an easy task, and in order for 

socio-technical networks to be successful and sustainable they need to attract and retain 

active members (A. J. Kim, 2000; Kraut & Resnick, 2012; Lazar & Preece, 2002; Ma & 

Agarwal, 2007). Even though some socio-technical networks have succeeded in 

achieving a critical mass of member activity (e.g. Twitter, Facebook, Wikipedia), many 

others have struggled and failed (B. S. Butler, 2001).  

Socio-technical networks depend on member participation and interactions to 

develop the shared resources that make them succeed (M. M. Wasko & Faraj, 2005; K. 

Zhang, Evgeniou, Padmanabhan, & Richard, 2012), but a growing body of research 

findings suggest that there is a general participation inequality in socio-technical 
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networks where only a small number of the members are responsible for contributing 

most of the content similar to the uneven division of contributions and benefits. The 

member produced resources impact the socio-technical network's viability (B. Butler, 

Sproull, Kiesler, & Kraut, 2007) by attracting and maintaining a membership base (B. S. 

Butler, 2001). Based on this, we can conclude that it is extremely important for socio-

technical networks to attract and retain members who take on the role of content 

contributor. In socio-technical networks, content contributors are indirectly connected to 

other members of the network via the content they provide. 

Prior research research on

content contributors in socio-

technical networks have shown

that their participation is mainly

based on intrinsic motivations 

(M. Wasko & Faraj, 2000; Yang

& Lai, 2010) seeking to benefit

the network in general and to a

lesser degree benefiting

themselves (Bateman, Gray, &

Butler, 2011; Chai & Kim, 2012;

Chiu, Hsu, & Wang, 2006) by

making them feel a sense of meaningfulness, self-determination, and relatedness (X. M. 

Zhang & Zhu, 2006) through pro-social behavior (Tedjamulia et al., 2005). Members who

contribute to the socio-technical network frequently are more likely to continue to 

participate (Joyce & Kraut, 2006). While earlier research proposed that new members 

gradually grew into the role of content contributors over time (Preece et al., 2004; Preece 

& Shneiderman, 2009)  findings published after this study was commenced indicate that 

content contributors' degree of activity differs from other members from the very day 

they first enter the socio-technical network and they stay involved with the sociotechnical

network longer (Panciera et al., 2010) but their interests and engagement in topics may 

change over time (Naveed & Staab, 2011).

Figure 10: content contributor
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2.3.2.2. Opinion leaders

 One of the fundamental

activities in socio-technical

networks is for members to

communicate with other members.

Everett Rogers (1964) introduced

the theory of diffusion of

innovation as "the process by

which an innovation is

communicated through certain

channels over time among the

members of a social system.” The

role of opinion leader is important

when it comes to accelerating the adoption of innovations as they pass on information to 

their connections influencing their opinions and decisions (Katz, 1957).  According to 

Rogers (1964) opinion leaders are individuals others turn to for advice and information 

and therefore central to interpersonal communication networks. In socio-technical 

networks, opinion leaders are members who, both directly and through their contributed 

content, are connected to and influence the opinions and decisions of many other 

members in the network (Song et al., 2007; X. Zhang & Dong, 2008). They have also 

been found to have higher levels of activity (Huffaker, 2010) and use the internet more 

frequently and for longer sessions than other members (Lyons & Henderson, 2005). 

Much of recent research on opinion leaders in socio-technical networks has focused on 

how to use various measures to identify them (Cha et al., 2010; Kim, Do Kyun, 2007; 

Kotowski, 2007; Lee et al., 2010; Li & Du, 2011; Merwe & Heerden, 2009; Song et al., 

2007; Weng et al., 2010; Zhai et al., 2008; X. Zhang & Dong, 2008) and quantify their 

influence (Bakshy, Hofman, Mason, & Watts, 2011; Cha et al., 2010; Heil & Piskorski, 

2009). The majority of these studies have been based on data from Twitter as its socio-

technical network platform is particularly well designed for gathering data to study 

Figure 11: opinion leader
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opinion leadership and diffusion of information. As a growing number of people report 

socio-technical networks as their primary news source (Kwak, Lee, Park, & Moon, 2010; 

Pew Research Center, 2012), expanding the knowledge about opinion leaders in such 

networks will be increasingly important.

2.3.2.3. Boundary spanners

A third key role

in socio-technical

networks is the role of 

boundary spanner. These

are members who are in

a position to process and

transfer information

across group boundaries

(Aldrich & Herker,

1977) by providing a

path for information to

move between the groups (Freeman, 1992). In order to accomplish this, they need be a 

member of both sides of the boundary they are spanning, linking groups who are 

separated in terms of location, division, or function (Levina & Vaast, 2005).  Socio-

technical network members with two or more group memberships tend to be more active 

and involved  (Schlager et al., 2009), and have more connections (Kavanaugh et al., 

2005).Tushman and Scanlan (1981) found that successful boundary spanners are well 

connected internally and externally, making them communication stars with 

communication networks on both sides of the boundary they span. 

Boundary spanners bridge groups and may engage in information brokering 

activities, where they may both enable and constrain information flow between the 

groups. The boundary spanner role is  closely related to the roles of gatekeepers, liaisons,

brokers, and bridges. Gatekeepers are people in positions where they control the flow of 

Figure 12: boundary spanner
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information from one part of the network to another, and includes boundary spanners, 

liaisons, brokers, and bridges. While boundary spanners are members of the groups which

they connect, liaisons serve as intermediaries between groups that are not directly 

connected, and brokers serve as intermediaries between people that are not directly 

connected. Bridges are defined by some to be like boundary spanners in that they are 

members of the groups they connect, while others define bridges to not be members of 

the groups, similar to liaisons (Monge & Contractor, 2003). Prior research on boundary 

spanners mainly focus on their role supporting collaboration and innovation in inter-

organizational settings (Barcellini, Detienne, & Burkhardt, 2008; Fleming & 

Waguespack, 2007; Levina & Vaast, 2005; Williams, 2002). Many of these studies 

differentiate between formal and informal boundary spanners, where formal boundary 

spanners are individuals who have been appointed boundary spanning roles by an 

organization and informal boundary spanners are individuals who have emerged and  

practice the boundary spanner role without having been appointed the role (Y. Kim & 

Jarvenpaa, 2008; Levina & Vaast, 2005). This study focused on emergent roles in a socio-

technical network and thus looked at informal boundary spanners outside a formal 

organizational setting.

2.3.2.4. Differences between key roles

Content contributors, opinion leaders, and boundary spanners all play related but 

different key roles contributing to information sharing in socio-technical networks (Table 

2).
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Role Content Contributor Opinion Leader Boundary Spanner

Definition Content contributors are 

the members of a socio-

technical network who 

are generally 

responsible for 

contributing most of the 

content.

Opinion leaders are 

individuals that other 

members of the socio-

technical network turn to 

for advice and 

information.

Boundary spanners are 

in a position to process 

and transfer information 

across the boundaries of 

groups within the socio-

technical network.

Function Content contributors 

support growing shared 

resource collections and 

related participation. 

They contribute to the 

quantity of information 

available to all members 

of the socio-technical 

network.

Opinion leaders support 

processing and 

spreading of new 

information and ideas in 

the network. They 

contribute to the quality 

of information available 

to all members of the 

socio-technical network.

Boundary spanners are 

in a unique position to 

mediate resources 

across and between 

groups within the 

network. They contribute 

to the distribution of 

information available to 

all members of the socio-

technical network.

Table 2: definitions of key member roles in socio-technical networks

Content contributors mainly help grow the quantity of the socio-technical 

network's shared content collection, while opinion leaders provide or recommend quality 

content that other members are paying attention to. We can easily see that a socio-

technical network member may exclusively be a content contributor or an opinion leader, 

by either contributing a multitude of content of dubious quality or contributing a small 

and selective amount of content of high quality. Likewise we can also see that these roles 

potentially may be played by the same member contributing a large quantity of quality 

content to the socio-technical network.  Similar to opinion leaders, boundary spanners are

important for the diffusion of innovation, but these two roles differ in the context in 

which they distribute information. Where opinion leaders are distributing information to a

large number of members across the socio-technical network through numerous 

individual connections, boundary spanners transfer information between groups of 

members who are not likely to be well connected in other ways. These two functions of 
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distributing content are not necessarily mutually exclusive, so a socio-technical network 

member could potentially play both the opinion leader and the boundary spanner role. 

Likewise the content contributor role may potentially be combined with the boundary 

spanner role by members who contribute large amounts of content while also being in a 

position to support information flow between two or more groups of network members 

who are in other ways not well connected within the socio-technical network.

Even though extensive research has been conducted on content contributors, 

opinion leaders, and boundary spanners there has been little or no research done 

investigating how these roles emerge and evolve over time in a socio-technical network, 

and to what extent they may overlap and be played by the same members. This study 

aimed to expand this knowledge. 

2.4. Methods used to study member roles in socio-technical networks

Researchers studying roles in socio-technical networks have often employed 

interpretive methods, like ethnography (Golder & Donath, 2004), content analysis 

(Welser et al., 2011), and surveys (Brandtzæg, 2012), or structural methods, like social 

network analysis (Zygmunt, Bródka, Kazienko, & Koźlak, 2012) and structural 

signatures (Gleave et al., 2009). Each of these approaches has its own merits and should 

be chosen depending on the focus and scope of the study in question. The motivation for 

this study was to help owners and managers of socio-technical networks predict which 

new members will become valuable key role players in their network based on the data 

available to them. Based on current technology development practices we can assume 

that relational user and usage data underlying the socio-technical network will be easily 

available to owners and managers of such networks. This kind of data lends itself best to 

structural analysis approaches, especially when the goal is to study all members' actions 

and interactions looking for commonalities and trends.  

2.4.1. Social network analysis

Social network analysis is an interdisciplinary research area used to describe and 

explain a social phenomena of interest based on its social network context (Marin & 
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Wellman, 2010). A social network can be defined as “a set of nodes (or network 

members) that are tied by one or more types of relations” (Wasserman & Faust, 1994), 

and have been used interchangeably with communication networks which are a 

representation of  “interconnected individuals who are linked by patterned 

communication flow” (E. Rogers & Kincaid, 1981). In social network analysis, relations 

can have attributes defining values like strength and direction of the ties they form 

between nodes. Analysis of nodes and their ties can describe entire networks as well as 

individual nodes' positions within a network. 

With the growing

availability of data from socio-

technical networks like Wikipedia

and Twitter, social network analysis

and other structural approaches are

increasingly being used to study

network member roles and other

phenomena (Turner, Smith, Fisher,

& Welser, 2005; Viegas & Smith,

2004; Zygmunt et al., 2012). Social

network analysis approaches

network member roles by studying

social network positions, analyzing actors' egocentric networks, and looking for structural

similarities and patterns of relations in multirelational networks (Wasserman & Faust, 

1994). Egocentric networks focus on one node and its ties to other nodes in the social 

network (Figure 13), and are the most commonly studied type of social network (Marin 

& Wellman, 2010). While content contributors can be identified by the mere amount of 

contributions they have made to the socio-technical network, opinion leaders and 

boundary spanners may be identified using social network analysis methods. Opinion 

leaders can be identified as individuals with high in-degree, centrality, and prestige in the

social network, where in-degree is the relative amount of links going from others to the 

opinion leaders as opposed to the opposite direction; centrality quantifies how well 

Figure 13: example of an egocentric network
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connected the opinion leader is to other members of the network; and prestige is based on

the asymmetric nature of the opinion leaders' ties to others, where they link to her rather 

than the other way around (Durland & Fredericks, 2006; Monge & Contractor, 2003; 

Newman, 2010; Valente & Rogers, 1995). 

Boundary spanners may be identified through their formal membership in groups, 

or through the use of social network analysis identifying groups as clusters of nodes with 

stronger ties to each other than to other nodes outside the cluster (Freeman, 1992), and 

then further identifying individuals who are members of two or more clusters. Matrices of

social networks' metrics and their related visualizations are well established method for 

studying social networks (Wasserman & Faust, 1994; Carrington, Scott, & Wasserman, 

2005), as they both help investigators understand network data and communicate that 

understanding to others (Freeman, 2000). The increase in popularity of large scale socio-

technical networks and the relatively easy access to some of their relational data has 

contributed to a growing body of research utilizing social network analysis to study 

various aspects of socio-technical networks. 

2.4.2. Structural Signatures

“People who consistently adopt particular roles develop distinctive modes of 

participating in social settings, which results in patterns of behavior and relations. Once 

the correlation between these patterns and a particular role is established through 

statistical analysis, those patterns can be used to infer role use from those structural 

signatures” (Gleave et al., 2009)

Skvoretz and Faust (2002) introduced the use of structural signatures where 

social network analysis was used to define a set of structural properties, which in turn 

was used to characterize egocentric networks so they could be compared to each other. 

Welser, Gleave, Fisher, and Smith (2007) successfully tested the ability of structural 

signatures, consisting of egocentric social networks and behavioral histories of content 

contributions to online discussion forums, to define the distinctive structural features 

associated with a socio-technical network member role (Figure 14).



38

Visualizations of discussion participation by a member playing the role of a 

Discussion Person (left) and a member playing the role of an Answer Person (right), 

where the balls above the center line illustrate frequency of asking questions, and the 

balls below the line represent the frequency of posting answers (Welser et al., 2007).

Structural signatures of particular member roles in a socio-technical networks 

have later been used to identify other members in the same network playing the same 

roles (Gleave et al., 2009; Welser et al., 2011). Local networks and egocentric social 

networks measures based on the range and directions of ties the role players had to other 

members in the socio-technical resulted in structural signatures that looked distinctively 

different for each of the roles studied (Figure 15).

Figure 14: visualizations of discussion participation (Welser, Gleave, Fisher, & Smith, 

2007)
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Figure 15 shows visualizations of egocentric social networks for three different 

roles, from left: Answer Person, Discussion Person, and Discussion Catalyst (Gleave et 

al., 2009). This suggests that models of key roles in socio-technical networks can be 

developed based on their structural signatures within the socio-technical networks, 

revealed by patterned characteristics of behavioral history data and social network 

structures representing their participation and interactions within the network.

2.4.3. Longitudinal studies of member roles in socio-technical networks

Longitudinal studies of socio-technical networks can be used to detect and 

observe changes in the network over time (Carrington, Scott, & Wasserman, 2005; 

McCulloh & Carley, 2011). This study set out to investigate the evolution of key member 

roles in a socio-technical network over time, and hence required a longitudinal research 

design. Previous longitudinal research on socio-technical networks has been conducted 

using sets of surveys (Brandtzæg, 2012; Kavanaugh et al., 2005) and longitudinal social 

network analysis, observing the network at a number of discrete time points in order to 

learn about the unobserved network evolution going on between these time points 

(Snijders, 2005).

2.4.4. Predicting member roles in socio-technical networks

Member role prediction in socio-technical networks is a relatively new research 

area. After this study was initiated Ghosh and Lerman (2010) published their findings 

Figure 15: visualizations of three different roles (Gleave, Welser, & Lento, 2009)
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from a study in which members' dynamic processes were used to predict influential 

members in Digg (“Digg,” 2004), a social news aggregator community. Recently Pal, 

Farzan, Konstan, and Kraut (2011) reported using members' behavior, and estimated 

motivation and abilities, based on their the first few weeks of membership to predict who 

would become experts in an online question answering community. This study aimed to 

contribute to this area by attempting to predict which new members will become key role 

players in a socio-technical network. 
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3. METHODS

The overarching research motivation for this study was to contribute to the area of

socio-technical network design and facilitation by predicting which new members will be

important to the future success of the network. To accomplish this goal an exploratory 

case study approach (Yin, 2008) was chosen, involving an in-depth, longitudinal 

examination of a single socio-technical network. Log data gathered through the socio-

technical network's technology platform during the network's two most active years were 

cleaned, coded, chunked, and used to identify members who play key roles in the 

network. Key role players' initial activities and interactions within the socio-technical 

network were then studied to identify commonalities across their membership 

trajectories. The predictive potential of these membership trajectory trends were then 

tested. Finally the study investigated to what extent socio-technical network member 

roles overlap within the same individuals, both over time and simultaneously. 

3.1. The Data Set: Tapped In

The socio-technical network data set used for this study came from Tapped In, an 

international online community of practice for education professionals developed and 

hosted by SRI International. “For over a decade, K-12 teachers, librarians, administrators,

and professional development staff, as well as university faculty, students, and 

researchers have gathered in Tapped In to learn, collaborate, share, and support one 

another” (“TappedIn,” 1997). Since its launch in 1997, Tapped In has hosted more than 

150,000 members and thousands of user-created spaces containing their activities and 

content. More than 50 education related organizations and agencies have been tenants in 

Tapped In, hosting activities like online courses, workshops, seminars, and mentoring 

programs in separate and designated areas of the socio-technical network platform 

(Farooq, Schank, Harris, Fusco, & Schlager, 2009; Schlager, Fusco, & Schank, 2002). In 

addition members who where not associated with a tenant organizations joined Tapped In

on an independent and voluntary basis to interact and share with other members in an 
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informal and self-organized fashion. A significant portion of these activities were 

centered around a community schedule of after school online events.

3.1.1. Previous research on the Tapped In data set

Throughout its existence Tapped In has been the context for multiple research 

studies focusing on various aspects of socio-technical networks. Recently Schlager et al. 

(2009) investigated bridges, a role often used interchangeably with boundary spanners, in

a sub-section of the Tapped In data set and found that members who are bridges in 

general have higher participation and contribute more content than other members in the 

socio-technical network. Suthers et al. (2013) detected and explored emergent community

structures among the independent members in the Tapped In data set, and Chu et al. 

(2012) investigated how affiliations between members in social-technical networks are 

distributed across various media types playing different roles in the network structure.

This study focused on data from a period of peak activity in Tapped In. From 

September 2005 throughout May 2007 close to 40,000 unique individuals logged in to the

socio-technical network. During this period there where no major changes to Tapped In's 

technology platform, which ensured consistent log data gathering and minimal 

technological influence on changes in member activities. This data set is well suited to 

study the evolution of content contributors, opinion leaders, and boundary spanners in 

socio-technical networks as the technology platform supports and records the kinds of 

activities performed by members playing these key member roles. 

3.1.2. The Tapped In interface

The user interface for the Tapped In system is based on a campus metaphor where

members' actions and interactions are hosted in virtual rooms within virtual campus 

buildings. Each room provides means for interacting and sharing media, including chats, 

discussion forums, and other collaborative tools (Figure 16). 
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3.2. Procedure

In order to address the proposed research questions the study was broken into 

multiple steps which are described in more detail in the following sections.

Figure 16: the Tapped In user interface: example of a room
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3.2.1. Raw data management and preparation

User data and user generated data is the backbone and blood of any socio-

technical system, and while the underlying database and file structures, collecting, 

storing, and retrieving these data, are organized to support the network and its members 

they are not necessarily optimally structured and formatted for research purposes. Two 

copies of Tapped In's underlying system databases and files, made in 2006 and 2009, 

were acquired to provide the socio-technical network data representing the selected study 

period. This raw data set contained thousands of files and hundreds of database tables 

hosting millions of data records recording the actions and interactions of close to 40,000 

socio-technical network members and guests over a period of almost two years. Because 

of its size and complex structure the raw data set from the Tapped required considerable 

time and effort spent on data inspection, standardization, chunking, cleaning, abstraction, 

aggregation, and coding before any data analysis could take place. To make this treatment

of the large amount of raw data possible various custom programmed computer scripts 

and database queries were developed and used to speed up the process.

3.2.1.1. Data inspection, standardization, chunking, and cleaning

Conducting research on an existing data set that has been collected and organized 

for a different purpose can provide some challenges. Preparing for the analysis step, the 

acquired raw data set had to be inspected and any issues that would impair the analysis 

had to be dealt with. 

The first step towards preparing the Tapped In raw data set for research was to 

parse and convert all the chat data records, which were stored in flat file format, into 

database format like the rest of the raw data set (see chat_session_hist and chat_data_full

in Figure 17). This standardization of data storage format improved exploration and 

cross-referencing of the chat data, and facilitated further analysis. A challenge to the 

reorganization of the chat records were the inclusion of time stamps from different time 

zones. These had to be parsed, recalculated, and standardized in order to recreate 

chronologically correct chat records in data base format.
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As the Tapped In raw data set was rather large, and therefore cumbersome to work

with, the second step taken was to organize it into a series of smaller data sets that could 

be processed more easily. Since this was a longitudinal study the plan was to divide the 

data into time segments, or chunks, in order to support temporal analysis measuring 

changes in the socio-technical network activities and structure over time. It was decided 

that the minimum size of the chronological data chunks would be a calendar week as 

anything smaller would potentially be prone to bias caused by different activity levels on 

different weekdays. In addition to avoiding weekday bias the weekly data chunks would 

be large enough to contain sufficient data to perform structural analysis, thus providing a 

snap-shot of the socio-technical network and its members' relations and relative positions 

Figure 17: final Tapped In raw data database tables used for the study (only central fields included)
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for the duration of the given time period represented by the data chunk. These weekly 

data chunks could later easily be combined to form larger data chunks for analysis 

purposes if so desired. One of the database tables in the data set contained log data 

records, brief timestamped data entries recording every action performed by every 

network member (see web_request_hist in Figure 17). How much information a log entry

contains varies from system to system depending on its design. In Tapped In a log record 

in general contained a time stamp, the user name of the member responsible for the action

recorded, the name of the virtual room context in Tapped In where the action was 

performed, and a coded reference to what type of action it was. These log data records 

were divided into a series of 92 weekly data chunks based on their timestamps and 

chronological order. This process proved to be somewhat challenging as some of the 

timestamps were in different formats and had to be identified, reformatted, and 

standardized before the chunking could be completed. 

Using the weekly chunks of log data as a guide, the remainder of the Tapped In 

raw data set was explored and inspected. During this process additional inconsistencies in

the raw data set were uncovered. An example of such an inconsistency was the use of 

both user name and user identification number to identify individual network members. 

To add to the confusion, these variables, as well as other identifiers, were labeled 

differently in the various database tables (Figure 17). While a user identification number 

is unique to an individual Tapped In member the user names were sometimes reused if a 

member had been inactive for more than a year. This resulted in ambiguous member 

references in the raw data where the same user name could potentially refer to multiple 

members. By cross-referencing various database tables referring to user names and user 

identification numbers at different times and in different versions of the data set the 

almost 40,000 unique individuals who had been active during the period this study 

focused on were eventually assigned standardized and unique identifiers throughout the 

data set. Similar to user names and identification numbers, room nicknames and room 

identification numbers were also used interchangeably across the Tapped In database. 

After inspection it was found that both these identifiers were unique for each room 

context but some of the room identification numbers were missing, leaving room 



47

nickname as the best unique identifier, which was thus used to standardize the data 

references to rooms throughout the database. In addition to these data inconsistencies the 

raw data inspection also found that some of the historical data in Tapped In were missing.

Since the raw data set was being prepared for a longitudinal study it was important to 

have historical data to recreate the socio-technical network activities and states at various 

times during the period studied. Unfortunately some of the historical data for the Tapped 

In network had not been recorded. For example whenever a file was deleted all 

information about it was deleted too. This resulted in missing historical information like 

file identifiers, timestamps, origin, location, and views, making it impossible to 

reconstruct historical member activities like uploading and viewing these files. Similarly 

Tapped In member profiles were deleted when members left the socio-technical network 

or had been inactive for over a year. Deleted members' user identification numbers and 

account types were archived, but rich demographic data like location, gender, and 

occupation was lost. As an example, there were no available demographic data for about 

half of the socio-technical network members this study focused on because they were no 

longer active members at the time the data set was copied for sharing and their profiles 

had thus been deleted. Another part of the raw data set that was missing historical data 

were group membership records. Tapped In allowed for members to create and join 

member organized groups. These groups had their individual names and topics, and were 

assigned dedicated rooms for their activities and interactions. Unfortunately the data 

recording group membership did not contain time stamps for when a network member 

joined a group. As with files and user profiles, deleted group memberships were also not 

archived, so when members left groups or their profiles got deleted the historical record 

of their group memberships were also lost. Because of this missing information there was

no way to recreate which socio-technical network members were members of which 

groups at a given time. The missing historical data for files, member profiles, and groups 

made these parts of the raw data set unfit for longitudinal and structural research. 

Existing data sets are in general rarely ideally designed and structured for new research, 

and issues like the examples mentioned here are not unique to this study but rather 

challenges that should be expected and need to be worked around when using existing 
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data sets for research purposes they were not designed to support. 

3.2.1.2. The final data set

As discussed the Tapped In raw data set had some inconsistency and 

incompleteness issues that made parts of it less suited for longitudinal or structural 

analysis. These parts of the raw data set were therefore omitted from the final data set 

prepared for this study, along with data that was not relevant to the study. After inspecting

and evaluating all the different types of user generated data in the raw data set, it was 

decided to focus the study on chat and discussion data. Chat and discussions were by far 

the most commonly performed member activities making these data a suitable 

representation of the socio-technical network and its structure. In addition all data related 

to these activities were complete and consistent, permitting both longitudinal and 

structural analysis. The final subset of raw data tables used for this study, excluding fields

that are not central to this research, can be viewed in Figure 17.

The focus of this study was the evolution of emerging member key roles in socio-

technical network as opposed to assigned member roles. Parts of the Tapped In data set 

contained data about members with formally assigned roles in the network, like students, 

administrators, and facilitators. Students involved both K-12 students and post secondary

students preparing to become educational professionals. The Institutional Review Board 

protocol for this study did not cover research on activities performed by minors so any 

Tapped In data involving K-12 students was removed from the data set. The K-12 

students' activities in Tapped In were mainly limited to separate and closed user spaces, 

practically segregating them from the rest of the network. Because of this, omitting the 

K-12 student data from the final data set had little impact on the remaining members' 

structural data. Tapped In administrators and facilitators had formally assigned roles with 

special duties and incentives motivating their actions. They were there to assist the socio-

technical network and its members and were therefore defined to be a part of the context 

of this study rather than the focus of it. Additionally, Tapped In welcomed unregistered 

individuals as guests who were allowed to visit and observe the socio-technical network. 
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Guest identities were neither persistent nor unique and individuals had to register as a 

member to fully participate in all activities the network offered. Because of this, guest 

data were omitted from the final data set along with data related to students, 

administrators, and facilitators, leaving the final data set to include 26,901 individual 

socio-technical network members.

3.2.2. Establishing members' temporary structural signatures

Once the Tapped In raw data set had been inspected, standardized, chunked, and 

cleaned it was time to organize and restructure the data in preparation for analysis. Since 

this was a longitudinal study of member roles, the raw data had to be organized to 

accommodate the extraction of temporary structural signatures representing the role of 

each individual member in the network for each weekly data chunk. 

3.2.2.1. Operationally defining and quantifying content contributors

Content contributors are the socio-technical network members who contribute 

content to the network. In order to identify and study content contributors, content 

contributions needed to be operationally defined and quantified and each individual 

network member in the study data set needed to get a score representing their content 

contribution activity within a given time period. Within each weekly data chunk the 

content contributor score was defined and calculated to be the count of chat entries and 

discussion messages posted by the individual member (Table 3). For the purpose of this 

study discussion posts and chat entries were treated as equal content contributions as it is 

difficult to quantify and weight their relative impact without performing content analysis, 

which was outside the scope of this study. 

3.2.2.2. Operationally defining and quantifying opinion leaders

While the content contributor role was relatively simple to operationalize and 

quantify, some time and effort went into considering various ways to operationalize and 

quantify the opinion leader role. Opinion leaders are socio-technical network members 

who other members pay attention to. The amount of attention a member receives may be 
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calculated based on her weighted in-degree, the sum of  weights on links going to her 

from others (Monge & Contractor, 2003; Durland & Fredericks, 2006; Valente, 2006).  

For this study weighted in-degree was calculated based on how many times a member's 

chat entries and discussion messages had been viewed by other members. This way an 

opinion leadership score could be calculated for each individual network member within 

a weekly data chunk based on their total weighted in-degree for that time period (Table 

3).

3.2.2.3. Operationally defining and quantifying boundary spanners

Boundary spanners are network members who are connected to other members on

both sides of a boundary. The better connected they are on both sides of the boundary the 

more valuable they are as potential new information distributors (Tushman & Scanlan, 

1981). In Tapped In each virtual room context was a separate unit, containing its own 

discussion forum and chat board which were only accessible if you were in the room. 

Groups and events hosted in different virtual rooms were separated by virtual boundaries.

For this study boundary spanning was defined as being active within two or more virtual 

room contexts within a given weekly data chunk. The individual member's boundary 

spanning score was established by first calculating her weighted in- and out-degrees for 

each room context in which she was active, then calculating the product of the weighted 

in- and out-degrees for all possible room pairs, providing a relative value for each 

boundary spanned, and finally adding these together (Table 3). This calculation both 

takes into account each boundary spanned by the individual member as well as how 

active the member is on both sides of each boundary.
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Key role Distinguishing activity Operationalization Quantification

Content 

contributor

They contribute content. They post chat and 

discussion messages.

The number of chat and 

discussion messages posted.

Opinion 

leader

Other people pay 

attention to their 

contributed content.

Other members view 

their chat and 

discussion messages.

The weighted in-degree of their

chat and discussion activities.

Boundary 

Spanner

They are active on both 

sides of group 

boundaries.

They post and/or view

chat and discussion 

messages in more 

than one room 

context.

The product of their weighted 

in- and out-degrees based on 

their chat and discussion 

activity on each side of the 

boundary of each pair of rooms

they are active in.

Table 3: key roles' distinguishing activities and their operationalization and 
quantification within the Tapped In data

Once these key roles were operationally defined and quantified the final raw data 

set could be abstracted and coded for analysis.

3.2.2.4. Data abstraction

The focus of this study was the members of the socio-technical network and their 

evolving roles expressed through their network activities and interactions with other 

network members over time.  To facilitate the longitudinal study the raw data set had 

already been divided into 92 weekly chronological data chunks. The data in the chunks 

then needed to be abstracted and coded in a suitable format so that structural analysis 

could be conducted, both within and across these time limited data chunks, supporting the

operationalization of the key roles in focus. Based on the cleaned and standardized 

versions of the database tables the raw data had been abstracted into 92 sets of tables 

representing the simplified log records, members' chat and discussion message 

contributions, and members' interactions mediated through chats and discussions for a 

given week (Figure 18).



52

3.2.3. Identifying members playing key roles

Each of the socio-technical network members were assigned key role activity 

scores representing their key role related activities within each weekly data chunk for 

each of the three key member roles this study focused on (Table 3). These temporary 

individual key role scores were the basis for identifying who were the key role players in 

the network within a given time span.

3.2.3.1. Data normalization and smoothing

Since Tapped In hosted monthly and bi-weekly member organized events it was a 

concern that this would cause participating members' and the overall community activity 

levels to spike in some weekly data chunks compared to others, affecting the 

identification of key role players. In addition the days and weeks around major holidays 

were also potentially affected by activity lulls causing the same problem. To lessen the 

potential activity bias effects caused by seasonal influences and regular events the 92 

weekly data chunks were combined into 88 data chunks representing a sliding window of 

four weeks, thus smoothing the data (Table 4).

Figure 18: abstracted database tables based on final raw data database tables
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88 sliding 

windows of 

4 weeks

92 weeks

Table 4: 88 sliding windows of 4 weeks with data based on the weekly data chunks

These 88 smoothed data chunks were only used for key role player identification. 

For the rest of the data analysis the original weekly data chunks were used, as they 

offered finer granularity.

3.2.3.2. The phenomenon of the vital few and trivial many

The phenomenon of the vital few and trivial many, also known as the Pareto 

principle or Zipf's law, states that roughly 80% of the effects come from 20% of the 

causes. In chapter 2 examples of the Pareto principle, expressed as participation 

inequality within Twitter and Wikipedia, were discussed.  These were presented using a 

Lorenz curve, where the X axis represented the cumulative percentage of members and 

the Y axis represents the cumulative percentage of content contribution (Heil & Piskorski,

2009; Juran, 1975; Koch, 1999; Newman, 2005). Following this example this study used 

the Pareto principle to examine the distribution of key role activity and identify which 

members were key role players. This was done by calculating how the cumulative 

percentage of each key role activity was performed by a cumulative percentage of all 

logged in members within each of the 88 smoothed data chunks. The mean key role 

activity distribution across them may be seen in Figure 19.
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Calculating the key role activity distribution within each data chunk made it 

possible to identify which members played the key roles temporarily within each data 

chunk. This would later allow for establishing individual membership trajectories based 

on members' temporary roles.

To calculate the cumulative percentage of each key role activity within each 

smoothed data chunk the percentage of key role activity each member was responsible 

for had to be calculated first. A member's key role activity percentage was calculated for 

each key role within each smoothed data chunk. Representing each members' key role 

activity in percentages, rather than with the key role activity score, normalized the data 

based on the overall network activity within the time frame of the data chunk. The next 

step, for each key role, was to order all members within each data chunk by their 

respective key role activity percentage and then add these percentages starting with the 

highest one.  Since previous research used the Pareto principle to identify the most 

Figure 19: mean distribution of key member role activities in Tapped In 

across 88 smoothed time chunks
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prolific content contributors, defining them as those who are responsible for 90% of the 

content (Heil & Piskorski, 2009; Wu et al., 2011), this study defined key role players as 

those who were responsible for 90% of the key role activity.

3.2.4. Establishing membership trajectories 

Members who joined the socio-technical network during the first year of the data 

set, and who also played key roles during the data period, were identified for further 

research. Once these new members who played key roles within the data period were 

identified, their membership trajectories had to be established and aligned to 

accommodate analysis and comparison. Membership trajectories for each individual 

member were established by lining up the member's weekly key role ranks in 

chronological order, beginning with the first login of each member. This allowed their 

role evolution over the first 34 weeks of socio-technical network membership, expressed 

in key role ranks, to be traced and compared.

3.2.5. Identifying distinguishing traits for long-term key role players (RQ1)

In order to develop and test predictive models for long-term key role players the 

study had to explore and identify how the early membership trajectories of long-term key 

role players are different from that of other members. The first step in this process was to 

establish separate data sets for developing the model and testing it. Long-term key role 

players were defined as those key role players who played the key role for six weeks or 

longer during their initial 34 weeks after joining the socio-technical network. Six weeks 

was considered a reasonable cutoff point between long-term and short-term key role 

players, guided by the Pareto principle showing the minority of key role players played 

the key role for a longer time than the majority.

3.2.5.1. Stratified k-fold cross-validation

This study used stratified k-fold cross-validation to develop and evaluate 

predictive models for long-term key role players. Cross-validation is a technique often 

used to estimate how predictive models perform. It involves dividing the data set into 
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independent subsets where some are training sets used for analysis for developing 

prediction models while other subsets are testing sets used for testing and evaluation of 

the prediction models. Using different data subsets to do several rounds of cross-

validation and then calculating the mean results based on these reduces variability. K-fold

cross-validation involves dividing the data set into k subsets and then using one of the 

subsets as a testing set and the combination of the other subsets as a training set, then 

rotating. The result is k larger training sets and k smaller testing sets independent of their 

corresponding training set. K is selected based on what is suitable for the study and data 

set in question. Stratified k-fold cross-validation means that efforts are being made to 

make the data distribution in each of the subsets similar to the overall distribution in the 

data set (Olson & Delen, 2008). 

In this study stratified k-fold cross-validation was used to establish data subsets 

for developing predictive models and evaluate these separately for each of the three key 

roles investigated. The k was set to 5, as this is commonly used. However, both for the 

opinion leader and the boundary spanner data sets the number of long-term key role 

players were so low that the k had to be set lower in order to have enough long-term key 

role players in each test set to be able to perform prediction evaluation.

3.2.5.2. Simple Linear Regression

Once training data sets were defined, they were used to identify distinguishing 

traits in long-term key role players' membership trajectories. This was done by using 

simple linear regression. The membership trajectory traits investigated were the three key

role ranks and their changes over time within the same individual member. Simple linear 

regression is commonly used for prediction. The technique generates a trend line 

expressed by an equation where the explanatory X variable predicts the scalar dependent 

Y variable. A regression equation represents a behavioral model, abeit a very crude one, 

estimated by ordinary least square (Montgomery, Peck, & Vining, 2012).

Simple linear regression was used to calculate trend lines based on the various 

key role ranks for long-term and short-term content contributor, opinion leader, and 



57

boundary spanner key role players. The trend lines for long-term and short-term key role 

players were then compared to identify which of the key role rank trends in general 

distinguished the initial ten weeks of the long-term key role players' membership 

trajectories. 

The results of the regression analysis and comparison of long-term versus short-

term key role members' membership trajectory traits are presented and discussed in 

chapter 4.  

3.2.6. Predicting long-term key role players (RQ2)

The identified distinguishing membership trajectory traits for long-term key role 

players were used to develop simple predictive models. The predictive capacity of these 

models were further tested and evaluated.

3.2.6.1. Developing predictive models

Simple predictive models were developed based on the distinguishing 

membership trajectory traits identified for long-term key role players.

Key Role Distinguishing Trait Predictive Model

Long-term content 

contributor 

Content contribution rank Cumulative content contribution rank

Long-term opinion 

leader

Opinion leadership rank Cumulative opinion leadership rank

Content contribution rank Cumulative content contribution rank of 

members who have more than 0 in opinion 

leadership rank

Opinion leadership rank + 

content contribution rank

Sum of cumulative opinion leadership rank + 

cumulative content contribution rank of 

members who have more than 0 in opinion 

leadership rank

Long-term 

boundary spanner

Content contribution rank Cumulative content contribution rank of 

members who have more than 0 in boundary 

spanning rank
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These predictive models might be further developed and improved by identifying 

and incorporating additional distinguishing traits from the long-term key role players' 

membership trajectories.

3.2.6.2. Testing and evaluating predictive models

Once the predictive models for predicting long-term content contributors, opinion 

leaders, and boundary spanners were developed they needed to be tested and evaluated. 

Precision and recall are two scores that have been extensively used to evaluate 

information retrieval methods (Baeza-Yates & Ribeiro-Neto, 1999). Predicting future 

long-term key role players by identifying which new members share long-term key role 

players' membership trajectory traits may be considered an information retrieval method, 

thus making precision and recall an appropriate evaluation method.  According to Naeza-

Yates and Ribeiro-Neto (1999) recall is the fraction of relevant documents that has been 

retrieved, while precision is the fraction of the retrieved documents that is relevant.

Recall = |Ra| / |R|

Precision = |Ra| / |A|

R = relevant documents 

A = retrieved documents 

Ra = documents that are both relevant and retrieved 

Recall may be considered to measure the completeness of the received set while precision

may be seen as measuring exactness. There is often an inverse relationship between 

precision and recall, so if one is increased the other is often reduced. 

When the goal is to correctly identify future long-term key role players, recall is 

considered high if a subset of new members that are selected based on the predictive 

model contains a high number of correctly identified future key role players. Likewise 

precision is considered high if the subset contained more correctly identified key role 

players than other members. Precision and recall were used to evaluate the predictive 

models for each of the three key roles investigated by this study.
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Testing and evaluating long-term content contributor key role player 

prediction 

The predictive model based on each member's cumulative content contribution 

rank was tested using the same stratified 5-fold cross-validation technique as when 

identifying distinguishing membership trajectory traits for long-term content contributor 

key role players. The predictive model was tested for each of the ten first weeks of the 

new members' membership trajectories in each of the five separate test sets with 

individual membership trajectories data. The focus of the prediction was on these first ten

weeks as the prediction would be more useful early in a new member's membership 

trajectory. Since the test data sets were stratified, each set contained the same distribution 

of long-term key role players, short-term key role players, and other socio-technical 

network members. 

Based on this, the following steps were performed within each test data set and 

for each of the ten first membership trajectory weeks. 

Steps Procedures

1 All new members were sorted based on their cumulative content contribution rank 

(degree of relevance).

2 Starting from the top of the sorted list, each member was evaluated to see if s/he was a 

future long-term content contributor key role player (if s/he later played the key role for 

more than five of the first 34 weeks after joining the network).

3 When 10% of the total future long-term content contributor key role players in the test 

data set had been identified (recall = 10%), the precision was calculated. This was done

for 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90%, and 100% recall as well.

4 Once ten sets of recall and precision scores had been calculated for each of the first 10 

weeks of membership trajectories in each of the five test data sets, the mean scores 

were calculated across the five test data sets.

Table 5: steps for testing and evaluating the models for predicting long-term key role 
players

These steps were used to test the predictive models developed for the other long-

term key roles as well, with the only differences being the models in question and the k 

used in the stratified k-fold cross variance defining the test data sets. 
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Detailed results of the testing and evaluation of the key role predictions can be 

found in the appendix while the findings are presented and discussed in chapters 4 and 5. 

3.2.7. Investigating role overlap (RQ3)

Role overlap was investigated on the basis of the previously identified key role 

players. The lists of content contributor, opinion leader, and boundary spanner key role 

players were compared to identify members who played more than one key role during 

the first 34 weeks of their membership in the socio-technical network. Likewise key role 

players' roles in each of the weekly time chunks were compared in order to find out to 

what extent individual members played more than one key role at the same time. The 

findings are presented in the next chapter.
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4. FINDINGS

This was an exploratory study intended to expand the knowledge about the 

evolution of key roles in socio-technical networks. The study yielded a series of 

interesting findings, which will be presented in this section.

4.1. Key role players identified

Research question 1 involved exploring key role players' membership trajectories 

from when they first joined the socio-technical network until they played the key role. In 

order to do so the study had to identify which members joined the network within the first

part of the data period studied so that their initial membership trajectory was covered by 

the data set. 

4.1.1. Content contributor key role players identified 

All socio-technical network members who engaged in some kind of content 

contribution activity, thus earning a content contribution activity score, were by definition

content contributors. However this study was aiming to investigate the most prolific 

minority of content contributors, the ones that played the content contributor key role. In 

order to do this these content contributor key role players had to be identified. 

Of the 26,901 unique members in the data set, 14,631 were engaged in content 

contribution. In general across the 88 smoothed data chunks 22% of all logged in 

members were responsible for 90% of the content contribution activity (Figure 20). These

22% most prolific members were defined to be the content contributor key role players.
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4.1.2. Opinion leader key role players identified 

Opinion leader key role players were identified through the same procedure as the

content contributor key role players. In the data set 12,903 unique members received 

opinion leadership attention. In general across the 88 smoothed data chunks 27% of all 

logged in members received 90% of the opinion leadership attention (Figure 21). These 

27% most influential members were defined to be the opinion leader key role players.

Figure 20: 22% content contributors were responsible 

for 90% of the content
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4.1.3. Boundary spanner key role players identified

In the data set 9,972 unique members performed boundary spanning activities. In 

general across the 88 smoothed data chunks 9% of all logged in members were 

responsible for 90% of the boundary spanning activity (Figure 22). These 9% most active

boundary spanning members were defined to be the boundary spanner key role players.

Figure 21: 27% opinion leaders got 90% of the 

attention
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4.1.4. New members and key role players identified

It was found that 15,097 new members joined Tapped In during the first year of 

the data set, from October 2005 through September 2006. By focusing on a group of new 

members who joined the socio-technical network during one calendar year the potential 

bias for only including members who joined at a particular time of the year was avoided. 

In addition there was enough time left in the data period to establish 34 weeks of initial 

membership trajectories for all of these new members.

Figure 22: 9% boundary spanners were responsible for 

90% boundary spanning
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Key Role Members engaged in

key role activity

New members 

engaged in key role 

activity

New members 

playing key role 

within first 34 weeks

Members 26,901 15,097 ---

Content Contributor 14,631 7,736 1,762

Opinion Leader 12,903 6,843 2,053

Boundary Spanner 9,972 5,484 1,510

Table 6: defining study subjects for membership trajectory investigation

Among the 15,097 new members there were 1,762 content contributor key role 

players, 2,053 opinion leader key role players, and 1,510 boundary spanner key role 

players. These would be the members' whose initial membership trajectories were to be 

examined. 

4.2. Key role players played the key role shortly after joining the network

The study found that for all the three key roles investigated the majority of key 

role players started out being highly active shortly after joining the network.

4.2.1. Content contributors played the key role shortly after joining

 As many as 36.34% of 1,762 content contribution key role players studied started

playing the key role already the very first week after joining the socio-technical network, 

and 75.09% played the key role within the first five weeks of membership. 
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4.2.2. Opinion leaders played the key role shortly after joining

As many as 27.57% of the 2,053 investigated opinion leader key role players 

played this key role the very first week after joining the socio-technical network, and 

76.96% played the key role within their first five weeks of membership.

Figure 23: 75.09% played the content contributor key role within the first five 

weeks

Figure 24: 76.96% played the opinion leader key role within the five first weeks
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4.2.3. Boundary spanners played the key role shortly after joining

The study found that boundary spanners, more than any of the other key roles 

studied, started playing the key role immediately after joining the socio-technical 

network. 73.58% of the 1,510 boundary spanner key role players played this key role 

during the very first week after joining the socio-technical network, and 98.28%  played 

the key role within their first five weeks of membership.

4.3. The majority of key role players played the key role only for a short 

time

Surprisingly it was found that the majority of key role players did not spend much

time as novice members in the socio-technical network but instead started playing key 

roles very shortly after joining the network. This lead to the inquiry of how long key role 

players played their respective key roles.

Figure 25: 98.28% played the boundary spanner key role within the first five weeks
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4.3.1. The majority of content contributors only played the key role short-

term

Only 14.36%  (n = 253) of content contributor key role players played the key 

role more than five weeks during their first 34 weeks as members of the socio-technical 

network (Figure 26).

 

4.3.2. The majority of opinion leaders only played the key role short-term

 28.11% (n = 578) of opinion leader key role players played the key role six 

weeks or more during their first 34 weeks as members (Figure 27).

Figure 26: 14.36% played the content contributor key role for more than five weeks
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4.3.3. The majority of boundary spanners only played the key role short-

term

Only 1.72% (n = 26) of boundary spanner key role players played the key role 

more than five weeks during their first 34 weeks as members (Figure 28).

Figure 28: 1.72% played the boundary spanner key role for more than five weeks

Figure 27: 28.11% played the opinion leader key role for more than five weeks
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4.3.4. Research questions 1 and 2

The early formulation of research question 1 proposed to explore key role players'

membership trajectories from the moment they joined the socio-technical network until 

the time they started playing the key role. However finding that key role players start 

playing key roles more or less immediately after joining the socio-technical network 

made the first formulation of research question 1 inapplicable. On the other side, finding 

that only a minority of key role players played the key role for more than five weeks 

during their first 34 weeks in the socio-technical network identifies these long-term key 

role players as members that are valuable to the network's success. Thus research 

question 1 was modified to reflect these findings. Since the first formulation of research 

question 2 was dependent on the first formulation of research question 1, it too had to be 

modified to reflect the findings regarding key role players early membership trajectories. 

Guided by the modified research questions 1 and 2 the study proceeded to investigate the 

differences between long-term and short-term key role players' initial membership 

trajectories, and how these could be used to predict future long-term key role players.

4.4. Distinguishing long-term key role players' membership trajectories 

(RQ1)

Research question 1 was updated to ask what distinguished membership 

trajectories of long-term key role players from short-term key role players in socio-

technical networks. Since key role players in general separate themselves from the 

general members by engaging more in key role activities, the focus was to differentiate 

the membership trajectories of long-term key role players from those of short-term key 

role players. To address this question the various key role rankings of long-term and 

short-term key role players were analyzed and compared using stratified k-fold cross-

validation and simple linear regression, uncovering separate membership trajectory trends

for long-term and short-term key role players. These trends are more guiding than exact 

as there is a high level of variation within each key role ranking, reflecting the variation 
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of members' behavior. Statistical scores for each group and comparison between groups, 

for each of the cross-validation training sets, can be found in Appendix A.

4.4.1. Long-term content contributors' membership trajectories (RQ1a)

Content contributor key role players differ from other members of the socio-

technical network in that they contribute more content. Findings show that the majority of

content contributor key role players only played this key role for a short time (n = 1,509) 

while a minority (14%) are long-term content contributor key role players (n = 253), 

playing the key role for six weeks or more during their initial 34 weeks in the network.

The study further explored the potential differences in the membership trajectories

trend lines of short-term and long-term content contributor key role players and found 

that the latter in general have a higher content contribution rank starting as soon as they 

join the socio-technical network (Figure 29 and Table 7). This difference in mean content 

contribution rank between the two groups grows in time making it even more of a 

distinguishing trait for the long-term content contributor key role.

Figure 29: content contribution rank trend lines for content contributors 
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K-fold Fold A Fold B Fold C Fold D Fold E

Long-term content contributor key role players' trend lines

Slope 0.323 0.1578 0.3774 0.3091 0.3936

Constant 14.2307 15.2937 14.469 14.4168 14.0466

r 0.0443 0.0211 0.05 0.0417 0.0527

p 0.0463 0.3439 0.0243 0.0611 0.0175

Short-term content contributor key role players' trend lines

Slope -0.7789 -0.7954 -0.7994 -0.8045 -0.8155

Constant 8.0093 8.0877 8.1197 8.1451 8.1812

r -0.2267 -0.23 -0.2296 -0.233 -0.2384

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Comparison of long-term versus short-term key role players' trend lines

Slope p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Constant p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Table 7: measures for content contribution rank trend lines for content contributors

The identified content contribution rank trend differences promise to be useful in 

early identification of long-term content contribution key role players.

Similarly regression analysis was performed for long-term and short-term content 

contributor's opinion leadership ranks (Figure 30 and Table 8) and boundary spanning 

ranks (Figure 31 and Table 9) over the first ten weeks after joining the network. The 

comparison of opinion leadership rank trend lines for long-term and short-term content 

contributor key role players shows that long-term content contributor key role players 

generally have higher opinion leadership ranking early in the membership trajectory. As 

time passes, long-term content contributor key role players' opinion leadership rank 

increased while short-term content contributor key role players' decreased. 

The relationship between the boundary spanning rank trend lines of long-term and

short-term content contributor key role players stays relatively stable over time as their 

slopes are similar, but the long-term content contributor key role players generally have 

higher boundary spanning rank than the short-term ones (Figure 31 and Table 9). 
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K-fold Fold A Fold B Fold C Fold D Fold E

Long-term content contributor key role players' trend lines

Slope 0.1717 0.1167 0.3004 0.2978 0.2978

Constant 14.2393 15.0237 14.1356 13.9159 13.9159

r 0.0249 0.0159 0.0405 0.0408 0.0408

p 0.3416 0.5446 0.1229 0.1202 0.1202

Short-term content contributor key role players' trend lines

Slope -0.9113 -0.9181 -0.9259 -0.9578 -0.9578

Constant 10.8048 10.6896 10.6425 10.9602 10.9602

r -0.1918 -0.1953 -0.1976 -0.2028 -0.2028

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Comparison of long-term versus short-term key role players' trend lines

Slope p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Constant p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Table 8: measures for opinion leadership rank trend lines for content contributors

Figure 30: opinion leadership rank trend lines for content contributors 
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K-fold Fold A Fold B Fold C Fold D Fold E

Long-term content contributor key role players' trend lines

Slope -0.6621 -0.7307 -0.6925 -0.6599 -0.6193

Constant 7.9779 8.726 8.4083 8.0287 7.9352

r -0.1632 -0.1741 -0.1661 -0.1644 -0.1523

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Short-term content contributor key role players' trend lines

Slope -0.6079 -0.6081 -0.5961 -0.6047 -0.5962

Constant 5.3661 5.3563 5.2444 5.3037 5.3304

r -0.2125 -0.2137 -0.2135 -0.1644 -0.2074

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Comparison of long-term versus short-term key role players' trend lines

Slope p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Constant p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Table 9: measures for boundary spanning rank trend lines for content contributors

Illustration 1: boundary spanning rank trend lines content contributors 
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The trend line slopes identified for the long-term content contributor key role 

players' boundary spanning ranks over the first ten weeks of joining the network were 

found to be less distinguishable as the content contribution rank and opinion leadership 

rank trend lines.

4.4.2. Long-term opinion leaders' membership trajectories (RQ1b)

Opinion leader key role players differ from other members of the socio-technical 

network in that they earn more attention from other network members. Findings show 

that the majority of opinion leader key role players only played this key role for a short 

time (n = 2,053) while a minority (7.51%) are long-term opinion leader key role players 

(n = 194), playing the key role for six weeks or more during their initial 34 weeks in the 

network. This study further explored the potential differences in the membership 

trajectories of short-term and long-term opinion leader key role players and found that the

have a generally higher opinion leadership rank (Figure 31 and Table 10). Not 

surprisingly this difference between long-term and short-term opinion leader key role 

players increases over time.

While it was not unexpected that long-term opinion leader key role players in 

general have a higher opinion leadership ranking it was interesting to find that they 

generally also have an increasingly higher content contribution rank (Figure 32 and Table

11).

The boundary spanning rank trend lines for long-term and short-term opinion 

leader key role players indicated in general a fairly similar initial rank level (Figure 33

and Table 12). However over time, long-term opinion leader key role player's boundary 

spanning rank declines somewhat slower than that of short-term opinion leader key role 

players, suggesting that the former are more engaged in long-term boundary spanning 

activity.
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K-fold Fold A Fold B Fold C Fold D Fold E

Long-term content contributor key role players' trend lines

Slope -0.4717 -0.5391 -0.5941 -0.4722 -0.5119

Constant 14.55 14.6216 15.1876 14.187 14.8486

r -0.0735 -0.0867 -0.0932 -0.0759 -0.08

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Short-term content contributor key role players' trend lines

Slope -0.9592 -0.979 -0.972 -0.985 -0.9421

Constant 9.1312 9.356 9.2846 9.4023 9.1084

r -0.2501 -0.2513 -0.2504 -0.2511 -0.2446

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Comparison of long-term versus short-term key role players' trend lines

Slope p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Constant p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Table 10: measurements for opinion leadership rank trend lines for opinion leaders

Figure 31: opinion leadership rank trend lines for opinion leaders
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K-fold Fold A Fold B Fold C Fold D Fold E

Long-term content contributor key role players' trend lines

Slope -0.3871 -0.4418 -0.4977 -0.3828 -0.453

Constant 11.8553 11.855 12.4362 11.7938 12.4043

r -0.0693 -0.0808 -0.0891 -0.0685 -0.0803

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Short-term content contributor key role players' trend lines

Slope -0.7498 -0.7648 -0.7566 -0.7744 -0.7441

Constant 7.2077 7.3706 7.3021 7.4466 7.2457

r -0.2317 -0.2335 -0.2318 -0.2341 -0.2296

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Comparison of long-term versus short-term key role players' trend lines

Slope p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Constant p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Table 11: measurements for content contribution rank trend lines for opinion leaders

Figure 32: content contribution rank trend lines for opinion leaders
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K-fold Fold A Fold B Fold C Fold D Fold E

Long-term content contributor key role players' trend lines

Slope -0.7192 -0.7393 -0.8473 -0.7469 -0.8047

Constant 7.7465 7.621 8.6038 7.7783 8.4151

r -0.1897 -0.2008 -0.2104 -0.1975 -0.1993

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Short-term content contributor key role players' trend lines

Slope -0.6863 -0.7279 -0.7217 -0.7231 -0.7069

Constant 5.8093 6.179 6.1287 6.1506 6.0476

r -0.2394 -0.2408 -0.2419 -0.2395 -0.2352

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Comparison of long-term versus short-term key role players' trend lines

Slope p 0.5491 0.8384 0.029 0.6729 0.0909

Constant p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Table 12: measurements for boundary spanning rank trend lines for opinion leaders

Figure 33: boundary spanning rank trend lines for opinion leaders
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After reviewing these content contribution rank, opinion leadership rank, and 

boundary spanning rank trend lines for long-term opinion leader key role players it 

appears that they are more distinguishable by their content contribution and opinion 

leader ranks, and less so by their boundary spanning rank. This makes content 

contribution rank and opinion leadership rank the better variables to use for developing a 

prediction model for  identifying new socio-technical network members who are likely to

become long-term opinion leader key role players in the future.

4.4.3. Long-term boundary spanners' membership trajectories (RQ1c)

Boundary spanner key role players differ from other members of the socio-

technical network in that they are more active across different user spaces than other 

network members. Findings showed that the large majority of boundary spanner key role 

players only played this key role for a short time (n = 1,484) while a small minority (2%) 

are long-term boundary spanner key role players (n = 26), playing the key role for six 

weeks or more during their initial 34 weeks in the network. 

This study further explored the potential differences in the membership 

trajectories of short-term and long-term boundary spanner key role players and found that

long-term boundary spanner key role players in general displayed positive slopes for both

boundary spanning rank (Figure 34 and Table 13), content contribution rank (Figure 35

and Table 14), and opinion leader rank (Figure 36 and Table 15) trend lines. But while 

long-term boundary spanner key role players generally start their membership trajectories

with a generally slightly higher content contribution rank than short-term boundary 

spanner key role players, the opposite is the case for boundary spanning and opinion 

leadership ranks. 

The number of long-term boundary spanner key role players identified is rather 

small (n = 26) so we should be careful about drawing conclusions about these findings.
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K-fold Fold A Fold B

Long-term content contributor key role players' trend lines

Slope -0.1883 0.4606

Constant 8.0667 3.5436

r -0.0342 0.1048

p 0.6993 0.2354

Short-term content contributor key role players' trend lines

Slope -1.1665 -1.2352

Constant 9.731 10.1954

r -0.3208 -0.3317

p <0.0001 <0.0001

Comparison of long-term versus short-term key role players' trend lines

Slope p 0.001 <0.0001

Constant p <0.0001 0.0028

Table 13: measures for boundary spanning rank trend lines for boundary spanners

Figure 34: boundary spanning rank trend lines for boundary spanners
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K-fold Fold A Fold B

Long-term content contributor key role players' trend lines

Slope 1.034 1.7664

Constant 3.4821 10.3385

r 0.1737 0.1939

p 0.048 0.027

Short-term content contributor key role players' trend lines

Slope -0.4333 -0.4931

Constant 5.2806 5.7205

r -0.1327 -0.1518

p <0.0001 <0.0001

Comparison of long-term versus short-term key role players' trend lines

Slope p <0.0001 <0.0001

Constant p <0.0001 <0.0001

Table 14: measures for content contribution rank trend lines for boundary spanners

Figure 35: content contribution rank trend lines for boundary spanners
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K-fold Fold A Fold B

Long-term content contributor key role players' trend lines

Slope 0.7678 2.517

Constant 4.8769 7.7641

r 0.1277 0.2506

p 0.1476 0.004

Short-term content contributor key role players' trend lines

Slope -0.5809 -0.665

Constant 7.0688 7.7179

r -0.1466 -0.1663

p <0.0001 <0.0001

Comparison of long-term versus short-term key role players' trend lines

Slope p 0.0001 <0.0001

Constant p <0.0001 <0.0001

Table 15: measures for opinion leadership rank trend lines for boundary spanners

Figure 36: opinion leadership rank trend lines for boundary spanners
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4.5. Predicting who will become long-term key role players (RQ2)

Research question 2 asked how the identified distinguishing membership 

trajectory variables could be used to predict which new socio-technical network members

are likely to fulfill long-term key roles in the future. To address this question predictive 

models were developed based on the previous comparison of long-term and short-term 

key role players' key role rank trends over their first ten weeks as socio-technical network

members.  These predictive models were then tested using k-fold cross-validation based 

on the same folds used for the simple regression analysis. The results of the tests were 

evaluated based on how the predictive model scored on recall and precision. In figure 37 

recall is the percentage of true positives (correctly identified future long-term key role 

players) out of the total future long-term key players among the new members, while 

precision is the percentage of the new members selected based on the prediction that are 

correctly identified future long-term key role players. The future long-term key role 

players who are not found in the selection based on the prediction model are called false 

negatives, while the new members who are found in the selection based on prediction that

are not future long-term key role players are called false positives.

Figure 37: explaining recall and precision evaluation



84

To better compare the prediction performance of multiple prediction models 

precision and recall were combined in a harmonic mean, or F-measure. This F-measure 

puts equal weight on precision and recall, and is calculated as follows.

F−measure=2⋅
precision⋅recall
precision+recall

4.5.1. Predicting who will become long-term content contributors (RQ2a)

When investigating the differences in initial membership trajectories between 

long-term and short-term content contributor key role players, it was discovered that they 

differed mostly in their content contributor rank trend over the first ten weeks after 

joining the network. Based on this, new members' cumulative weekly content contributor 

rank was used to create a prediction model to identify which new members were more 

likely to become long-term content contributors. Evaluated by precision and recall this 

prediction model proved to be relatively successful in predicting future long-term content

contributors (Figure 38). 

The proposed prediction model performed better than random selection after one 

week of membership, and the prediction recall and precision improved with time as more 

information was available about the new members (Table 16). After one week of 

membership 10% of the new members selected based on the cumulative content 

contribution rank were correctly identified future long-term key role players (precision) 

making up 20% of the total future long-term key players (recall). After two weeks 20% 

recall yielded 30% precision, and after three weeks 20% recall yielded 50% precision.
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Precision F-measure (Harmonic Mean)

Random Week 1 Week 2 Week 3 Week 4 Week 5 Week 10

10% 0.02868 0.12626 0.16487 0.17579 0.17879 0.17951 0.18125

20% 0.03089 0.14063 0.23846 0.28732 0.31053 0.31651 0.33016

30% 0.03171 0.13888 0.23453 0.34055 0.38352 0.40126 0.45205

40% 0.03213 0.13128 0.22201 0.32489 0.39818 0.41081 0.54275

50% 0.03239 0.10376 0.20955 0.28305 0.37702 0.42837 0.60835

60% 0.03257 0.07782 0.17532 0.24517 0.34263 0.39568 0.64718

70% 0.03269 0.06262 0.13949 0.22064 0.27898 0.33577 0.62698

80% 0.03279 0.05694 0.09085 0.16155 0.19750 0.27975 0.57600

90% 0.03286 0.06089 0.07032 0.08446 0.11418 0.15459 0.37693

100% 0.03292 0.06478 0.06448 0.06469 0.06449 0.06481 0.06857

Table 16: F-measure for long-term content contribution key role player prediction model

Figure 38: long-term content contribution key role player prediction model 

evaluation
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4.5.2. Predicting who will become long-term opinion leaders (RQ2b)

The differences in initial membership trajectories between long-term and short-

term opinion leader key role players were a little more complex. They were found to 

differ both in their opinion leader rank trends and in their content contributor rank trend 

over the first ten weeks after joining the network. This lead to the development of three 

different prediction models: prediction model A was based on the new members' 

cumulative opinion leader rank (Figure 39), prediction model B was based on the content 

contribution rank of new socio-technical network members receiving opinion leadership 

attention (Figure 40), and prediction model C combined the new members' cumulative 

opinion leader and content contributor ranks (Figure 41). 

When comparing the F-measures for the three prediction models we see that the 

long-term opinion leader key role player prediction model B (Table 18), based on new 

members' cumulative opinion leadership rank, overall performed a little poorer than 

prediction model A (Table 17) tested previously. When combining the two membership 

trajectory variables into a third prediction model C (Table 19) the overall performance 

was slightly better than model B, but slightly poorer than model A. However, if we look 

at the individual weeks, we see that model B performed marginally better for Week 1, 

while model A generally performed best for all the other weeks. Likewise, if we compare 

by precision, we see that model C performed marginally better at 10% precision, both 

model B and C preformed marginally better than model A at 100%, while model A 

generally performed best at all other precision levels.

All three prediction models A, B, and C, preformed considerably better than 

random selection, concluding that to a certain degree future long-term opinion leader key 

role players can successfully be identified among new socio-technical network members 

as early as their first week in the network.
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Precision F-measure (Harmonic Mean)

Random Week 1 Week 2 Week 3 Week 4 Week 5 Week 10

10% 0.05532 0.14734 0.16484 0.17574 * 0.17774 * 0.17807 0.18102

20% 0.06420 0.23836 * 0.27478 * 0.30036 * 0.31365 * 0.31660 * 0.32844 *

30% 0.06783 0.26203 * 0.33505 * 0.38050 * 0.40800 * 0.42658 * 0.44747 *

40% 0.06980 0.25776 0.37193 * 0.42866 * 0.46721 * 0.49756 * 0.54732 *

50% 0.07104 0.18871 0.38921 * 0.45036 * 0.48661 0.53702 * 0.62586 *

60% 0.07189 0.15702 0.36055 * 0.45874 * 0.49908 * 0.55425 * 0.68396 *

70% 0.07251 0.14538 * 0.29394 * 0.44680 * 0.49779 * 0.54407 * 0.72221 *

80% 0.07299 0.14917 0.20353 0.35462 0.46248 * 0.52569 * 0.70830 *

90% 0.07336 0.15057 0.15890 * 0.20926 0.32519 0.43719 * 0.62967 *

100% 0.07366 0.15795 0.15700 0.15733 0.15843 0.15914 0.22498 *

Table 17: F-measure for prediction model A (* best results of the 3 models)

Figure 39: long-term opinion leader key role player prediction model A 

evaluation
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Precision F-measure (Harmonic Mean)

Random Week 1 Week 2 Week 3 Week 4 Week 5 Week 10

10% 0.05532 0.15306 * 0.16414 0.17452 0.17716 0.17841 0.18129 *

20% 0.06420 0.20503 0.25908 0.29079 0.30255 0.30758 0.32597

30% 0.06783 0.23522 0.28826 0.34957 0.38303 0.39929 0.43866

40% 0.06980 0.24847 0.31868 0.37261 0.42149 0.46243 0.52643

50% 0.07104 0.21190 * 0.32692 0.38586 0.43505 0.48070 0.58448

60% 0.07189 0.17033 * 0.32867 0.39175 0.43482 0.48984 0.61971

70% 0.07251 0.14354 0.28640 0.38741 0.42700 0.47893 0.60779

80% 0.07299 0.14939 * 0.20734 0.35104 0.40444 0.44635 0.56540

90% 0.07336 0.15174 * 0.15873 0.22506 0.31618 0.39066 0.51285

100% 0.07366 0.15915 * 0.15819 * 0.15853 * 0.15953 * 0.15997 * 0.20656

Table 18: F-measure for prediction model B (* best results of the 3 models)

Figure 40: long-term opinion leader key role player prediction model B 

evaluation



89

Precision F-measure (Harmonic Mean)

Random Week 1 Week 2 Week 3 Week 4 Week 5 Week 10

10% 0.05532 0.15218 0.16615 * 0.17474 0.17661 0.17845 * 0.18129 *

20% 0.06420 0.22625 0.27069 0.29963 0.30905 0.31448 0.33005

30% 0.06783 0.25476 0.32457 0.37667 0.40261 0.41647 0.44627

40% 0.06980 0.25852 * 0.35459 0.41898 0.45926 0.49173 0.54246

50% 0.07104 0.20337 0.36910 0.42403 0.49706 * 0.52461 0.61333

60% 0.07189 0.16724 0.35401 0.43506 0.49437 0.55091 0.65979

70% 0.07251 0.14341 0.28521 0.42398 0.47467 0.53974 0.69727

80% 0.07299 0.14939 * 0.20759 * 0.36650 * 0.43763 0.50425 0.68269

90% 0.07336 0.15174 * 0.15873 0.22665 * 0.33329 * 0.41298 0.58632

100% 0.07366 0.15915 * 0.15819 * 0.15853 * 0.15953 * 0.15997 * 0.21383

Table 19: F-measure for prediction model C (* best results of the 3 models)

Figure 41: long-term opinion leader key role player prediction model C 

evaluation
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4.5.3. Predicting who will become long-term boundary spanners (RQ2c)

The differences in initial membership trajectories between long-term and short-

term boundary spanner key role players were not as pronounced as for the previously 

discussed key roles. One plausible explanation for this is the low number of long-term 

boundary spanners (n = 26) despite a relatively large number of members playing the 

boundary spanner key role at least once (n = 1,510). However the most distinguishing 

trait for long-term boundary spanner key role players, based on the regression analysis 

and comparison of trend lines for long-term and short-term boundary spanner key role 

players, was content contribution rank. 

Figure 42: long-term boundary spanner key role player prediction model evaluation
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Precision F-measure (Harmonic Mean)

Random Week 1 Week 5 Week 10

10% 0.00338 0.03275 0.05551 0.12000

20% 0.00341 0.00501 0.06693 0.13297

30% 0.00342 0.00528 0.05711 0.16894

40% 0.00343 0.00641 0.04725 0.12301

50% 0.00343 0.00769 0.02009 0.10277

60.00% 0.00343 0.01024 0.02060 0.06292

70.00% 0.00343 0.01153 0.02113 0.05786

80.00% 0.00343 0.01408 0.01761 0.02331

90.00% 0.00343 0.01537 0.01886 0.02250

100.00% 0.00343 0.01665 0.01665 0.01979

Table 20: F-measure for long-term boundary spanner key role player prediction model

Not surprisingly the predictive model based on the cumulative content 

contribution rank of socio-technical network members engaging in boundary spanning 

activities barely performed better than random selection (Figure 42 and Table 20).

4.6. Overlapping member roles (RQ3)

Research question 3 focused on whether key roles in socio-technical network 

overlap so that individual members play multiple key roles, both over time and 

concurrently. Key role overlap was investigated based on the membership trajectories of 

the 2,767 socio-technical network members who had been identified as key role players 

within their first 34 weeks after joining the network. 

4.6.1. Role overlap over time

When comparing the lists of identified socio-technical network members who 

played the content contributor, opinion leader, and boundary spanner key roles, it was 

found that over half of all key role players (53.97%) played more than one key role 

during their first 34 weeks in the network (Figure 43).
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While 1,416 (46.03%) of the identified key role players only played one key role, 

1,071 (34.82%) played two key roles, and 589 (19.15%) played all three key roles 

investigated by this study. The overlapping roles open up for various role combinations 

played by the same individual (Figure 44). 

Figure 43: key role overlap in individual over time

Figure 44: key role overlap in individuals over time, details
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This reveals that the most common role overlap was between content contributor 

and opinion leader. 798 (25.94%) of the investigated key role players played each of 

these roles at some time during their first 34 weeks after joining the socio-technical 

network. Further 249 (8.09%) played both opinion leader and boundary spanner key 

roles, while only 24 (0.78%) played the content contributor and boundary spanner key 

roles.

The role distribution in Figure 44 shows how 49.09% of all key role players 

played the boundary spanner key role at some time, the majority of these (28.02%) also 

played one or two other key roles during their first 34 weeks of socio-technical network 

membership.  A similar pattern can be found for the content contributor and opinion 

leader key roles. While 66.74% played the opinion leader key role, 53.18% of these also 

played one or two other key roles. And 57.28% of all key role players played the content 

contribution role some time during their first 34 weeks in the socio-technical network, 

45.87% of these also played one or two other key roles during that time.

4.6.2. Role overlap in time

After establishing that over half of all key role players in the socio-technical 

network played more than one key role during their first 34 weeks as network members, 

the question came up whether they played these overlapping key roles at different times 

or concurrently. To investigate this further, each individual key role player's membership 

trajectory was inspected for key roles played within the same week period. Weekly data 

chunks were the smallest collection of social-technical network data examined and used 

for structural analysis defining the key roles an individual member played in the network.

It was found that as many as 488 (15.86%) individual socio-technical network members 

played all three investigated key roles concurrently at some time while 1,421 (46.20%) of

them played two key roles concurrently (Figure 45). Interestingly 72.95% of key role 

players played only one key role at some time, leaving 27.05% of socio-technical 

network key role players who never just played one key role at the time, but always 

played two or more key roles concurrently whenever they played key roles. 
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Exploring this further this key role overlap in time was divided into the actual key

role combinations played concurrently by individual socio-technical network members 

(Figure 46).

The distribution of concurrent key role combinations played by socio-technical 

network members was not dramatically different from the distribution of key roles played

by these key role players over time (Figure 44). The most common concurrent key role 

Figure 45: key roles played by individuals

Figure 46: key roles played by individuals, details
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combination is opinion leader and boundary spanner (37%). The difference between the 

content contributor / opinion leader combination (10.24%) and the content contributor / 

boundary spanner combination (2.73%) is lesser when viewed in this context.

4.6.3. Time spent in overlapping key roles

The previously presented findings established that more than half of all key role 

players played more than one of the investigated key roles during their first 34 weeks in 

the socio-technical network. Additionally it was found that most of these also played 

more than one key role at the same time. Further exploration revealed that almost half of 

the time spent playing key roles (48.01%) was spent playing multiple key roles 

concurrently (Figure 47).

Breaking down the time spent playing key roles into the various key roles targeted

by this study, and their combinations, we see in Figure 48 that the most time spent 

playing overlapping key roles was spent playing the combination of opinion leader / 

boundary spanner (32.21%). 

Figure 47: time spent in key roles and overlapping key roles



96

In addition key role players spent 10.49% of their time in key roles playing all 

three investigated key roles at the same time, while 4.26% of the time was spent playing 

the combination of content contributor and opinion leader. Finally 1.04% of the time key 

role players spent playing key roles was spent playing a combination of the content 

contributor and boundary spanner key roles.

4.6.4. Key role overlap distribution over time

After having found that key roles overlap significantly in individual members 

both over time and concurrently, the study explored how this key role overlap distribution

changed over the first 34 weeks these key role players were members of the socio-

technical network (Figure 49). The most commonly played key role played the very first 

week of joining the socio-technical network is the boundary spanner key role (38.57%). 

However already from the second week there is a sharp decline in the percentage who 

played the boundary spanner key role (down 25.43%). At the same time, from week 2 

through week 13 more than half of all key role players who played key roles played 

combinations of two or more key roles. Nevertheless, with the exception of the very first 

week, the percentage of key role overlap is gradually declining from week 2 (52.57%) to 

Figure 48: time spent in key roles and overlapping key roles, details
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week 34 (45.34%), and from week 14 and onwards the majority of key role players 

played only one key role. In particular we can see that the content contributor key role 

played as a single key role is growing regularly from week 1 (13.73%) through the period

studied to week 34 (50%).

4.6.5. Roles overlapping with the content contributor role (RQ3a)

Focusing on the content contributor key role, Figure 50 shows that the majority of

socio-technical network key role players who played this role also played the opinion 

leader key role (45.29%), and another 33.43% played all three key roles. Only 19.92% of 

key role players only played the content contributor key role, and as few as 1.35% also 

played the boundary spanner key role. 

Figure 49: key role overlap distribution over time
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Furthermore Figure 51 illustrates how the content contributor key role is overlapping 

more with other key roles earlier in key role players' member trajectories. 

Figure 50: content contributor key role overlap over time

Figure 51: content contributor key role overlap over time, details
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As many as 75.4% content contributors played one or two other key roles 

concurrently during their second week as socio-technical network members. Over time 

this distribution changes and eventually the majority of content contributor key role 

players played only the content contributor key role. This decrease in key role overlap 

within the content contributor key role seems to be mainly in the combination of content 

contributor and opinion leader key roles, decreasing from 41.34% in the first week to 

32.10% in week 34. The combination of all three key roles likewise declines from 

21.58% to 14.51%.

4.6.6. Roles overlapping with the opinion leader role (RQ3b)

Focusing on the opinion leader key role, Figure 52 shows that this key role is 

most commonly found in combination with the content contributor key role (38.37%).  In

addition 28.69% of all socio-technical network key role players playing the opinion 

leader role also played the two other key roles studied. And while 20.31% only played the

opinion leader key role, 12.13% also played the boundary spanner key role at some time 

during their first 34 weeks in the socio-technical network. 

When looking at key role overlap distribution across opinion leader key role 

players' initial membership trajectories (Figure 53), the changes are not as explicit as with

the content contributor key role. However, there is noticeably more overlap with the 

boundary spanner key role during the first week of socio-technical network membership 

(20.67%).
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Figure 52: opinion leader key role overlap over time

Figure 53: opinion leader key role overlap over time, details
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4.6.7. Roles overlapping with the boundary spanner role (RQ3c)

Focusing on the boundary spanner key role, Figure 54 illustrates how the majority

of boundary spanner key role players (41.91%) only played the boundary spanning key 

role during their first 34 weeks in the socio-technical network, while as many as 39.01% 

of boundary spanner key role players also played the content contributor and opinion 

leader key roles.

Furthermore, 16.49% of opinion leader key role players also play the boundary 

spanner key role at some time, and only 1.59% played both the content contributor and 

the boundary spanner key roles.

When looking at the 34 first weeks in the boundary spanner key role players' 

membership trajectories the boundary spanner key role is mainly played alone or in 

concurrence with both the content contributor and opinion leader key roles

Figure 54: boundary spanner key role overlap over time
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Figure 55: boundary spanner key role overlap over time, details
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5. DISCUSSION

This chapter will discuss and explore some of the possible explanations and 

implications of the findings presented in the previous chapter. While the findings in this 

study were based on quantitative research it is valuable to have a closer look at some case

examples of the individual socio-technical network members playing the various key 

roles and key role overlaps presented in the findings, illustrating some of the underlying 

actions and interactions in the network. The randomly selected case examples that are 

included in the discussion have been anonymized to preserve the privacy of the 

individual socio-technical network members. 

5.1. Participation Inequality

The distribution of socio-technical network key role activities and key role 

players found in this study is aligned with the Pareto principle, supporting the 

participation inequality found in other socio-technical networks where a minority of 

members are responsible for a majority of the activity (Bezzubtseva & Ignatov, 2012; 

Brandtzæg, 2012; Nielsen, 2006; Whittaker et al., 1998). While previous research has 

mainly focused on participation inequality in content contribution, this study found the 

same participation inequality within opinion leadership and boundary spanning activities. 

This indicates that other socio-technical network member roles not studied here may 

follow a similar distribution.

5.2. High activity among new socio-technical network members 

While earlier research proposed that new members in socio-technical networks 

start out as somewhat passive novices and gradually grow into more active members over

time (Preece et al., 2004; Preece & Shneiderman, 2009), this study found that for all the 

three key roles investigated the majority of key role players started out being highly 

active shortly after joining the network. One possible explanation for this is that the 

Tapped In socio-technical network platform allows individuals to first enter the network 
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in a temporary and limited guest capacity, providing an opportunity to visit and explore 

the network before deciding to become a member. However according to Sonnenbichler 

(2009) and Kim (2000) the visitor stage is separate from the novice stage, preceeding it 

and not replacing it. While Sonnenbichler states that members in the novice stage are 

mainly information consumers and partly producers, and differentiates them from active 

members, this study found that key role players were most active during their very first 

stage of membership. This suggests that key role players are skipping the novice stage all 

together, and start out as active members immediately after joining the socio-technical 

network (Figure 4). 

Since this study addressed the activity data in weekly time chunks, further 

research into members' first minutes, hours, and days in the network is needed to explore 

the possibility of a short novice stage preceeding the observed high initial key role 

activity levels. Even though it was found that both content contributors, opinion leaders, 

and boundary spanners started playing these key roles very shortly after joining the 

network, the underlying causes for this phenomena may differ for each role.

Figure 56: revised membership life cycle model
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5.2.1. Initial content contributor key role players

 The study found that 36.34% of content contribution key role players studied 

started playing the key role already the very first week after joining the socio-technical 

network, and 75.09% played the key role within the first five weeks of membership. This 

supports previous findings by Panciera et al. (2010) indicating that content contributors' 

degree of activity differs from other members from the very first day they join the 

network. Past research has shown that people contribute to socio-technical networks 

largely based on intrinsic motivation (M. Wasko & Faraj, 2000; Yang & Lai, 2010), like 

enhancing the content contributors' sense of meaningfulness (X. M. Zhang & Zhu, 2006),

as well as altruistic motives (Tedjamulia et al., 2005). On the other hand, there might be 

explanations for this phenomena related to the topic and nature of the given socio-

technical network and its demographics. The Tapped In member population are 

educational professionals who are used to sharing information, answering questions, and 

passing on knowledge. Engaging in content contribution behavior may be part of their 

social identity and group norm  (Zhou, 2011). 

Content contributor key role players may also have some extrinsic motivations. 

Theresa is an example of a prolific first week content contributor in Tapped In. In some 

of her first chat entries she is introducing herself (Table 21).

Theresa: Hi. I am just signing up and checking things out for my college course.

Theresa: I have never been in a public chat room. Only WebCT at college. I am a high 

school Chemistry teacher. I should be mre tech savy :(

Table 21: case example Theresa – chat #1

Theresa joins in Tapped In to attend in a college class hosted by one of the Tapped

In tenants, thus having extrinsic motivations for participating. After a very active first 

week, chatting and participating in discussions both with her classmates and other Tapped

In members, she earns the status as a content contributor key role player. 
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Theresa: Hi Hannah! You were here the first time I logged on last Tuesday. Do you volunteer 

a lot? I would like to set up an office.

Table 22: case example Theresa – chat #2

Theresa establishing her own virtual territory in the network (Table 22) may 

indicate that she also has some intrinsic motivations. The topics and members in Tapped 

In may appeal to her social identity (Zhou, 2011), and she might be feeling a sense of 

relatedness (X. M. Zhang & Zhu, 2006), thus contributing to Theresa's intrinsic 

motivations.  Five months later, after she has completed her college class, Theresa 

decides to stay in Tapped In and use it with her own K-12 students so she solicits 

facilitator Ruth's help (Table 23).

Theresa: I originally created my office for the purposes of a Masters class that I was taking.

Theresa: I now want to convert it into an ineractive office that I can use with my students.

Ruth: are your students K-12?

Theresa: How do I provide them access?

Theresa: High school chemistry.

Ruth: I recommend that you create a group in the K-12 Student campus

Table 23: case example Theresa – chat #3

Theresa is just one example of a socio-technical network member who starts 

playing the content contributor key role the very first week she joins the network. 

Through her high level of content contribution, both as a graduate student, a professional 

development participant, and a teacher, Theresa also evolved into a long-term content 

contributor key role player in the socio-technical network.

Further investigations should be made to explore exactly how soon content 

contributor key role players start playing the key role in other socio-technical network 

contexts, and which factors affect how long it takes for content contributors to take on the

key role after joining the network.
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5.2.2. Initial opinion leader key role players

The study also found that as many as 27.57% of opinion leader key role players 

played the opinion leader key role the very first week after joining the socio-technical 

network, and 76.96% played the key role within their first five weeks of membership. 

One possible explanation for this is that opinion leaders are early adapters who like to try 

out new things (X. Zhang & Dong, 2008). So individuals who are already opinion leaders

may easily move their opinion leader activities into a new context like a new socio-

technical network.  

Warren is a case example of an instant opinion leader in Tapped In. He first joins 

Tapped as an invited speaker to present for a group via chat.

Warren: Hi everyone

Warren: Nice to be here with such a diverse group.

Warren: (Shameless book plug here: 

http://www.url_address_to_information_about_book.com)

Table 24: case example Warren – chat #1

As an invited speaker and author, Warren is also enjoying high social status, (E. 

M. Rogers, 1964) and connects with the public closely (X. Zhang & Dong, 2008), which 

are other characteristics common to opinion leaders. Over a couple of weeks Warren 

presents in different virtual room contexts via chat, answering questions with an audience

of other members present. This earns Warren a high opinion leadership rank for the 

weeks he presents. Warren is an example of someone who plays the opinion leader key 

role the very first week he joins the socio-technical network. Warren is also a short-term 

opinion leader key role player as he only plays the key role those two weeks he is 

presenting for groups in Tapped In.

5.2.3. Initial boundary spanner key role players

 Even more so than for content contributor key role players and opinion leader 

key role players, the study found that boundary spanner key role players often played the 
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key role the very first week after joining the socio-technical network. 73.58% of the 

boundary spanner key role players played this key role during the very first week after 

joining the socio-technical network, and 98.28%  played the key role within their first 

five weeks of membership. A possible explanation to this is that some members join the 

network on a mission, searching to find answers to questions they may have. This was the

case with Alice, as her very first chat entries in Tapped In illustrates (Table 25).

Alice: I need an opinion

Alice: from teachers

Alice Im currently a long-term substitute but have a education question

Alice: Will anyone here give me an opinion?

Table 25: case example Alice – chat #1

It turned out that Alice was experiencing something at her work place that made 

her concerned, and was seeking advice on educational and legal matters. She spent over 

four hours visiting various room contexts seeking advice and discussing the situation in 

depth via chat with different network members. All this activity and connecting in 

different socio-technical network contexts made her a boundary key role player for her 

first week in the network. 

Bill is another case example of a short-term boundary spanner who is playing the 

boundary spanning key role shortly after joining the socio-technical network. Bill is also 

on a mission, however his mission involves evaluating Tapped In as a possible context for

hosting a community of practice. He is greeted by a facilitator, Ruth, who points him 

towards more information about Tapped In (Table 26).
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Bill: I'm in the process of developing a Communities of Practice. Any 

ideas...thought of using Moodle. I hope to use this interface as well.

Ruth: have you seen the Tapped In papers page?

Bill: Just now coming into TI...I'll take a look at the papers. Any known interface 

between TI and Moodle?

Table 26: case example Bill – chat #1

Bill spends significant time the following days exploring various virtual room 

contexts, reading discussion posts, and discussing Tapped In with other members. All this

activity in different room contexts earns him high boundary spanning rank, making him a 

boundary spanner key role player during his first week in the network. 

Besides being on a mission, another possible explanation to playing the boundary 

spanning key role so early may be that new members spend more time exploring the 

network and visiting various virtual room contexts learning about the network and 

searching for groups and members they may share commonalities with. A case example 

illustrating this will be discussed later (Table 28).

As observed in previous research and seen from the case examples, there may be 

many different reasons for key role players to start playing key roles shortly after joining 

the socio-technical network.  Further research is needed, both to explore these causes for 

high initial key role activity as well as investigating potential differences between initial 

key role activity and key role activity performed by established members. One 

implication for this initial high activity level by key role players is that it provides more 

information about key role players' early membership trajectories than previously 

believed. This information can be used both to predict whether they will be long-term key

role players and to better customize their membership experience. Another implication of 

early key role player activity is that socio-technical network interfaces and functionalities

can be better designed to facilitate, capture, and exploit initial member contributions.

5.3. Only a minority of key role players played the key roles long-term

While the study found that the majority of key role players start playing key roles 

very shortly after joining the socio-technical network, it was also found that only a 
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minority of key role players played the key roles long-term. This unequal distribution of 

long and short-term key role players was found across all three key roles studied and may

be another expression of the previously discussed participation inequality, this time 

expressed by time. While key role players are more valuable to the success of the socio-

technical network than non-key role players, long-term key role players are even more so.

In general there has been little prior research on the difference between long-term and 

short-term key role players in socio-technical networks. 

5.3.1. Long-term content contributor key role players

Long-term content contributor key role players are socio-technical network 

members who persistently contribute a relatively high amount of content to the network. 

The study found that only 14.36% of content contributor key role players played the key 

role more than five weeks during their first 34 weeks as members of the socio-technical 

network. One explanation for such persistent high activity may be that the given network 

member has established personal relationships and interactions that are maintained via 

participation on the socio-technical network. 

Glen is a case example of a long-term content contributor. A retired middle school

teacher who enjoys composing music, he spends most of his time in Tapped In socializing

via chat with other network members. Glen develops chat relationships with other 

regulars, keeping each other updated on what is going on in their lives. Glen is not an 

initial content contributor key role player, but he evolves into the key role four weeks 

after joining the socio-technical network and keeps playing it long-term. Glen's prolific 

content contribution is only expressed through chat. Even if he reads hundreds of 

discussion messages in various virtual room contexts he only contributes one himself. As 

a retired educator, Glen's prolific chat participation may be motivated by a sense of 

relatedness with other educators, as well as social identity and group norm, which all 

have been found by prior research to have significant effects on user participation (X. M. 

Zhang & Zhu, 2006; Zhou, 2011). His contributions might also be motivated by social 

recognition like attention, recognition, commendations, compliments, and praise 

(Tedjamulia et al., 2005) as he often shares links to his music compositions with other 
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network members. 

5.3.2. Long-term opinion leader key role players

Long-term opinion leader key role players are socio-technical network members 

whose contributions persistently receive relatively high amounts of attention from other 

network members.  The study found that only 28.11% of opinion leader key role players 

played the key role six weeks or more during their first 34 weeks as members. 

Kate is a case example of a long-term opinion leader key role player. She first 

joins Tapped In to participate in a professional development workshop. She has 

experience using IRC, and she leverages this knowledge when getting started interacting 

via the Tapped In chat (Table 27).

Kate It's actually just like mIRC

Table 27: case example Kate – chat #1

Kate's previous experience with chatting may have made her feel more 

comfortable with using the chat tool than many other new members lacking such 

experience. Kate also initially spends a bit of time in Tapped In exploring various virtual 

room contexts and functionalities in Tapped In. Her behavior resonates with previous 

research, which has found that opinion leaders in socio-technical networks often have 

greater computer skills and are more exploratory (Lyons & Henderson, 2005). Kate visits 

ten different rooms during her first day in Tapped In, and she also starts chat 

conversations with random members present in the various rooms she visits (Table 28).

Kate Sorry...I'm not trying to be rude...I'm exploring :)

Don Please DO explore

Mona hey enjoy!

Kate Thank you :)

Table 28: case example Kate – chat #2
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Through her friendly smalltalk and active participation in the workshop chats and 

discussions, Kate has a lot of people reading her contributions and she earns a high rank 

in opinion leadership both during her first week in the socio-technical network and later. 

Through her exploration and random chats with people she meets in the various virtual 

rooms she visits, Kate earns high boundary spanning ranks her first week in Tapped In, 

making her a boundary spanner key role player that week. Kate is an example of a socio-

technical network member who is both a short-term boundary spanner key role player, 

playing the boundary spanner key role while exploring the very first week after joining 

the network, as well as a long-term opinion leader key role player. Based on the case 

example of Kate, a possible explanation for network members becoming long-term 

opinion leaders is that they are active thought leaders in a regular group in the socio-

technical network, like an ongoing course, providing them with a persistent and attentive 

audience for their contributions.

5.3.3. Long-term boundary spanner key role players

Long-term boundary spanner key role players are socio-technical network 

members who persistently are active in multiple network contexts. The study found that 

as few as 1.72% of boundary spanner key role players played the key role more than five 

weeks during their first 34 weeks as members. 

Dave is a case example of a long-term boundary spanner key role player. He is a 

retired high school teacher who only engages with other Tapped In members via 

discussion forums. Dave spends time regularly reading and replying to discussion posts 

in a variety of different virtual room contexts, earning him a long-term boundary spanner 

key role. He seems to mainly use the socio-technical network for information exchange, 

acting as a boundary spanner by crossing virtual room context boundaries and sharing 

expertise (Levina & Vaast, 2005). In addition to being a long-term boundary spanning 

key role player, Dave also plays the opinion leader key role a couple of times, earning 

attention from other network members via his informative discussion posts. There may be

differences between the boundary spanning performed by new members, searching (Table

25) and exploring (Table 28), versus boundary spanning performed by established 
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members of the socio-technical network. Both activities are important and should be 

studied further.

The few case examples discussed here provide some indications of the various 

motivations, actions, and interactions that may be involved in long-term key role playing.

Given that long-term key role players are vital to the success of socio-technical networks 

this is an area that should be explored more.

5.4. Distinguishing long-term key role players' membership trajectories 

(RQ1) 

Research question 1 asked: what distinguishes the membership trajectories of 

long-term key member roles in socio-technical networks. It further asked what 

distinguishes the membership trajectories of long-term content contributors (RQ1a), long-

term opinion leaders (RQ1b), and long-term boundary spanners (RQ1c) in socio-

technical networks.

It was found that long-term content contributor key role players in general have 

higher content contribution rank than short-term content contributor key role players 

from the very start of their membership trajectories, and that this difference increases 

over time. This is supported by prior research that has found that socio-technical network 

members who contribute to the network frequently are more likely to continue to 

participate (Joyce & Kraut, 2006). However, it was interesting to find that opinion 

leadership rank trends follow the same trend for content contributors. One explanation for

these findings may be that some members join Tapped In to participate in hosted courses 

and workshops that require high levels of content contribution activities over a longer 

period of time. This both accounts for the initial high level of content contributions as 

well as playing long-term content contributor key roles. In addition, course or workshop 

participants interacting with other course participants consistently have an audience 

attending to the content they are contributing, which in turn adds to their opinion leader 

rank. Still, an individual member's content contribution rank is relative to the overall 

content contribution activity in the network, and not all course participants are 
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continuously highly active, so this should not be interpreted as meaning that all course 

participants are long-term content contributor key role players. The previously discussed 

case examples also indicated that not that all long-term content contributor key role 

players are course participants.

Finding that long-term opinion leaders have a higher opinion leadership rank than 

short-term opinion leader key role players is not surprising. Similarly it is not unexpected

to find that long-term opinion leaders also have higher content contribution rank. Opinion

leadership is at heart about having an audience for one's contributions. If a socio-

technical network member's contributions are of high quality and they in addition have a 

high content contribution rank, then their opinion leadership rank would increase in turn. 

These co-occurrences of content contribution and opinion leadership rank developments 

for both long-term content contributor and long-term opinion leader key roles are not 

surprising when considering the considerable key role overlap between these two key 

roles.

While the study found that, for the content contributor and boundary spanner 

long-term and short-term key role player membership trajectory content contribution and 

opinion leadership key role, rank trend lines were statistically significantly different 

(p<0.0001), the high unrelated variability (low r squared) found for all the trend lines 

indicated weak correlation. Because of this, the trend lines should be considered more as 

suggested distinguishing differences between long-term and short-term key roles than 

practically significant differences. Boundary spanning rank proved to be overall less of a 

distinguishing trait than content contribution and opinion leadership ranks. 

While the findings indicated that content contribution and opinion leadership rank

also would distinguish long-term versus short-term boundary spanner key role players, 

we should be careful about drawing conclusions about this as the low number of long-

term boundary spanner key role players (n = 26) made findings related to their 

membership trajectories more unreliable and prone to be affected by individual 

variations. 

While this study used readily available key role ranks to investigate differences in 

membership trajectories between long-term and short-term key role players, additional 
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membership trajectory traits could have been investigated to further distinguish these 

groups. It is likely that membership trajectories for key role players may differ in other 

socio-technical networks depending on factors like member demographics, network 

topics, and member activities supported. However the steps used in this study to identify 

distinguishing membership trajectory traits for long-term key role players could possibly 

be tested and used in other socio-technical networks for the same purpose. Further 

investigations are needed to explore how long-term key role membership trajectories may

differ in different socio-technical networks and which factors may contribute to these 

differences.

5.5. Long-term key role players predictions (RQ2)

Research question 2 asked how membership trajectories could be used to predict 

which socio-technical network members are likely to fulfill long-term key roles. It further

asked specifically how these trajectories can be used to predict which socio-technical 

network members are likely to become long-term content contributors (RQ2a), long-term 

opinion leaders (RQ2b), and long-term boundary spanners (RQ2c).

Future member behavior in socio-technical network is most likely never going to 

be an exact science as humans act based on a variety of known and unknown extrinsic 

and intrinsic motivations. With this in mind, the predictive models for long-term content 

contributor and opinion leader key role players developed in this study were evaluated to 

be relatively successful at predicting future long-term key role players. The predictive 

model for long-term boundary spanner key role players barely performed better than 

random selection. A possible explanation for this is that the low number of long-term 

boundary spanners available in the data set making testing highly affected by individual 

variations in membership trajectories. Another potential explanation is that the short-term

and long-term boundary spanning found in the study may represent two different roles, 

where short-term boundary spanners are explorers, while the long-term boundary 

spanners are more true boundary spanners.

Further research could be done to improve the prediction models developed by 
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this study by investigating and testing other membership trajectory variables in addition 

to the key role ranks. Because member demographics, themes, and supported member 

actions and interactions may differ from each socio-technical network, it is likely that 

models to predict future network role players will be most successful if developed for the 

network type or specific network in question. Further research in socio-technical network

member role prediction is needed to explore this.

5.6. Socio-technical network member roles overlap (RQ3)

Research question 3 asked to what extent do socio-technical network member key

roles overlap. When investigating key role overlap in individuals over time, this study 

found that over half of all key role players (53.97%) played more than one key role 

during their first 34 weeks in the network. Furthermore, when exploring to what extent 

individual socio-technical network members played more than one key role at the same 

time, this study found that as many as 15.86% of all key role players played all three 

investigated key roles concurrently while 46.20% of them played two key roles 

concurrently. 

Frank is a case example of a socio-technical network member who plays all three 

key roles investigated by this study. He apparently has discovered Tapped In by himself 

and has a positive first impression of the socio-technical network (Table 29).

Frank: Hi! I just signed up.  Looks like a wonderful place for eduacators

Table 29: case example Frank – chat #1

After exploring the network on his first day there, Frank returns the next day to 

explore some more, occasionally sharing his thoughts in the chat (Table 30).

Frank: I need to explore yet.  Get the feel.

Table 30: case example Frank – chat #2
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Frank keeps logging in to Tapped in and starts connecting with other members as 

well as participating in groups and activities in various contexts.

Frank: I feel "Tapped-In" is a good place for like minds to get together.

Table 31: case example Frank – chat #3

After three weeks Frank has become a content contributor key role player and 

boundary spanner key role player, and after four weeks he becomes an opinion leader key

role player. Five months after he first joined Tapped In, Frank is organizing and hosting 

his first group chat event. While Frank's first activity in the socio-technical network does 

not make him an initial key role player, he evolves into both a long-term content 

contributor, opinion leader, and boundary spanner key role player, playing the three key 

role concurrently over time. 

The overlap in time and concurrency of key roles found in this study questions the

assumption of role exclusivity that seem to be underlying some of the previous research 

on member roles in socio-technical networks.  

Research question 3 also asked specifically to what degree the role of content 

contributor overlaps with the role of opinion leader (RQ3a), the role of opinion leader 

overlaps with the role of boundary spanner (RQ3b), and the role of boundary spanner 

overlaps with the role of content contributor (RQ3c). The study found that all of the three 

key roles investigated overlapped to various degrees. The most common key role 

combination was content contributor and opinion leader. This is not surprising, as opinion

leadership requires a certain degree of content contribution, and prolific content 

contribution may often lead to opinion leadership. The second most common key role 

combination involved all three key roles studied. These are socio-technical network 

members who are engaged and involved at a high level in a variety of activities, including

contributing a relatively high amount of content, receiving a relatively high amount of 

attention, and being active in multiple network contexts. While the opinion leader / 

boundary spanner key role combination was the third most common key role 
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combination, the content contributor / boundary spanning combination was the least 

common overlapping key role combination found. The variations and different degrees of

key role overlap signal how socio-technical network key roles are not exclusive and how 

key role players within the same key role vary in their activities and interactions. 

The study also explored how key role overlap was distributed over time, which 

revealed some interesting development. It disclosed that pure boundary spanner key roles

were more common the very first week of socio-technical network members' membership

trajectories, possibly indicating that they are engaged in network exploration as found in 

some of the case examples. Another clear development in key role distribution over time 

was that while key role overlap was more common during the first twelve weeks of key 

role players' membership trajectories, pure key roles become slightly more common later 

on. This suggests that new members explore multiple key roles initially and then settle 

into a dominant key role over time, or alternatively, members who play multiple key roles

stop playing key roles after some time while those who play single key roles are more 

persistent. In particular, the percentage of key role players playing the pure content 

contributor key role seemed to triple over the first twenty weeks of membership. 

Additional research is needed to further explore what causes these key role overlap 

distribution developments, and what effects they may have on the overall network 

activity and success.

5.7. Proposing a Composite Role framework

By studying three key roles in socio-technical networks, this study found that a 

considerable share of network members played multiple overlapping roles, both over time

and concurrently. Even though member roles in socio-technical networks have been the 

focus for many studies, not much attention has been drawn towards exploring the extent 

to which network member roles may overlap. One of the reasons for this may be that 

there has been a lack of appropriate research tools. Schlager et al. (2009) called for new 

tools and methods to help investigate and more thoroughly understand socio-technical 

networks. Based on the findings of this study, I would like to propose a composite role 

framework to better study socio-technical network members' composite roles as well as 
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the overall role composition of socio-technical networks.

5.7.1. The Composite Role Framework

The proposed composite role framework consists of a set of role dimensions 

representing some of the common role functions a member may perform within a given 

socio-technical network (Table 32). The practical operationalization and quantification of 

these role dimensions will depend on the functionalities offered by the underlying 

technology supporting the given socio-technical network. 

# Role Dimension Role activity

1 Content contributor Contributing new persistent content

2 Opinion leader Contributed content being consumed by others

3 Boundary spanner Crossing boundaries, active in separate contexts

4 Content consumer Consuming content contributed by others

5 Connector Connecting directly with other members

6 Curator Collecting and filtering existing persistent content

Table 32: role dimensions for the composite role framework

The proposed content contributor role dimension represents the same activities as 

the content contribution role discussed and investigated in this study. Similarly the 

opinion leader role dimension represents opinion leadership activities and the boundary 

spanner role dimension represents boundary spanning activities. 

In addition to the three key roles explored in this study, I suggest three additional 

role dimensions that would be components of a composite role. These include content 

consumer, consuming content shared within the network; connector, connecting directly 

with specific network members and building one-on-one relationships (e.g. friending, 

following, and private messaging); and curator, for socio-technical network members 

who are engaged in building and maintaining collections of existing content within the 

network. The sections below will discuss the motivations for adding these roles. The 

various composite role dimensions would be quantified based on their key activities using
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ranks similar to the key role ranks established for this study. What exactly these role 

related activities are will vary from network to network as they depend on factors like the

functionalities supported by the technical platform underlying the socio-technical 

network in question.

Not all dimensions may be appropriate to address in a given research context. For 

example, in the Tapped In data set curation activities were not supported by the 

underlying technology so the curator role dimension would not be relevant to the 

network. Similarly the buddy functionality in Tapped In was underused, so even if this 

functionality supporting the connector role dimension was present there is not much data 

to study it. In addition there may be occasions where the framework may be extended 

with additional special role dimensions when studying socio-technical networks 

supporting central and unique activities not covered by the six role dimensions introduced

here. However the intention of the framework is that if a consistent core set of 

overlapping role dimensions are used when studying member roles in socio-technical 

networks, it will allow for comparison across studies and networks, as well as the 

development of a shared knowledge-base about how these role dimensions overlap and 

interact with each other.

5.7.1.1. Role dimension 1: Content contributor

As discussed in earlier chapters, the content contributor role is vital to the success 

of socio-technical networks, contributing the majority of the content consumed by 

members in the network. The content contributor role dimension in the proposed 

composite role framework is intended to represent the content contributor key role 

investigated by this study.

5.7.1.2. Role dimension 2: Opinion leader 

Similarly to the content contributor role dimension, the opinion leader role 

dimension in the proposed composite role framework is intended to represent the opinion 

leader key role investigated by this study. Opinion leaders are different from content 
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contributors in that they do not necessarily contribute a lot of content, but their content is 

consumed and receives attention from other network members. As found in this study, the

same socio-technical network members may engage in both content contribution and 

opinion leadership concurrently or over time.

5.7.1.3. Role dimension 3: Boundary spanner

This study also found that boundary spanning may be performed both on its own 

and together with other key roles. The boundary spanner role dimension in the proposed 

composite role framework is based on the boundary spanner key role investigated in this 

study. However, the boundary spanning role dimension should require content 

contribution activity in at least one socio-technical network context to further ensure a 

potential for transferring information across boundaries.

5.7.1.4. Role dimension 4: Content consumer

Content consumption is one of the most common activities in socio-technical 

networks, and the main activity performed by lurkers (Muller et al., 2010). More or less 

all socio-technical network members engage in content consumption to some degree, and 

it is thus very likely that this role dimension will often overlap with other role dimensions

within the same individual member.

The content consumer role dimension is dependent on, and to a certain extent the 

opposite of, the content contributor role dimension in that the former takes what the latter

gives. The opinion leader is likewise related to the content consumer in that she gets 

attention from and influences the content consumer through her information sharing. 

While the boundary spanner is likely to engage in content consumption activities too, the 

content consumer differs in that she does not necessarily consume content in more than 

one socio-technical network context.

The proposed content consumer role dimension could be operationalized and 

quantified by the amount of content a given member consumes.  
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5.7.1.5. Role dimension 5: Connector

The basic element of social networks is the connection between individuals. 

While social-technical networks allow for indirect connections between members via 

digital objects like files and discussions, they also often support direct connection 

through functionalities like friending, following, and private messaging. Friending and 

following are formal expressions of a connection between two network members. While 

friending is a mutual agreement, following is unilateral and does not have to be approved 

by both members. Private messaging allows for direct communication between network 

members, establishing and reenforcing the connection between them. While content 

contribution, opinion leadership, and boundary spanning often involves mediated 

connections, the proposed connector role dimension emphasizes activities related to 

establishing and maintaining direct connections between members in socio-technical 

networks.

Connectors differ from content contributors in that the content they contribute is 

specifically directed towards another socio-technical network member, and often just 

accessible to that individual. They also differ from opinion leaders in that their reach is 

limited to the individuals they connect with directly. In addition, the connector differs 

from the boundary spanner in that she does not necessarily perform connecting activity in

more than one socio-technical network context. However we can easily see that this role 

dimension may be played concurrently with the other role dimensions proposed.

The proposed connector role dimension could be quantified based on the amount 

of direct connections, represented by weighted in- and out-degrees, made between the 

given socio-technical network member and other individual network members through 

friending, following, and directed communication.

5.7.1.6. Role dimension 6: Curator

Just as socio-technical networks allow members to contribute and share content, 

more and more such networks also support members in curating collections of content 

they have access to through the network. These collections are member created and 
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maintained and are often made available to other network members even though they in 

some cases may also be kept private to the member curating them. In a socio-technical 

bookmarking and visual bookmarking networks like Delicious (“Delicious,” 2003) and 

Pinterest (“Pinterest,” 2011) curation is one of the most common activities. With the 

growing amount of content shared on a given socio-technical network, harnessing the 

collective abilities of the network members for aggregating and organizing it will become

increasingly important (McCown, Nelson, & Van de Sompel, 2009). 

A curator differs from a content contributor in that the content curated may be 

contributed by another network member, so a given member does not need to contribute 

any new content to the socio-technical network to play the curator role. However, the 

curator may, like the content contributor, also be an opinion leader, depending on whether

the content she curates and make available in an organized format receives attention from

the other network members. Finally, the curator differs from the boundary spanner in that 

she may be active in only one socio-technical network context.

The proposed curator role dimension is intended to represent members' socio-

technical network activities related to building and maintaining collections of content 

within the network. It could be quantified based on the amount of objects collected.

5.7.2. Purpose of the composite role framework

The proposed composite role framework could be used to study the membership 

trajectories and evolution over time of individual socio-technical network members as 

well as sets of members, like groups or entire networks. In addition the proposed 

framework could be used to investigate and compare snapshot member or network role 

compositions.

5.7.2.1. Studying socio-technical network member roles

Similar to what was done in this study, the proposed composite role framework 

may be used to study specific socio-technical network role dimensions and how they 

overlap with other role dimensions within the same individual network members, both 

over time and concurrently.
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5.7.2.2. Studying socio-technical network membership compositions

The proposed composite role framework could be used to study the composition 

of successful socio-technical networks of different types. It could help map the 

distribution of the various role dimensions, and the distribution of members playing them 

concurrently. It would uncover the most commonly concurrent role dimensions, which 

could further inform network development and management by allowing better 

facilitation of desirable composite roles, both those commonly found in the network as 

well as those role dimension combinations that are under-supported.

5.7.2.3. Comparing socio-technical networks

The composite role framework could be used to compare the distribution and 

composition of members' role dimensions across multiple socio-technical networks, 

allowing for comparing both socio-technical networks as social networks as well as 

comparing the functionalities of their underlying technical structures. This could uncover 

how some socio-technical network structures or cultures better support certain role 

dimension compositions better than others, which in turn could inform the development 

of new and existing networks, in which the role dimension compositions in questions are 

desirable. 

Similar to this study, the proposed composite role framework could also be used 

to map, study, and compare the membership trajectories of members of special interest.
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6. CONCLUSIONS

The overarching objective of this study was to extend our understanding of how 

to better facilitate socio-technical networks through examining the emergence and 

evolution of key role players in such networks. This was done through an exploratory 

longitudinal study of historical socio-technical network data from Tapped In, an online 

community of practice for education professionals. Following is a summary of the 

findings related to the research questions, the contributions of the study, and some 

implications for practice. Limitations of the study and some potential directions for future

research are then discussed.

6.1. Addressing the research questions

The key roles investigated by this study included content contributor, opinion 

leader, and boundary spanner. The research questions guiding the research asked whether 

there are distinguishing traits in the membership trajectories of new socio-technical 

network members leading up to playing these key roles, whether such traits can be used 

to predict which new members will become future key role players, and to what extent 

the three key roles overlap within the individual members. The discovery of how the 

majority of key role players start playing key roles shortly after joining the socio-

technical network made the early formulations of research question 1 and research 

question 2 inapplicable. The final research questions asked whether there are 

distinguishing traits in the membership trajectories of new socio-technical network 

members identifying them as potential long-term key role players, and whether such traits

can be used to predict which new members will become future long-term key role 

players. Research question 3 and the final version of research questions 1 and 2 were 

successfully addressed by this study.

By investigating trends in different aspects of long-term and short-term key role 

players' membership trajectories, distinguishing traits were identified for all three key 

roles, successfully addressing research question 1. Further these distinguishing traits were
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used to develop predictive models for long-term key role players. These models were 

tested, and while the predictive models for long-term content contributor key role players 

and long-term opinion leader key role players was proven to perform considerably better 

than the predictive model for boundary spanner key role players, all models performed 

better than random selection, indicating a relative success in predicting long-term key 

role players, addressing research question 2. Finally, key role overlap within socio-

technical network members was explored. Over half of the key role players played more 

than one key role over time, and almost half played more than one key role concurrently. 

This successfully addressed research question 3.

6.2. Contributions

Being exploratory in nature, this study both expanded our knowledge about key 

roles in socio-technical networks through various findings, as well as raised questions 

and uncovered areas for new research. 

This study found that over half of key role players in the socio-technical network 

played multiple key roles, both over time and concurrently. While this discovery is based 

on three key roles studied in one socio-technical network, there is no reason to believe 

that this phenomena is unique to the roles and network studied. The relative amount of 

role overlap discovered indicates that the common practice of using exclusive role 

categories when studying member roles in socio-technical networks may not be the best 

approach. Ignoring the possibility that individual socio-technical network members play 

more than one role is too simplistic and may lead to lost information and biased 

conclusions.

It was also discovered in this study that most key role players start playing key 

roles immediately after joining the socio-technical network. This supports previous 

findings of high initial activity by content contributors, but the discovery of this being the

case for opinion leaders and boundary spanners as well seem to be new contributions to 

our knowledge about these member roles in socio-technical networks. Such initial high 

role activity being found across networks and across roles suggests that this phenomenon 

is not unique to the socio-technical network and key roles studied here, and suggests a 
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revision of existing socio-technical network membership life cycle models.

Another contribution by this study to the knowledge about key roles in socio-

technical networks was the development and testing of relatively successful predictive 

models used to identify new socio-technical network members who were likely to 

become long-term key role players in the future. Even though it is believed that the long-

term key role player prediction models developed in this study are somewhat specific to 

the socio-technical network studied, the method used to develop these models may be 

used in other networks to develop predictive models specific to them.

Finally, based on the study's discovery of overlapping key roles, a composite role 

framework was proposed. The purpose of this framework is to better support future 

research on socio-technical network member roles by providing role dimensions 

representing central socio-technical network activities and member functions.  The 

composite role framework is intended to be independent of socio-technical network 

structure and thus appropriate for comparing member role composition, evolution, and 

distribution both within and across multiple socio-technical networks.

6.3. Implications for practice

The discovered existence of substantial overlap in socio-technical network 

member roles should be considered when designing, developing, and facilitating such 

networks. Special care could be taken to better encourage and support desirable role 

compositions, and functionalities could be developed to better assist activity 

combinations and flows for common role compositions. For example if it was desirable to

increase the number of members playing both content contributor and boundary spanner 

key roles, the user interface of the underlying network technology could be designed to 

create more awareness of different network contexts combined with tools to make 

contributing to multiple appropriate network contexts easier.

Knowing that key role players in socio-technical networks start playing key roles 

shortly after joining the network could better inform socio-technical network design and 

facilitation related to new members and how to better capture and nurture this initial spur 
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of vital activity. This would for example affect the user experience design for new 

members, making sure that network functionalities supporting key role activities are 

easily recognizable in the interface and that the learning curve required to use them is as 

short as possible. Similarly, effort should be made to highlight and feature new user 

activity to make sure this behavior gets attention and recognition, thus encouraging new 

members to continue their high activity level. If the needs and motivations of highly 

active new members are proven to be very different than those of other network 

members, efforts could be made to offer them special interfaces and tools.

Being able to identify and rank new socio-technical network members who are 

likely to play long-term key roles in the future will aid developers and managers of socio-

technical networks to better allocate resources and prioritize efforts towards supporting 

and nurturing the members who are most valuable to the network's future success. This 

could involve providing VIP treatment and extra incentives to potentially valuable future 

members, develop and give them access to additional super-user functionalities and 

powers within the network, or providing them with individual and group goals 

appropriate to their predicted future role composition. An example of VIP treatment 

would be to provide personal follow up from network facilitators to new members who 

are likely to become long-term key role players, making sure their expectations are being 

met and their actions rewarded, thus encouraging continued activity and investment of 

time in the network. Members could also be informed about their own, and other 

members', future role potential. This could motivate and direct them towards fulfilling 

these roles as well as be included in gamification aspects encouraging continued activity 

and participation.

6.4. Limitations of the study

This study was based on log data collected from only one socio-technical 

network, and the validity of the findings are thus limited to this particular socio-technical 

network, its membership demographics, technology platform, and the kinds of log data 

collected. 

The socio-technical network data studied was up to eight years old, and the 
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underlying platform technology and design even older. With the rapid growth in 

popularity in socio-technical networks the technologies supporting these have evolved 

considerably since this data set was collected. In addition standards and design patterns 

have evolved, and members have more experience acting and interacting within the 

context of socio-technical networks. These developments may affect the generalizability 

of this study to newer socio-technical networks.

Some user actions and interactions were omitted from the study because they had 

not been recorded in a fashion making it possible to include them in longitudinal 

research. In particular the file sharing activities would have complemented the chat and 

discussion activities covered by the study if the historical data had been available. 

Similarly historical group memberships might have been a better basis for 

operationalizing boundary spanning activities if it had been recorded in the data set. 

The study investigates socio-technical network members' interactions purely 

based on the recorded actions and interactions within the network, while it is clear that a 

considerable amount of them also interact outside the network. These additional 

interactions may compliment and extend the roles members play in the network, and they

may also shed additional light on the motivations and rationale for members' actions and 

interactions within the network context.

The operational definitions of the key member roles investigated in this study 

were based on quantitative technical measurements and not grounded in qualitative 

measures like content analysis or interviewing participants. The few random case 

examples discussed indicates that additional findings and conclusions would have been 

possible if a qualitative approach had also been employed.

6.5. Future research

The findings in this study highlight and provide opportunities for additional 

research within many areas, including, but not limited to, the suggestions below.

There are still many questions tied to how content contributors, opinion leaders, 

and boundary spanners emerge and evolve in and across socio-technical networks, as well

as what motivates the individuals playing these key roles. Further explorations of how 
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these roles may be related to personality traits and other demographic aspects of the 

network members would be beneficial. Investigating issues like how gender and age 

relates to boundary spanning and opinion leadership, and whether content contributors 

are more extrovert and lurkers more introvert. Qualitative methods like content analysis 

and surveying could be used to expand the knowledge about the kind of people playing 

various key roles in socio-technical networks. 

Additional research is needed to investigate to what extent high initial key role 

activity is found in other socio-technical networks, and for other roles, than those 

addressed in this study.  Further exploring the causes for high initial key role activity, and

learning more about the potential differences between initial activities and similarly 

structured activities performed by established members, could potentially better inform 

design and management of socio-technical networks.

More research should be done to develop and improve additional long-term key 

role player prediction models for a variety of roles in different socio-technical networks. 

Once successful predictive models have been developed for a given socio-technical 

network, it opens up for triage studies investigating whether identifying likely future 

socio-technical network long-term key role players and providing special support to these

members, would lead to more socio-technical network members fulfilling those valuable 

roles.

The discovery of significant key role overlap within individual members opens up

for additional research on role overlap of members of socio-technical networks. This 

study only focused on three key roles in one particular socio-technical network, so role 

overlap involving additional roles and additional networks should be explored. Such 

research might be able to uncover desirable role overlap compositions and distributions 

for successful networks of different kinds. The study also found that role overlap 

distribution in socio-technical networks changes over time, both within individual 

members as well as groups of members. These changes should be investigated further to 

learn more about what causes them as well as what effects they may have on the network 

and its members.
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Finally, the proposed composite role framework should be tested as a tool for 

studying member roles in socio-technical networks. This includes areas like role 

distribution, role composition, and changes in these over time, both across networks and 

groups as well as within individuals members.



APPENDIX A – INVESTIGATING MEMBERSHIP TRAJECTORIES

Long term versus short term content contributor key role players

Content contribution rank – stratified 5-fold cross-validation and simple linear regression comparison 
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constant slope

Fold A 8.0093175176 -0.778880085
Fold B 8.0876717093 -0.7954442706
Fold C 8.1196572408 -0.7994328893
Fold D 8.1451062348 -0.8044678763
Fold E 8.1811632402 -0.8155428827

mean 8.1085831885 -0.7987536008

constant slope
Fold A 14.230693069 0.3229522952
Fold B 15.293729373 0.1578457846
Fold C 14.468965517 0.3774294671
Fold D 14.416831683 0.3090909091
Fold E 14.046633826 0.3935811315

mean 14.491370694 0.3121799175



Cross-validation training set Fold A Fold B Fold C Fold D Fold E

Key role players Long t. Short t. Long t. Short t. Long t. Short t. Long t. Short t. Long t. Short t.

n 2020 19390 2020 19170 2030 19450 2020 19140 2030 18970

meanx 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5

SDx 2.873 2.8734 2.873 2.8724 2.873 2.8724 2.873 2.8724 2.873 2.8724

Mean y 16.0069 3.7255 16.1619 3.7127 16.5448 3.7228 16.1168 3.7205 16.2113 3.6957

SDy 20.927 9.867 21.5216 9.934 21.6982 10.0018 21.305 9.9176 21.4494 9.8251

r 0.0443 -0.2267 0.0211 -0.23 0.05 -0.2296 0.0417 -0.233 0.0527 -0.2384

t 1.9937 -32.4155 0.9468 -32.72 2.2533 -32.8955 1.874 -33.1443 2.3773 -33.8119

p 0.0463 <0.0001 0.3439 <0.0001 0.0243 <0.0001 0.0611 <0.0001 0.0175 <0.0001

Slope b 0.323 -0.7789 0.1578 -0.7954 0.3774 -0.7994 0.3091 -0.8045 0.3936 -0.8155

Const a 14.2307 8.0093 15.2937 8.0877 14.469 8.1197 14.4168 8.1451 14.0466 8.1812

Comparison

Slope

b

blt-bst -1.1018 -0.9533 -1.1769 -1.1136 -1.2091

Sediff 0.091 0.0924 0.0927 0.0919 0.0915

t -12.1133 -10.3182 -12.7015 -12.1131 -13.218

df 21406 21186 21476 21156 20996

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Est. common slope -0.6749 -0.7046 -0.6882 -0.6982 -0.6987

Const

a

Diff. adj. means (lt-st) 12.2815 12.4492 12.8221 12.3963 12.5157

SEdiff 0.2622 0.266 0.2671 0.265 0.2638

t 46.8485 46.7967 48.0004 46.7861 47.4388

df 21407 21187 21477 21157 20997

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001



Opinion leadership rank – stratified 5-fold cross-validation and simple linear regression comparison 
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Fold A 10.804753309 -0.9112843234
Fold B 10.689616519 -0.9180799142
Fold C 10.642492105 -0.9259154856
Fold D 10.960214095 -0.9577974211
Fold E 10.960214095 -0.9577974211

mean 10.811458024 -0.9341749131

constant slope
Fold A 14.239269406 0.1716894977
Fold B 15.023744292 0.1167289332
Fold C 14.135632184 0.3003552769
Fold D 13.915862069 0.2978056426
Fold E 13.915862069 0.2978056426

mean 14.246074004 0.2368769986



Cross-validation training set Fold A Fold B Fold C Fold D Fold E

Key role players Long t. Short t. Long t. Short t. Long t. Short t. Long t. Short t. Long t. Short t.

n 1460 11080 1460 11300 1450 11610 1450 11210 1450 11210

meanx 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5

SDx 2.8733 2.8724 2.8733 2.8724 2.8733 2.8724 2.8733 2.8724 2.8733 2.8724

Mean y 15.1836 5.7927 15.6658 5.6402 15.7876 5.55 15.5538 5.6923 15.5538 5.6923

SDy 19.8059 13.6502 21.136 13.5046 21.2924 13.4566 20.9584 13.5667 20.9584 13.5667

r 0.0249 -0.1918 0.0159 -0.1953 0.0405 -0.1976 0.0408 -0.2028 0.0408 -0.2028

t 0.9513 -20.5649 0.606 -21.1635 1.5436 -21.7226 1.5549 -21.9244 1.5549 -21.9244

p 0.3416 <0.0001 0.5446 <0.0001 0.1229 <0.0001 0.1202 <0.0001 0.1202 <0.0001

Slope b 0.1717 -0.9113 0.1167 -0.9181 0.3004 -0.9259 0.2978 -0.9578 0.2978 -0.9578

Const a 14.2393 10.8048 15.0237 10.6896 14.1356 10.6425 13.9159 10.9602 13.9159 10.9602

Comparison

Slope

b

blt-bst -1.083 -1.0348 -1.2263 -1.2556 -1.2556

Sediff 0.1385 0.1391 0.1388 0.1396 0.1396

t -7.8175 -7.4379 -8.8331 -8.9923 -8.9923

df 12536 12756 13056 12656 12656

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Est. common slope -0.7852 -0.7997 -0.7898 -0.814 0.814

Const

a

Diff. adj. means (lt-st) 9.3909 10.0256 10.2376 9.8615 9.8615

SEdiff 0.3989 0.4005 0.3999 0.4023 0.4023

t 23.5446 25.0353 25.5989 24.5114 24.5114

df 12537 12757 13057 12657 12657

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001



Boundary spanning rank – stratified 5-fold cross-validation and simple linear regression comparison 
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Fold A 7.9779310345 -0.6620689655
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Cross-validation training set Fold A Fold B Fold C Fold D Fold E

Key role players Long t. Short t. Long t. Short t. Long t. Short t. Long t. Short t. Long t. Short t.

n 1450 16300 1450 16180 1450 16410 1440 16160 1450 16070

meanx 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5

SDx 2.8733 2.8724 2.8733 2.8724 2.8733 2.8724 2.8733 2.8724 2.8733 2.8724

Mean y 4.3366 2.0225 4.7069 2.0119 4.5993 1.9658 4.3993 1.9781 4.529 2.0515

SDy 11.6565 8.2191 12.0621 8.1737 11.9776 8.0188 11.535 8.0235 11.6871 8.2562

r -0.1632 -0.2125 -0.1741 -0.2137 -0.1661 -0.2135 -0.1644 -0.2165 -0.1523 -0.2074

t -6.2945 -27.7561 -6.7264 -27.8218 -6.4108 -27.9982 -6.3192 -28.1835 -5.8622 -26.8751

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Slope b -0.6621 -0.6079 -0.7307 -0.6081 -0.6925 -0.5961 -0.6599 -0.6047 -0.6193 -0.5962

Const a 7.9779 5.3661 8.726 5.3563 8.4083 5.2444 8.0287 5.3037 7.9352 5.3304

Comparison

Slope

b

blt-bst 0.0542 0.1227 0.0964 0.0552 0.0232

Sediff 0.0799 0.0799 0.0785 0.0783 0.0804

t 0.6782 1.5349 1.2283 0.7052 0.2881

df 17746 17626 17856 17596 17516

p 0.4977 0.1248 0.2193 0.4807 0.7733

Est. common slope -0.6123 -0.6182 -0.604 -0.6092 -0.5981

Const

a

Diff. adj. means (lt-st) 2.314 2.695 2.6336 2.4212 2.4774

SEdiff 0.2293 0.2296 0.2255 0.225 0.2308

t 10.0896 11.7396 11.6812 10.761 10.7319

df 17747 17627 17857 17597 17517

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001



Long term versus short term opinion leader key role players

Opinion leadership rank –  stratified 5-fold cross-validation and simple linear regression comparison 
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Fold A 14.795151515 -0.5770523416
Fold B 15.691515152 -0.7166391185
Fold C 16.343939394 -0.7946831956
Fold D 14.481212121 -0.6312947658
Fold E 15.938484848 -0.7695592287

mean 15.450060606 -0.69784573

constant slope
Fold A 9.1389776358 -0.9804530932
Fold B 9.810652921 -1.0676038738
Fold C 9.5463231347 -1.0390182013
Fold D 9.6801817149 -1.0407206649
Fold E 9.0569716776 -0.963567043

mean 9.4466214168 -1.0182725752



Cross-validation training set Fold A Fold B Fold C Fold D Fold E

Key role players Long t. Short t. Long t. Short t. Long t. Short t. Long t. Short t. Long t. Short t.

n 4630 11800 4630 11800 4620 11800 4620 11800 4620 11800

meanx 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5

SDx 2.8726 2.8724 2.8726 2.8724 2.8726 2.8724 2.8726 2.8724 2.8726 2.8724

Mean y 11.9559 3.8558 11.6566 3.9714 11.9201 3.9386 11.5898 3.985 12.0333 3.9268

SDy 18.4352 11.0177 17.8698 11.1917 18.3107 11.1505 17.8678 11.2682 18.3895 11.0625

r -0.0735 -0.2501 -0.0867 -0.2513 -0.0932 -0.2504 -0.0759 -0.2511 -0.08 -0.2446

t -5.0133 -28.0522 -5.9177 -28.1972 -6.3612 -28.0922 -5.174 -28.1742 -5.4511 -27.4028

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Slope b -0.4717 -0.9592 -0.5391 -0.979 -0.5941 -0.972 -0.4722 -0.985 -0.5119 -0.9421

Const a 14.55 9.1312 14.6216 9.356 15.1876 9.2846 14.187 9.4023 14.8486 9.1084

Comparison

Slope

b

blt-bst -0.4875 -0.4399 -0.3779 -0.5127 -0.4302

Sediff 0.0803 0.0796 0.0805 0.0799 0.0804

t -6.0691 -5.5302 -4.6977 -6.4181 -5.3484

df 16426 16426 16416 16416 16416

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Est. common slope -0.8218 -0.855 -0.8657 -0.8407 -0.8211

Const

a

Diff. adj. means (lt-st) 8.1001 7.6851 7.9816 7.6048 8.1066

SEdiff 0.231 0.2287 0.2312 0.2297 0.2312

t 35.0705 33.6041 34.5186 33.1007 35.0562

df 16427 16427 16417 16417 16417

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001



Content contribution rank – stratified 5-fold cross-validation and simple linear regression comparison 
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Fold A 7.1569135802 -0.7347923681
Fold B 7.397962963 -0.7598821549
Fold C 7.2940123457 -0.7475140292
Fold D 7.4118518519 -0.7605723906
Fold E 7.1965432099 -0.728681257

mean 7.2914567901 -0.74628844

constant slope
Fold A 11.690748899 -0.3631557869
Fold B 11.8550036 -0.4418090189
Fold C 12.436219336 -0.4977305523
Fold D 11.793795094 -0.3828151646
Fold E 12.404329004 -0.4529712712

mean 12.036019187 -0.4276963588



Cross-validation training set Fold A Fold B Fold C Fold D Fold E

Key role players Long t. Short t. Long t. Short t. Long t. Short t. Long t. Short t. Long t. Short t.

n 4630 11800 4630 11800 4620 11800 4620 11800 4620 11800

meanx 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5

SDx 2.8726 2.8724 2.8726 2.8724 2.8726 2.8724 2.8726 2.8724 2.8726 2.8724

Mean y 9.7261 3.0838 9.4251 3.1645 9.6987 3.1409 9.6883 3.1875 9.913 3.1531

SDy 16.0482 9.2947 15.7051 9.4059 16.0461 9.3747 16.0472 9.5016 16.2138 9.3092

r -0.0693 -0.2317 -0.0808 -0.2335 -0.0891 -0.2318 -0.0685 -0.2341 -0.0803 -0.2296

t -4.7254 -25.8727 -5.5155 -26.0884 -6.0793 -25.8843 -4.6678 -26.1538 -5.4713 -25.6235

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Slope b -0.3871 -0.7498 -0.4418 -0.7648 -0.4977 -0.7566 -0.3828 -0.7744 -0.453 -0.7441

Const a 11.8553 7.2077 11.855 7.3706 12.4362 7.3021 11.7938 7.4466 12.4043 7.2457

Comparison

Slope

b

blt-bst -0.3627 -0.3229 -0.2588 -0.3916 -0.2911

Sediff 0.0691 0.0686 0.0693 0.0698 0.0696

t -5.2493 -4.7069 -3.7337 -5.6096 -4.1861

df 16426 16426 16416 16416 16416

p <0.0001 <0.0001 0.0002 <0.0001 <0.0001

Est. common slope -0.6476 -0.673 -0.6837 -0.6642 -0.6622

Const

a

Diff. adj. means (lt-st) 6.6423 6.2606 6.5578 6.5008 6.7599

SEdiff 0.1986 0.1972 0.1992 0.2007 0.1999

t 33.4444 31.7482 32.9199 32.395 33.8218

df 16427 16427 16417 16417 16417

p <0.0001 <0.0001  <0.0001 <0.0001 <0.0001



Boundary spanning rank – stratified 5-fold cross-validation and simple linear regression comparison  
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constant slope
Fold A 7.7465491924 -0.719196369
Fold B 7.6210448859 -0.7392869088
Fold C 8.6038433112 -0.8473022912
Fold D 7.7783185841 -0.7468624296
Fold E 8.4151248164 -0.8046722734

mean 8.032976158 -0.7714640544

constant slope
Fold A 5.8093095908 -0.6863480162
Fold B 6.1790123457 -0.7279180696
Fold C 6.1286560649 -0.7216826828
Fold D 6.1506356589 -0.7230500352
Fold E 6.0476457749 -0.7068684979

mean 6.063051887 -0.7131734603



Cross-validation training set Fold A Fold B Fold C Fold D Fold E

Key role players Long t. Short t. Long t. Short t. Long t. Short t. Long t. Short t. Long t. Short t.

n 4540 10670 4530 10800 4510 10690 4520 10750 4540 10690

meanx 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5 5.5

SDx 2.8726 2.8724 2.8726 2.8724 2.8726 2.8724 2.8726 2.8724 2.8726 2.8724

Mean y 3.791 2.0344 3.555 2.1755 3.9437 2.1594 3.6706 2.1739 3.9894 2.1599

SDy 10.8933 8.2349 10.5777 8.6836 11.569 8.5685 10.8649 8.6734 11.598 8.6341

r -0.1897 -0.2394 -0.2008 -0.2408 -0.2104 -0.2419 -0.1975 -0.2395 -0.1993 -0.2352

t -13.0122 -25.4679 -13.7906 -25.7793 -14.4491 -25.7769 -13.5394 -25.5689 -13.7008 -25.0133

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001

Slope b -0.7192 -0.6863 -0.7393 -0.7279 -0.8473 -0.7217 -0.7469 -0.7231 -0.8047 -0.7069

Const a 7.7465 5.8093 7.621 6.179 8.6038 6.1287 7.7783 6.1506 8.4151 6.0476

Comparison

Slope

b

blt-bst 0.0328 0.0114 0.1256 0.0238 0.0978

Sediff 0.0548 0.0557 0.0575 0.0564 0.0578

t  0.5991 0.204 2.1839 0.4222 1.691 

df 15206 15326 15196 15266 15226

p 0.5491 0.8384 0.029 0.6729 0.0909

Est. common slope -0.6962 -0.7313 -0.759 -0.7301 -0.736

Const

a

Diff. adj. means (lt-st) 1.7566 1.3795 1.7843 1.4967 1.8296

SEdiff 0.1575 0.1601 0.1652 0.162 0.1661

t 11.1534 8.6178 10.7985 9.239 11.0123

df 15207 15327 15197 15267 15227

p <0.0001 <0.0001 <0.0001 <0.0001 <0.0001



Long term versus short term boundary spanner key role players

Boundary spanning rank – stratified 2-fold cross-validation and simple linear regression comparison 
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constant slope
Fold A 9.5387159163 -1.1291249267
Fold B 9.6265817558 -1.1363697604

mean 9.582648836 -1.1327473436

constant slope
Fold A 8.0666666667 -0.1883449883
Fold B 3.5435897436 0.4606060606

mean 5.8051282051 0.1361305361



Cross-validation training set Fold A Fold B

Key role players Long t. Short t. Long t. Short t.

n 130 10880 130 10830

meanx 5.5 5.5 5.5 5.5

SDx 2.8834 2.8724 2.8834 2.8724

Mean y 7.0308 3.3154 6.0769 3.4017

SDy 15.8784 10.4458 12.6728 10.6982

r -0.0342 -0.3208 0.1048 -0.3317

t -0.3872 -35.3207 1.1922 -36.5814

p 0.6993 <0.0001 0.2354 <0.0001

Slope b -0.1883 -1.1665 0.4606 -1.2352

Const a 8.0667 9.731 3.5436 10.1954

Comparison

Slope

b

blt-bst -0.9781 -1.6958

Sediff 0.3067 0.3111

t -3.1889 -5.4515

df 11006 10956

p 0.001 <0.0001

Est. common slope -1.1549 -1.2151

Const

a

Diff. adj. means (lt-st) 3.7153 2.6753

SEdiff 0.8814 0.8947

t 4.2154 2.9903

df 11007 10957

p <0.0001 0.0028



Content contribution rank – stratified 2-fold cross-validation and simple linear regression comparison 
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constant slope
Fold A 5.4065542553 -0.4972970925
Fold B 5.5178417991 -0.4776594643

mean 5.4621980272 -0.4874782784

constant slope
Fold A 3.4820512821 1.034032634
Fold B 10.338461538 1.7664335664

mean 6.9102564103 1.4002331002



Cross-validation training set Fold A Fold B

Key role players Long t. Short t. Long t. Short t.

n 130 10690 130 10610

meanx 5.5 5.5 5.5 5.5

SDx 2.8834 2.8724 2.8834 2.8724

Mean y 9.1692 2.8974 20.0538 3.0085

SDy 17.16 9.3823 26.262 9.3335

r 0.1737 -0.1327 0.1939 -0.1518

t 1.9961 -13.8368 2.2367 -15.8129

p 0.048 <0.0001 0.027 <0.0001

Slope b 1.034 -0.4333 1.7664 -0.4931

Const a 3.4821 5.2806 10.3385 5.7205

Comparison

Slope

b

blt-bst -1.4673 -2.2595

Sediff 0.2896 0.2948

t -5.0667 -7.6648

df 10816 10736

p <0.0001 <0.0001

Est. common slope -0.4157 -0.4657

Const

a

Diff. adj. means (lt-st) 6.2719 17.0454

SEdiff 0.8328 0.849

t 7.5313 20.0768

df 10817 10737

p <0.0001 <0.0001



Opinion leadership rank – stratified 2-fold cross-validation and simple linear regression comparison 
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Fold A 7.0688419706 -0.5808817542
Fold B 7.7178734508 -0.6649647156

mean 7.3933577107 -0.6229232349



Cross-validation training set Fold A Fold B

Key role players Long t. Short t. Long t. Short t.

n 130 10420 130 10220

meanx 5.5 5.5 5.5 5.5

SDx 2.8834 2.8724 2.8834 2.8724

Mean y 9.1 3.874 21.6077 4.0606

SDy 17.337 11.379 28.9615 11.4858

r 0.1277 -0.1466 0.2506 -0.1663

t 1.4567 -15.1302 2.9286 -17.0474

p 0.1476 <0.0001 0.004 <0.0001

Slope b 0.7678 -0.5809 2.517 -0.665

Const a 4.8769 7.0688 7.7641 7.7179

Comparison

Slope

b

blt-bst -1.3487 -3.182

Sediff 0.3487 0.359

t -3.868 -8.863

df 10546 10346

p 0.0001 <0.0001

Est. common slope -0.5643 -0.625

Const

a

Diff. adj. means (lt-st) 5.226 17.5471

SEdiff 1.0022 1.0351

t 5.2146 16.9528

df 10547 10347

p <0.0001 <0.0001
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APPENDIX B – TESTING PREDICTIVE MODELS

Long-term content contributor key role player prediction 

Predictive model based on content contribution rank

Week 1 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 10.00% 19.23% 14.71% 17.86% 23.81% 17.12%

20.00% 10.99% 11.11% 8.47% 10.31% 13.33% 10.84%

30.00% 10.00% 9.32% 8.24% 9.80% 7.81% 9.03%

40.00% 7.52% 7.58% 6.15% 9.95% 8.06% 7.85%

50.00% 5.58% 6.11% 5.15% 7.44% 4.66% 5.79%

60.00% 4.10% 3.19% 2.66% 6.12% 4.73% 4.16%

70.00% 2.92% 2.89% 2.78% 4.33% 3.48% 3.28%

80.00% 2.81% 2.89% 2.88% 3.37% 2.80% 2.95%

90.00% 3.09% 3.17% 3.15% 3.24% 3.10% 3.15%

100.00% 3.31% 3.38% 3.34% 3.36% 3.34% 3.35%

Week 2 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 45.45% 31.25% 45.45% 62.50% 50.00% 46.93%

20.00% 28.57% 18.52% 21.74% 33.33% 45.45% 29.52%

30.00% 17.05% 11.03% 17.65% 29.41% 21.13% 19.25%

40.00% 18.87% 10.64% 17.54% 16.95% 12.82% 15.36%

50.00% 20.33% 10.42% 13.23% 13.89% 8.42% 13.26%

60.00% 15.38% 6.41% 10.68% 12.45% 6.41% 10.27%

70.00% 12.46% 3.08% 5.64% 12.68% 4.87% 7.75%

80.00% 4.85% 2.88% 3.03% 9.85% 3.47% 4.82%

90.00% 3.05% 3.10% 3.06% 6.06% 3.03% 3.66%

100.00% 3.35% 3.34% 3.35% 3.34% 3.29% 3.33%
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Week 3 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 62.50% 62.50% 83.33% 71.43% 83.33% 72.62%

20.00% 55.56% 38.46% 41.67% 52.63% 66.67% 51.00%

30.00% 37.50% 30.61% 35.71% 37.50% 55.56% 39.38%

40.00% 24.39% 22.73% 25.64% 31.75% 32.26% 27.35%

50.00% 19.84% 20.00% 16.23% 28.74% 13.89% 19.74%

60.00% 15.63% 10.79% 14.63% 21.13% 14.85% 15.41%

70.00% 13.78% 10.94% 12.64% 18.04% 10.09% 13.10%

80.00% 12.01% 3.84% 4.32% 17.24% 7.50% 8.98%

90.00% 3.79% 3.14% 3.08% 8.62% 3.52% 4.43%

100.00% 3.38% 3.32% 3.33% 3.40% 3.28% 3.34%

Week 4 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 83.33% 71.43% 100.00% 83.33% 83.33% 84.29%

20.00% 71.43% 38.46% 76.92% 76.92% 83.33% 69.41%

30.00% 53.57% 40.54% 51.72% 51.72% 68.18% 53.15%

40.00% 33.33% 33.90% 46.51% 44.44% 40.00% 39.64%

50.00% 26.60% 26.88% 39.68% 29.07% 29.07% 30.26%

60.00% 21.90% 19.87% 30.93% 26.79% 20.41% 23.98%

70.00% 15.42% 13.89% 17.68% 22.88% 17.24% 17.42%

80.00% 12.94% 6.87% 8.97% 15.56% 11.98% 11.27%

90.00% 9.04% 3.09% 3.21% 9.91% 5.23% 6.10%

100.00% 3.38% 3.31% 3.31% 3.38% 3.27% 3.33%
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Week 5 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 83.33% 71.43% 100.00% 83.33% 100.00% 87.62%

20.00% 71.43% 76.92% 76.92% 76.92% 76.92% 75.82%

30.00% 55.56% 50.00% 71.43% 57.69% 68.18% 60.57%

40.00% 37.74% 43.48% 40.00% 45.45% 44.44% 42.22%

50.00% 33.33% 34.25% 40.98% 38.46% 40.32% 37.47%

60.00% 26.09% 25.00% 33.33% 31.91% 31.25% 29.52%

70.00% 20.83% 13.31% 27.78% 25.93% 22.58% 22.09%

80.00% 12.86% 10.42% 13.94% 26.49% 21.05% 16.95%

90.00% 10.39% 3.57% 3.68% 12.64% 12.00% 8.46%

100.00% 3.37% 3.40% 3.30% 3.37% 3.30% 3.35%

Week 10 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 100.00% 100.00% 100.00% 100.00% 83.33% 96.67%

20.00% 100.00% 90.91% 90.91% 100.00% 90.91% 94.55%

30.00% 93.75% 93.75% 93.75% 93.75% 83.33% 91.67%

40.00% 74.07% 95.24% 83.33% 95.24% 74.07% 84.39%

50.00% 75.76% 86.21% 86.21% 83.33% 56.82% 77.66%

60.00% 66.67% 76.92% 88.24% 63.83% 55.56% 70.24%

70.00% 54.69% 57.38% 61.40% 53.03% 57.38% 56.78%

80.00% 44.44% 50.00% 44.44% 41.67% 44.44% 45.00%

90.00% 22.06% 10.20% 13.80% 28.13% 45.00% 23.84%

100.00% 3.94% 3.35% 3.26% 3.35% 3.86% 3.55%



153

Predictive model based on opinion leadership rank

Week 1 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 9.80% 12.82% 6.76% 3.85% 17.86% 10.22%

20.00% 7.30% 6.49% 5.00% 6.54% 7.69% 6.60%

30.00% 5.47% 1.71% 4.36% 7.28% 7.32% 5.23%

40.00% 2.95% 2.05% 3.35% 4.80% 4.35% 3.50%

50.00% 2.47% 2.17% 2.46% 2.70% 3.23% 2.61%

60.00% 2.46% 2.47% 2.75% 2.56% 2.44% 2.54%

70.00% 2.73% 2.67% 2.78% 2.70% 2.73% 2.72%

80.00% 2.58% 2.58% 2.58% 2.58% 2.58% 2.58%

90.00% 2.91% 2.91% 2.91% 2.91% 2.91% 2.91%

100.00% 3.29% 3.29% 3.23% 3.29% 3.23% 3.27%

Week 3 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 41.67% 26.32% 35.71% 38.46% 50.00% 38.43%

20.00% 22.73% 12.50% 17.54% 25.00% 52.63% 26.08%

30.00% 14.85% 10.79% 14.85% 18.29% 22.06% 16.17%

40.00% 11.90% 9.66% 13.70% 13.89% 11.63% 12.16%

50.00% 8.39% 2.35% 11.57% 10.59% 9.47% 8.47%

60.00% 6.82% 2.47% 6.48% 10.79% 7.06% 6.72%

70.00% 2.92% 2.67% 2.94% 4.87% 2.68% 3.22%

80.00% 2.58% 2.58% 2.58% 2.58% 2.58% 2.58%

90.00% 2.91% 2.91% 2.91% 2.91% 2.91% 2.91%

100.00% 3.29% 3.29% 3.23% 3.29% 3.23% 3.27%
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Week 5 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 71.43% 21.74% 45.45% 50.00% 33.33% 44.39%

20.00% 32.26% 27.03% 32.26% 45.45% 35.71% 34.54%

30.00% 16.48% 27.27% 27.78% 28.85% 32.61% 26.60%

40.00% 13.07% 12.27% 21.28% 23.53% 32.26% 20.48%

50.00% 14.29% 11.16% 18.52% 18.66% 18.66% 16.26%

60.00% 9.90% 9.38% 13.04% 12.66% 16.22% 12.24%

70.00% 2.96% 2.75% 4.03% 9.51% 6.49% 5.15%

80.00% 2.58% 2.58% 2.58% 2.58% 2.58% 2.58%

90.00% 2.91% 2.91% 2.91% 2.91% 2.91% 2.91%

100.00% 3.29% 3.29% 3.23% 3.29% 3.23% 3.27%

Week 10 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 100.00% 83.33% 100.00% 71.43% 71.43% 85.24%

20.00% 90.91% 55.56% 50.00% 62.50% 66.67% 65.13%

30.00% 60.00% 46.88% 53.57% 62.50% 45.45% 53.68%

40.00% 46.51% 40.00% 41.67% 43.48% 42.55% 42.84%

50.00% 23.81% 40.32% 35.21% 33.33% 40.98% 34.73%

60.00% 15.15% 16.85% 23.08% 25.42% 38.96% 23.89%

70.00% 8.25% 2.69% 8.88% 18.32% 18.82% 11.39%

80.00% 2.58% 2.58% 2.58% 2.58% 2.58% 2.58%

90.00% 2.91% 2.91% 2.91% 2.91% 2.91% 2.91%

100.00% 3.29% 3.29% 3.23% 3.29% 3.23% 3.27%
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Long-term opinion leader key role player prediction 

Predictive model based on opinion leadership rank

Week 1 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 25.00% 27.27% 20.00% 34.29% 33.33% 27.98%

20.00% 24.47% 30.67% 20.18% 38.33% 33.82% 29.49%

30.00% 21.21% 26.92% 15.42% 27.56% 25.18% 23.26%

40.00% 17.42% 20.72% 13.33% 25.56% 18.04% 19.01%

50.00% 11.60% 14.57% 10.92% 11.53% 9.52% 11.63%

60.00% 9.93% 9.66% 8.38% 9.97% 7.22% 9.03%

70.00% 8.94% 7.83% 7.77% 8.54% 7.48% 8.11%

80.00% 8.60% 8.22% 8.22% 8.60% 7.48% 8.23%

90.00% 8.42% 8.31% 8.03% 8.32% 7.99% 8.22%

100.00% 8.59% 8.49% 8.62% 8.67% 8.50% 8.57%

Week 2 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 37.50% 63.16% 38.71% 52.17% 42.86% 46.88%

20.00% 46.00% 51.11% 33.82% 45.10% 43.40% 43.89%

30.00% 40.70% 37.63% 28.46% 46.05% 36.84% 37.94%

40.00% 32.39% 36.51% 29.49% 40.00% 35.38% 34.75%

50.00% 28.57% 35.15% 26.61% 38.93% 30.05% 31.86%

60.00% 25.75% 26.64% 19.27% 32.55% 24.64% 25.77%

70.00% 17.12% 24.25% 16.27% 17.61% 17.76% 18.60%

80.00% 11.73% 13.92% 13.80% 10.51% 8.34% 11.66%

90.00% 9.01% 8.78% 8.78% 8.78% 8.21% 8.71%

100.00% 8.47% 8.49% 8.57% 8.57% 8.49% 8.52%
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Week 3 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 66.67% 75.00% 70.59% 75.00% 75.00% 72.45%

20.00% 54.76% 53.49% 63.89% 79.31% 50.00% 60.29%

30.00% 52.24% 44.30% 47.95% 64.81% 50.72% 52.01%

40.00% 44.23% 42.59% 40.71% 55.42% 47.92% 46.17%

50.00% 40.00% 37.18% 37.66% 49.15% 40.85% 40.97%

60.00% 36.70% 36.51% 36.70% 43.95% 31.80% 37.13%

70.00% 32.66% 31.03% 32.53% 39.90% 27.93% 32.81%

80.00% 24.28% 23.66% 22.52% 26.65% 16.79% 22.78%

90.00% 10.96% 13.85% 14.46% 11.43% 8.50% 11.84%

100.00% 8.45% 8.67% 8.54% 8.55% 8.48% 8.54%

Week 4 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 70.59% 80.00% 85.71% 92.31% 70.59% 79.84%

20.00% 67.65% 71.88% 69.70% 82.14% 71.88% 72.65%

30.00% 56.45% 66.04% 55.56% 83.33% 57.38% 63.75%

40.00% 53.49% 50.00% 47.92% 71.88% 57.50% 56.16%

50.00% 46.40% 47.54% 42.03% 52.25% 48.74% 47.39%

60.00% 40.59% 42.86% 38.98% 48.59% 42.59% 42.72%

70.00% 38.21% 37.16% 38.03% 45.25% 34.47% 38.62%

80.00% 31.42% 31.10% 37.50% 37.80% 24.80% 32.53%

90.00% 20.68% 19.22% 25.30% 25.37% 8.65% 19.84%

100.00% 8.44% 8.85% 8.51% 8.72% 8.49% 8.60%
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Week 5 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 85.71% 85.71% 85.71% 85.71% 63.16% 81.20%

20.00% 67.65% 79.31% 79.31% 76.67% 76.67% 75.92%

30.00% 66.04% 79.55% 71.43% 83.33% 68.63% 73.79%

40.00% 58.97% 66.67% 62.16% 80.70% 60.53% 65.81%

50.00% 54.21% 59.79% 48.74% 67.44% 59.79% 57.99%

60.00% 50.36% 52.27% 46.94% 60.00% 47.92% 51.50%

70.00% 43.09% 46.82% 44.26% 48.80% 39.51% 44.50%

80.00% 38.27% 37.05% 41.52% 43.66% 35.23% 39.15%

90.00% 30.32% 22.37% 32.60% 36.36% 22.71% 28.87%

100.00% 8.43% 8.77% 8.52% 9.02% 8.49% 8.65%

Week 10 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 100.00% 92.31% 92.31% 100.00% 92.31% 95.38%

20.00% 95.83% 95.83% 85.19% 100.00% 82.14% 91.80%

30.00% 79.55% 94.59% 85.37% 97.22% 83.33% 88.01%

40.00% 79.31% 90.20% 88.46% 88.46% 86.79% 86.64%

50.00% 75.32% 80.56% 87.88% 87.88% 86.57% 83.64%

60.00% 72.63% 79.31% 84.15% 87.34% 74.19% 79.52%

70.00% 66.39% 79.41% 72.32% 84.38% 70.43% 74.59%

80.00% 61.59% 68.89% 59.24% 72.66% 55.36% 63.55%

90.00% 47.06% 52.00% 50.49% 56.83% 35.74% 48.42%

100.00% 13.28% 8.60% 23.77% 9.11% 8.61% 12.68%
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Predictive model based on content contribution rank

Week 1 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 34.29% 34.29% 26.09% 42.86% 25.53% 32.61%

20.00% 18.40% 25.84% 16.08% 28.05% 16.79% 21.03%

30.00% 18.92% 21.60% 14.89% 23.81% 17.50% 19.35%

40.00% 15.65% 20.00% 13.65% 22.33% 18.47% 18.02%

50.00% 12.24% 17.58% 11.84% 15.03% 10.55% 13.44%

60.00% 10.63% 10.70% 10.57% 10.55% 7.18% 9.93%

70.00% 8.34% 7.80% 7.71% 8.68% 7.46% 8.00%

80.00% 8.60% 8.27% 8.19% 8.60% 7.54% 8.24%

90.00% 8.48% 8.43% 8.08% 8.38% 8.06% 8.29%

100.00% 8.65% 8.59% 8.68% 8.74% 8.56% 8.65%

Week 2 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 41.38% 63.16% 46.15% 35.29% 42.86% 45.77%

20.00% 41.82% 50.00% 30.26% 31.51% 30.26% 36.77%

30.00% 25.00% 33.65% 24.14% 30.17% 25.74% 27.74%

40.00% 23.96% 32.17% 23.71% 29.11% 23.47% 26.48%

50.00% 24.07% 24.37% 23.02% 27.75% 22.22% 24.29%

60.00% 21.84% 25.27% 20.91% 24.91% 20.23% 22.63%

70.00% 17.42% 23.01% 16.07% 16.50% 17.02% 18.00%

80.00% 11.79% 15.58% 13.96% 9.88% 8.34% 11.91%

90.00% 8.96% 8.81% 8.74% 8.78% 8.23% 8.70%

100.00% 8.53% 8.60% 8.62% 8.64% 8.55% 8.59%
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Week 3 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 66.67% 80.00% 70.59% 70.59% 54.55% 68.48%

20.00% 45.10% 76.67% 50.00% 51.11% 43.40% 53.25%

30.00% 38.89% 50.72% 37.23% 43.21% 39.33% 41.88%

40.00% 33.09% 35.66% 33.58% 37.70% 34.33% 34.87%

50.00% 28.86% 32.40% 30.85% 36.25% 28.71% 31.41%

60.00% 28.05% 27.60% 30.67% 32.24% 26.85% 29.08%

70.00% 25.96% 25.39% 27.93% 30.80% 23.82% 26.78%

80.00% 22.14% 22.30% 21.88% 27.27% 18.83% 22.49%

90.00% 9.63% 15.43% 17.57% 13.21% 8.46% 12.86%

100.00% 8.51% 8.78% 8.59% 8.62% 8.54% 8.61%

Week 4 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 66.67% 70.59% 70.59% 100.00% 80.00% 77.57%

20.00% 50.00% 76.67% 63.89% 67.65% 52.27% 62.10%

30.00% 47.95% 70.00% 46.67% 52.24% 47.95% 52.96%

40.00% 41.82% 51.11% 38.66% 46.46% 44.66% 44.54%

50.00% 39.73% 38.16% 36.25% 38.93% 39.46% 38.50%

60.00% 31.65% 37.70% 33.50% 37.10% 30.53% 34.10%

70.00% 30.22% 31.03% 32.14% 33.20% 27.00% 30.72%

80.00% 26.05% 26.42% 28.53% 30.10% 24.22% 27.06%

90.00% 19.40% 18.98% 22.03% 26.67% 8.81% 19.18%

100.00% 8.49% 8.94% 8.56% 8.79% 8.55% 8.67%
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Week 5 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 85.71% 85.71% 75.00% 100.00% 66.67% 82.62%

20.00% 56.10% 74.19% 65.71% 79.31% 57.50% 66.56%

30.00% 50.00% 74.47% 56.45% 63.64% 53.85% 59.68%

40.00% 48.42% 63.01% 51.11% 59.74% 51.69% 54.79%

50.00% 48.74% 50.88% 42.34% 48.33% 41.13% 46.28%

60.00% 43.40% 40.83% 36.51% 46.31% 39.88% 41.39%

70.00% 37.16% 39.32% 33.47% 38.57% 33.47% 36.40%

80.00% 29.25% 30.90% 33.57% 32.86% 28.18% 30.95%

90.00% 24.94% 23.80% 25.81% 30.68% 19.51% 24.95%

100.00% 8.49% 8.85% 8.57% 9.01% 8.55% 8.69%

Week 10 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 100.00% 100.00% 92.31% 100.00% 92.31% 96.92%

20.00% 82.14% 92.00% 92.00% 92.00% 82.14% 88.06%

30.00% 72.92% 94.59% 81.40% 87.50% 71.43% 81.57%

40.00% 63.89% 85.19% 77.97% 83.64% 74.19% 76.97%

50.00% 62.37% 72.50% 72.50% 78.38% 65.91% 70.33%

60.00% 58.47% 67.65% 63.30% 67.65% 63.30% 64.07%

70.00% 54.36% 52.94% 54.73% 55.86% 50.63% 53.70%

80.00% 46.04% 48.69% 41.33% 43.46% 39.08% 43.72%

90.00% 32.70% 41.94% 36.11% 37.41% 31.14% 35.86%

100.00% 12.92% 8.69% 18.01% 9.32% 8.64% 11.52%



161

Predictive model based on content contribution and opinion leadership rank

Week 1 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 30.77% 34.29% 26.09% 38.71% 29.27% 31.82%

20.00% 24.47% 26.44% 16.08% 37.10% 26.14% 26.04%

30.00% 18.92% 27.13% 14.89% 26.72% 23.03% 22.14%

40.00% 17.04% 21.00% 13.65% 24.86% 18.93% 19.10%

50.00% 11.62% 18.07% 11.84% 13.52% 8.77% 12.76%

60.00% 9.53% 11.90% 10.57% 9.41% 7.17% 9.72%

70.00% 8.46% 7.80% 7.71% 8.53% 7.46% 7.99%

80.00% 8.60% 8.27% 8.19% 8.60% 7.54% 8.24%

90.00% 8.48% 8.43% 8.08% 8.38% 8.06% 8.29%

100.00% 8.65% 8.59% 8.68% 8.74% 8.56% 8.65%

Week 2 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 42.86% 70.59% 46.15% 41.38% 44.44% 49.08%

20.00% 44.23% 47.92% 30.26% 45.10% 41.82% 41.87%

30.00% 38.46% 37.23% 24.14% 38.89% 38.04% 35.35%

40.00% 32.86% 34.59% 23.71% 37.40% 30.67% 31.84%

50.00% 26.98% 32.40% 23.02% 35.15% 28.71% 29.25%

60.00% 22.85% 28.28% 20.91% 29.87% 23.63% 25.11%

70.00% 16.74% 23.08% 16.07% 15.46% 18.20% 17.91%

80.00% 12.60% 13.54% 13.96% 10.86% 8.67% 11.93%

90.00% 8.96% 8.81% 8.74% 8.78% 8.23% 8.70%

100.00% 8.53% 8.60% 8.62% 8.64% 8.55% 8.59%
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Week 3 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 63.16% 75.00% 70.59% 80.00% 57.14% 69.18%

20.00% 50.00% 71.88% 50.00% 71.88% 54.76% 59.70%

30.00% 44.30% 60.34% 37.23% 62.50% 48.61% 50.60%

40.00% 40.00% 37.40% 33.58% 60.53% 48.42% 43.98%

50.00% 36.71% 35.37% 30.85% 42.96% 38.16% 36.81%

60.00% 35.94% 33.01% 30.67% 38.76% 32.24% 34.13%

70.00% 30.68% 32.27% 27.93% 35.84% 25.31% 30.41%

80.00% 25.14% 22.74% 21.88% 29.43% 19.66% 23.77%

90.00% 13.44% 14.02% 17.57% 11.34% 8.46% 12.96%

100.00% 8.51% 8.78% 8.59% 8.62% 8.54% 8.61%

Week 4 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 70.59% 80.00% 70.59% 85.71% 70.59% 75.50%

20.00% 60.53% 69.70% 63.89% 85.19% 60.53% 67.96%

30.00% 56.45% 71.43% 46.67% 70.00% 61.40% 61.19%

40.00% 47.42% 59.74% 38.66% 67.65% 56.10% 53.91%

50.00% 49.15% 52.73% 36.25% 59.79% 49.15% 49.42%

60.00% 46.62% 42.86% 33.50% 46.62% 40.59% 42.04%

70.00% 37.33% 33.89% 32.14% 41.12% 35.06% 35.91%

80.00% 29.90% 30.90% 28.53% 37.05% 24.22% 30.12%

90.00% 20.47% 19.55% 22.03% 29.38% 10.82% 20.45%

100.00% 8.49% 8.94% 8.56% 8.79% 8.55% 8.67%
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Week 5 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 92.31% 80.00% 75.00% 100.00% 66.67% 82.79%

20.00% 76.67% 79.31% 65.71% 82.14% 63.89% 73.54%

30.00% 62.50% 74.47% 56.45% 83.33% 63.64% 68.08%

40.00% 58.23% 73.02% 51.11% 71.88% 64.79% 63.80%

50.00% 53.21% 60.42% 42.34% 69.05% 50.88% 55.18%

60.00% 51.88% 58.97% 36.51% 60.00% 47.26% 50.92%

70.00% 49.09% 44.51% 33.47% 48.50% 44.02% 43.92%

80.00% 36.61% 38.59% 33.57% 42.08% 33.21% 36.81%

90.00% 28.26% 22.03% 25.81% 35.37% 22.51% 26.80%

100.00% 8.49% 8.85% 8.57% 9.01% 8.55% 8.69%

Week 10 Set A Set B Set C Set D Set E mean

recall precision precision precision precision precision precision

0.00% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

10.00% 100.00% 100.00% 92.31% 100.00% 92.31% 96.92%

20.00% 92.00% 95.83% 92.00% 100.00% 92.00% 94.37%

30.00% 83.33% 92.11% 81.40% 97.22% 81.40% 87.09%

40.00% 82.14% 92.00% 77.97% 88.46% 80.70% 84.25%

50.00% 72.50% 85.29% 72.50% 87.88% 78.38% 79.31%

60.00% 68.32% 76.67% 63.30% 86.25% 71.88% 73.28%

70.00% 66.39% 73.64% 54.73% 80.20% 72.32% 69.46%

80.00% 60.39% 69.92% 41.33% 66.43% 59.62% 59.54%

90.00% 48.37% 43.88% 36.11% 52.79% 36.24% 43.48%

100.00% 15.39% 8.69% 18.01% 9.12% 8.64% 11.97%
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Long-term boundary spanner key role player prediction 

Predictive model based on boundary spanning rank

Week 1 Set A Set B mean

recall precision precision precision

0.00% 100.00% 100.00% 100.00%

10.00% 3.57% 0.34% 1.96%

20.00% 0.29% 0.21% 0.25%

30.00% 0.26% 0.27% 0.27%

40.00% 0.32% 0.32% 0.32%

50.00% 0.39% 0.39% 0.39%

60.00% 0.52% 0.52% 0.52%

70.00% 0.58% 0.58% 0.58%

80.00% 0.71% 0.71% 0.71%

90.00% 0.78% 0.77% 0.77%

100.00% 0.84% 0.84% 0.84%

Week 5 Set A Set B mean

recall precision precision precision

0.00% 100.00% 100.00% 100.00%

10.00% 5.56% 2.13% 3.84%

20.00% 7.14% 0.90% 4.02%

30.00% 5.13% 1.18% 3.16%

40.00% 4.13% 0.89% 2.51%

50.00% 1.28% 0.77% 1.03%

60.00% 1.13% 0.97% 1.05%

70.00% 1.27% 0.88% 1.07%

80.00% 1.07% 0.71% 0.89%

90.00% 1.13% 0.77% 0.95%

100.00% 0.84% 0.84% 0.84%
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Week 10 Set A Set B mean

recall precision precision precision

0.00% 100.00% 100.00% 100.00%

10.00% 20.00% 10.00% 15.00%

20.00% 15.00% 4.92% 9.96%

30.00% 18.18% 5.33% 11.76%

40.00% 9.43% 5.10% 7.27%

50.00% 5.45% 6.00% 5.73%

60.00% 3.10% 3.54% 3.32%

70.00% 2.19% 3.85% 3.02%

80.00% 1.13% 1.24% 1.18%

90.00% 1.10% 1.18% 1.14%

100.00% 0.84% 1.16% 1.00%

Predictive model based on content contribution rank

Week 1 Set A Set B mean

recall precision precision precision

0.00% 100.00% 100.00% 100.00%

10.00% 0.22% 33.33% 16.78%

20.00% 0.32% 0.46% 0.39%

30.00% 0.26% 0.47% 0.36%

40.00% 0.32% 0.32% 0.32%

50.00% 0.39% 0.39% 0.39%

60.00% 0.52% 0.52% 0.52%

70.00% 0.58% 0.58% 0.58%

80.00% 0.71% 0.71% 0.71%

90.00% 0.78% 0.77% 0.77%

100.00% 0.84% 0.84% 0.84%



166

Week 5 Set A Set B mean

recall precision precision precision

0.00% 100.00% 100.00% 100.00%

10.00% 4.17% 100.00% 52.08%

20.00% 2.31% 9.09% 5.70%

30.00% 2.45% 9.09% 5.77%

40.00% 2.30% 4.31% 3.31%

50.00% 1.89% 2.25% 2.07%

60.00% 0.99% 1.31% 1.15%

70.00% 0.93% 1.42% 1.17%

80.00% 1.10% 1.10% 1.10%

90.00% 0.97% 0.86% 0.91%

100.00% 0.84% 0.84% 0.84%

Week 10 Set A Set B mean

recall precision precision precision

0.00% 100.00% 100.00% 100.00%

10.00% 4.76% 100.00% 52.38%

20.00% 5.36% 21.43% 13.39%

30.00% 5.56% 10.53% 8.04%

40.00% 4.90% 12.82% 8.86%

50.00% 5.13% 14.29% 9.71%

60.00% 3.88% 16.00% 9.94%

70.00% 2.92% 15.25% 9.09%

80.00% 1.86% 3.02% 2.44%

90.00% 1.01% 2.14% 1.57%

100.00% 0.84% 0.84% 0.84%
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Predictive model based on opinion leadership rank

Week 1 Set A Set B mean

recall precision precision precision

0.00% 100.00% 100.00% 100.00%

10.00% 4.17% 0.00% 4.17%

20.00% 0.38% 0.00% 0.38%

30.00% 0.56% 0.00% 0.56%

40.00% 0.74% 0.00% 0.74%

50.00% 0.84% 0.30% 0.57%

60.00% 0.84% 0.00% 0.84%

70.00% 0.98% 0.00% 0.98%

80.00% 1.00% 0.00% 1.00%

90.00% 1.10% 0.00% 1.10%

100.00% 1.23% 0.34% 0.78%

Week 5 Set A Set B mean

recall precision precision precision

0.00% 100.00% 100.00% 100.00%

10.00% 14.29% 0.00% 14.29%

20.00% 14.29% 0.00% 14.29%

30.00% 4.17% 0.00% 4.17%

40.00% 3.67% 0.00% 3.67%

50.00% 3.38% 0.93% 2.16%

60.00% 3.38% 0.00% 3.38%

70.00% 3.21% 0.00% 3.21%

80.00% 2.86% 0.00% 2.86%

90.00% 1.31% 0.00% 1.31%

100.00% 1.22% 0.38% 0.80%
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Week 10 Set A Set B mean

recall precision precision precision

0.00% 100.00% 100.00% 100.00%

10.00% 14.29% 0.00% 14.29%

20.00% 5.56% 0.00% 5.56%

30.00% 8.11% 0.00% 8.11%

40.00% 7.84% 0.00% 7.84%

50.00% 5.26% 1.82% 3.54%

60.00% 5.26% 0.00% 5.26%

70.00% 5.36% 0.00% 5.36%

80.00% 6.03% 0.00% 6.03%

90.00% 6.56% 0.00% 6.56%

100.00% 1.21% 2.11% 1.66%
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