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ABSTRACT 

Online communities have become an increasingly popular channel for social interaction, 

enabling knowledge and opinion sharing across a board range of topics and contexts. 

Their viability and sustainability depends largely on contributions from community 

members in terms of time, resources, and knowledge. However, how individuals’ 

knowledge contribution behavior changes over time and what network structural 

characteristics influence individuals’ contribution behavior is not well understood. This 

study investigates “co-evolution” of social networks (i.e. advice network) and knowledge 

contribution behavior thorough a lens of social selection and social influence mechanism. 

This study are   particularly   interested   in examining the dynamics of the advice 

network ties and the knowledge contribution behavior in the context of virtual financial 

communities in which people voluntarily participate to exchanges investing-related 

information. Unlike popular friendship-based online social networks, virtual financial 

communities in this study enables members to construct their own advice network by 

adding, maintaining, or terminating advice ties. Changes in network ties are referred to as 

social selection, while changes in individuals’ behavior in response to the current 

network position are referred to as social influence. Dynamic network modeling is 

applied to investigate effects of social selection and influence separately and then 

examine the interplay between social selection and behavioral influence. Examination of 
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such effects both separately and simultaneously requires a longitudinal data that capture 

dynamic changes in both the advice ties and the behavior under study.   
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CHAPTER 1 INTRODUCTION  

1.1 Background 

The emergence of Web 2.0 has enabled the development and growth of computer-

mediated social networks or virtual communities and has led to the explosive growth in 

user-generated content sharing sites (e.g., Epinions, Wikipedia, Slahshdot, and 

YouTube). Virtual communities become a popular channel for interaction, enabling 

knowledge and opinion sharing across a board range of topics and contexts. In 2000, 84% 

of Internet users, or about 90 million people in North America have participated in an 

online community to access information (Horrigan 2001). According to Facebook, the 

world’s largest social network, the estimated number of active members in 2011 is about 

600 million people interacting with more than 900 million objects such as community 

pages, events, and groups. The explosive growth of online social membership suggests 

that participation and contribution provides significant benefits to community members 

(Wellman and Gulia 1996; Wasko and Faraj 2005; Ma and Agarwal 2007; Olivera et al. 

2008; Arakji et al. 2009). However, while virtual communities are increasingly prevalent, 

their viability and sustainability depends largely on contributions from community 

members in terms of time, resources, and knowledge (Butler 2001; Benbunan-Fich and 

Koufaris 2010; Cehngalur-Smith et al. 2010).  
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 A review of the online community literature reveals a series of explanations for why 

individuals engage in online social communities in general. Some explanations highlight the 

benefits individuals receive from a community, such as access to specialist advices 

(Borgatti and Cross 2003; Balkundi and Harrison 2006; Lampel and Bhalla 2007). Other 

explanations focus on helping others, such as a desire to a help create or maintain a 

community (Blanchard and Markus 2004). Prior research also has examined this voluntary 

nature of community contributions from the perspectives of social capital and collective 

action and notions of reciprocity (Sparrowe et al. 2001; Wasko and Faraj 2005; Inkpen and 

Tsang 2005; Huysman and Wulf 2006; Okoli and Oh 2007; Steinfield et al. 2008; Ridings 

and Wasko 2010; Faraj and Johnson 2010). Fang and Neufeld (2009) investigated sustained 

participation in open source software projects through a longitudinal, qualitative case study 

research by focusing on both situated learning and identity construction processes. They 

argued that participation is essential to situated learning since an individual’ identity was 

developed through active involvement in communities. Some researchers, drawing upon 

organizational commitment theory, explained that continuance, affective and normative 

commitment affects individuals’ behavior in online communities (Tiwana and Bush 2005; 

Chen 2007; Chou et al. 2010) 
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1.2 Motivation 

 Many retail investors are increasingly flocking to virtual financial communities 

(VFCs) primarily to seek and exchange investing-related information. According to 

comScore Media Matrix 2010, in May 2010, about 41 million unique users are 

subscribed to Yahoo! Finance message board. About 20 thousand of members are logged 

onto one of the largest VFCs in Australia, HotCopper forum, and posts 15 thousand of 

messages on a daily base, implying that members of VFCs experience information 

overload problem. Individuals need to take some actions to reduce the impact of 

“information overload” resulting from higher information processing costs. Moreover, 

previous findings show that, due to both the anonymity of the message posters and ease 

of posting potentially misleading information, VFCs are exposed to manipulative 

behavior such as a large number of ramping messages (Depken and Ying 2009; Delort et 

al. 2009). Therefore, high quality postings generated by community members are critical 

factors influencing VFCs’ viability and sustainability. 

 

 Many VFCs have implemented a variety of mechanisms, such as extrinsic reward, 

community moderation, user-generated rating, and social interaction, in order to 

encourage high quality contributions from members. One of recent initiatives taken by 

VFCs for fostering knowledge contributions from community members involves the 

implementation of the social interaction component, more precisely the advice network. 
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The advice network can be defined as a set of paths that a member constructs or 

maintains for the purpose of effective knowledge seeking or information circulation. 

Each community member is allowed to construct his or her own advice network by 

adding, maintaining, or terminating advice ties with other appropriate knowledgeable 

members. Most popular networks in many social networks (e.g. Facebook and YouTube) 

are based on friendship relationship from mutual agreement, which can be characterized 

as an undirected network. Once friendship invitation initiated by one member is 

confirmed by the other, a friendship tie is established.  

 

 On the contrary, members of VFCs freely select their advisors and construct their 

own advice network without confirmation from others. This directional advice network 

implies a one-way relationship representative of information seeker’s preferential 

advisors. Members may not select their advisor at random but apply a set of rationales on 

advisor selection since their goals of maintaining advice ties is to improve their own 

financial performance or for mitigating trading-related risks. 

 

 The advice network of VFCs is considered more instrumental-oriented than the 

friendship network pervasive in many virtual communities. Organizational scholars have  

framed the advice network, particularly constructed in the traditional organization setting, 

in  terms  of  information  transmission,  knowledge transfer,  and  joint  problem solving  

(Cross and Cummings 2004; Cross and Sproull 2004). The extant literature concerning 
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the behavior of information seekers and the evolution of advice network suggests that 

antecedents and mechanisms underlying the dynamics process of advisor selection 

include the perception of the potential advisor’s expertise and credibility (Fisher et al. 

1979; O’Reilly and Roberts 1979), interpersonal trust (Andrews and Delahaye 2000; Tsai 

and Ghoshal 2001), accessibility (Culnan 1983; O’Reilly 1982), and quantity and quality 

of applicable knowledge (Zmud 1978).  Theory of social exchange introduced by Blau 

(1964) posits that individuals make a decision on selection on whom to contact, when 

needing advices or opinions, primarily based on the status of the information provider or 

the advisor.  

 

 As a primary tool for community members to facilitate the search of potential 

advisors and to reduce information overload, the advice network of VFCs have some 

distinguishable features. First, members can easily construct their advice network by 

adding or deleting other potential advisors without confirmation from others. Once 

members are favored by other advice seekers, they will be notified for such subscription 

information from the system and then can either accept a mutual ties or take no further 

action. Even though such a request is not accepted by potential advisors, one can still 

maintain advice ties with them without mutual consensus.  Second, the subscription 

feature of the advice network enables subscribers to be notified immediately for the 

newly posted messages by their advisors, lead to reducing the searching time. Third, 

individuals maintaining a list of advisors in the advice network can easily access to their 



 18 

 

 

 

advisors’ profiles and view other activities such as their current subscribed forums. In 

addition, they can easily approach for asking investing-related questions or opinions 

using live chat function. They can also see how their advisors maintain their advice 

relationships with others. Lastly, VFCs provides a mean of evaluating poster’s 

knowledge contribution based on message quality. This so-called user-generated rating 

helps information seekers to identify who are credible information providers in VFCs and 

possibly motivate members to contribute more helpful postings.  
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1.3 Purpose of the Research  

 A virtual financial community of knowledge contributors can be categorize into a 

social network, more precisely an “advice” or “information” seeking network (throughout 

the paper, I use the term “advice network”, in which each contributor is regarded a node 

in the network and tends to establish a directed tie with other member in the community). 

In traditional organizational settings, the advice network can be defined as a set of formal 

or informal paths that a member of organizations constructs or maintains for the purpose 

of effective information circulation. Therefore, organizational scholars have  framed the 

advice network in  terms  of  information  transmission,  knowledge transfer,  and  joint  

problem solving  (Cross and Cummings 2004; Cross and Sproull 2004). Prior research 

have focused on investigating beneficial effects of such advice networks on 

organizational performance, individual job performance (Roberts and O‟Reilly 1979; 

Lazega et al. 2007; Sparrowe et al. 2001), and job satisfaction (Flap and Volker  2001) 

 

 Similarly, in VFCs, advice networks consist of relations through whom community 

members share resources such as investing-related opinions, information, ideas, and 

assistances that are necessary for improving their own financial performance or for 

mitigating trading-related risks. The advice network is considered more instrumental-

oriented than friendship networks pervasive in many virtual communities (e.g. Facebook 

and YouTube). Yet, few studies have been performed to investigate the role of advice 
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networks constructed by members of VFCs, on the individual’s knowledge contribution 

behavior. Furthermore, little is known about what are critical structural factors or drivers 

of the evolution of such advice networks. We have yet to explain how individuals’ 

contribution behavior changes over time and what network structural characteristics 

influence individuals’ contribution behavior. We know relatively little about the 

dynamics of both the social network and contribution behavior. 

 

 In this dissertation I first investigate advice network formation itself by analyzing 

various endogenous network structural effects, and then examine the interplay between 

dynamics of advice networks and knowledge contribution behaviors over time through a 

lens of social selection and influence process. Our main objective is threefold: 1) to 

provide a better understanding of underlying mechanisms of  the advice network 

evolution; 2) to investigate how an actor-specific covariate such as tenure influence on 

the formation of the advice network; 3) to explain how individuals’ knowledge 

contribution behavior changes and what network structural effects influence individuals’ 

contribution behavior over time.  

 

 Four specific aims will be addressed in separate studies. Study 1 addresses the first 

specific aim to examine the endogenous network effects on the process of the advice 

network formation. I identify five potential endogenous variables at different levels of 

analysis: actor, dyadic, triadic, and global. Study 2 addresses the second specific aim to 
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test whether tenure (exogenous actor-specific covariate) influences the process of 

network evolution. Study 3 and Study 4 employ the dynamic network behavioral co-

evolution modeling to investigate social selection and behavioral influence 

simultaneously.  Study 3 addresses the third specific aim to assess the co-evolving 

processes of the advice selection and contribution behavioral changes (i.e., knowledge 

contribution quantity) as a result of peers’ influence. Lastly, Study 4 addresses the fourth 

specific aim to assess the co-evolving processes of the advice selection and contribution 

behavioral changes (i.e., knowledge contribution quality) as a result of peers’ influence.  
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1.4 Research Approach and Methodology 

 A social network is a set of entities such as people, group or organizations 

connected by various formal or informal social relations (e.g., friendship, advice 

exchange or information transmission).  Social network analysis is an interdisciplinary 

field which emerged from the various academic areas, principally in social psychology, 

sociology, statistics, and game theory, and communication science (Wellman and Gulia 

1996). It focuses on investigating patterns of social relations among such social entities. 

Various approaches have been developed to describe networks of social relations, 

identify emerging patterns in such networks, and investigate the flow of resources such 

knowledge or information through the network configurations.  In the field of 

information science, social network analysts seek to discover what effects these networks 

of relations have on social entities, such as individuals, groups, and organizations, and 

their behaviors within a network.  

 

 Many techniques haven been developed to measure network structural properties 

and characteristics of node in the network. Some popular measures include degree 

centrality, closeness, and betweeness. These descriptive techniques are widely used to 

investigate distinguishable network structural configurations and to examine the enabling 

and constraining structural dimensions in social relationships. Even though the 

techniques serve valuable purpose in investigating structural network features, they not 
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allow inferences about the social process that might lead to structural properties of a 

social network.  

 

 Recent years have witnessed several powerful statistical methodological 

developments for a well-fitting model of observed social networks (Robbins et al.  2007). 

In particular, exponential random graph models for social networks has received a 

growing attention and used to analyze social relationships, communication networks, and 

research or patent citations. Exponential random graph models (ERGM), commonly 

called the p* class of models, primarily focus on explaining the observed set of social ties 

within one network. Since the observed set of links is based on a single snapshot of the 

network,  p* models can be categorized as static network models (Goldenberg 2010). The 

probability models for social networks allow researchers to investigate whether a set of 

structural characteristic is the outcome of a social process. The statistical modeling 

approach to the study of social network offers several advantages compared to traditional 

network statistics. First, social behavior is complex in nature and a stochastic network 

modeling approach provides the most effective way of analyzing complex social 

structures. Robbins et al.  (2004) emphasizes “stochastic models allow us to capture both 

the regularities in the processes giving rise to network ties while at the same time 

recognizing that there is variability that we are unlikely to be able to model in detail”. 

Secondly, the static network models allow inferences about whether the potential social 

processes drive the formation of a particular network structure. Lastly, they make it 
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possible to examine how localized social processes exert on local network structures, and 

to assess how local processes and network structures combine to further exert on global 

network structure patterns. The models are of great value since they permit investigating 

such connections between local-level relations and global network patterns. 

 

 Static network models such as exponential random graph models (ERGM) have 

been the main focus of social network research for many years. However, due to the 

emergence of online social networks, such as Facebook and YouTube, as well as those 

networks providing enormous network data, there has been a rapidly growing interest in 

the development of multi-period dynamic models (Goldenberg 2010). Dynamic network 

models concentrate on explaining how the potential social mechanisms govern changes in 

the network over time. Unlike static network model utilizing the set of network ties based 

on a single snapshot of network, dynamic network models are mainly concerned with 

understanding or examining multiple network structures or network evolution. They 

serve an essential purpose to represent network evolution or dynamics as being driven by 

a set of potential network tendencies such as reciprocity, homophily, and assortativity on 

the basis of observed longitudinal panel data (Robbins et al.  2004;  Goldenberg 2010). 

 

 Advice networks are dynamics by nature; advice network ties are established over 

time, perhaps evolves into mutual relationships, or suddenly dissolve. These relational 

changes may be attributed to the results of the structural position of the focal actors 
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within the network (Snijders et al. 2010). A longitudinal perspective and analysis of 

advice network offers opportunities to capture the dynamic evolution of advice network 

and to understand the underlying social process mechanisms. To perform a 

longitudinal analysis on advice networks, I specified a stochastic actor-based model, 

which allows examining how a variety of actor-driven micro-mechanism (i.e., individual 

choices) induces advice network formation over time. In a social network context, the 

actor-driven micro-mechanism includes three types of decision on tie formation; they can 

create advice network ties with others, terminate existing ties, or make no changes to 

their network configuration. Actor-based models are mainly concerned with the 

individual decision on tie formation; the individuals or the actors control their outgoing 

ties, on the basis of their current position in the network, their perception about the 

existing local or global network configuration, and their attributes (Snijders et al. 2010). 

Depending on actor attributes and network structural position, actors might change their 

network ties to achieve a higher positional value within a network or to optimize the so-

called evaluation or objective function.  

 

 The objective function expresses the actor’s preference for a certain network 

structural configuration and depends on both the actor’s personal network and covariates 

for all actors in the personal network. Thus, the objective function of focal actor is 

defined on the set of possible states of the network, where state of the network refers to 

the network ties themselves as well as to the covariates. Following Snijders’ notations 



 26 

 

 

 

(2010), the objective function representing the preferential rules for network behavior of 

the focal actor i, 
0( , , , )if x x v w

 
depends on the current state of the network 0x , the new 

state of the network x , individual covariates v , and dyadic covariates w . When the actor 

is given the opportunity of moving to one out of a set of network states
0( )C x , the 

probability to choose the new state of the network x is given by: 

 

0{         }iP Change from xto x 
 

0

0 ' ' 0

exp( ( , , , ))

( ( , , , ))   ( )

i

i

f x x v w

sum f x x v w for x C x  

 

 Stochastic actor-based models are a longitudinal strategy for investigating the 

interdependence between behavior evolution and network evolution. The “co-evolution” 

of behavior and network arises when network structural configurations are influenced by 

individuals’ behaviors and behavior is influenced by the current network structural 

configurations (Snijders 2009; Snijders et al. 2010). The processes of creating or 

maintaining social ties affect the behaviors and attitudes of members in virtual communities 

(Friedlin 1998; Steglich et al. 2010). Thus, the interplay between dynamics of network 

structure and behaviors can be captured by two distinct processes: social selection and social 

influence. Changes in network ties are referred to as social selection, while changes in 

individuals’ behavior in response to the current network position are referred to as social 

influence. A continuous-time Markov chain model is applied to investigate effects of social 

selection and influence separately and then examine the interplay between social selection 
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and behavioral influence simultaneously. Examination of such effects both separately and 

simultaneously requires longitudinal data that capture dynamic changes in both the social 

ties and the behavior under study. 

 

Time1 

 

 
Time 2 

 

 
 

Figure 1. 1 Illustration – Dynamic Advice Networks 
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 To model the interdependence of network and behavioral evolutions, two separate 

dependent variables are defined in stochastic actor-based models:  a tie/network variable 

and a behavior variable (Steglich et al. 2010;  Snijders et al. 2010). The model assumes 

that individuals’ decisions or actions are responsible for the evolution of behavior and 

networks by optimizing two separate objective functions. As explained earlier, the first 

objective function represents the preferential direction for the new state of the network 

compared to the current state of the network. Similarly, the behavioral objective function 

represents an actor’s preferences for the direction in behavioral change. To optimize 

behavioral objective function, individuals can decrease, increase, or maintain their score 

on a behavioral variable. the objective function representing the preferential rules for 

behavioral changes of the focal actor i, 
0 0( , , , , )zh

if z z x v w depends on the current score 

behavioral variable
0z , the potential new score behavioral variable z , the current state of 

the network 0x , individual covariates v , and dyadic covariates w . Behavioral changes are 

modeled as: 

 

0{         }iP Change from zto z 
 

0 0

0 0 ' 0

exp( ( , , , , ))

( ( , , , , ))   ( )

zh

i

zh

i

f z z x v w

sum f z z x v w for z C z  

  

 The study applies the stochastic actor-oriented model in order to model the co-

evolution of knowledge contribution behaviors and advice networks in the context of the 

virtual financial community. The objective of this research is to examine co-evolving social 



 29 

 

 

 

networks and knowledge contribution behavior over time through a lens of social selection 

and influence process. The advantage of the model is that the variables of the study can be 

used as both independent and dependent variables concurrently (Snijders 1996 and 2007). 

Researchers could study a causal relationship between network structure variables and 

behavioral variables. 
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1.5 Organization of Dissertation 

 This dissertation is arranged in six chapters. CHAPTER 1, INTRODUCTION 

presents the dissertation’s research questions, the research context and the research 

methodology. 

 

 CHAPTER 2, REVIEW OF LITERATURE reviews literature relevant to the 

research questions and analysis. The goals of the literature review are to provide an 

overview of social network analysis and to provide background for the motivations of 

this study using relevant theories of social selection and social influence.  

 

 CHAPTER 3, THEORETICAL MODELS & HYPOTHESES presents the study’s the 

research framework, the theoretical models for four specific research aims and the 

hypotheses.   

 

 CHAPTER 4, STUDY METHODS describes the data sources, the data collection 

procedure and the measures. 

 

 CHAPTER 5, DYNAMIC NETWOK MODELING ANALYTIC PROCEDURE 

describes the stochastic actor-oriented modeling approach used to examine the dynamic 

co-evolution of network structure and knowledge contribution behaviors. 
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 CHAPTER 6, NETWORK MODELING RESULTS presents the parameter 

estimation results obtained from the four different studies.  

 

 CHAPTER 7, DISCUSSION OF FINDINGS first provides a general summary of 

findings. Next, limitations of the data collection and analysis are discussed. Based on 

these findings, the chapter concludes with discussion of theoretical and managerial 

implications. 
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CHAPTER 2   REVIEW OF LITERATURE 

In this chapter, I review major research areas that contribute to our research:  

 (i) Knowledge contribution behaviors within electronic networks of practice.  

 (i) Social network analysis methods and techniques relevant to knowledge  

     contribution behaviors in virtual communities.    

 (ii) Theories of social capital, social learning, and social selection and social  

     influence.  

 

2.1 Review of Virtual Investment-Related Communities 

 Over the last decade, with rapid advances in information and communication 

technologies, we have witnessed an explosive growth of computer-mediated social 

network, known by a variety of names such as electronic, virtual, or online communities. 

The emergence of online social structures removes the physical barriers of communication 

and plays a pivotal role to facilitate information or knowledge exchange among people.  The 

study of these online social structures is important because they have changed our 

understanding of how and why people exchange information or share knowledge. Online 

social structures comprise a sheer number of individuals with common interests and 
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practices that interact or communicate regularly in an organized way over a various 

communication channels, such as a bulletin board or a news group (Wasko & Faraj 2000). 

The emergence of online social structures brings together geographically dispersed 

individuals to establish or maintain social network ties for information or knowledge 

exchange. Individuals have greater access to information or knowledge resources through 

established social ties than previously available in a local community (Teigland and 

Wasko 2003).   

  

 Prior research has studied how online social structures support or facilitate 

information and knowledge exchange and why individuals participate or contribute to 

knowledge sharing activity (Desanctis and Monge 1999; Lin 2009).  This section 

provides the review of the literature on electronic networks of practice and advice 

network prevalent in Virtual Financial Communities (VFCs), and knowledge contribution 

behaviors in VFCs.                                                                                     

 

2.1.1 Electronic Networks of Practices  

 Traditional organizational forms, such as bureaucratic (or hierarchical) structures 

and formal contractual structures, show serious deficits in organizing or governing 

complex nature of knowledge (Jones et al. 1997). Due to such limitations, the network 
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form of governance is introduced to enhance the transfer of both explicit and implicit (or 

tacit) knowledge. It is well known that tacit knowledge is difficult to be acquired in 

formal training or through documentation. Two cognitive anthropologists Lave and 

Wenger (1991) introduce the notion of communities of practice and define it as 

collections of individuals bounded by informal, emergent relationships that facilitate 

information exchange toward task-oriented goals.  

  

 The emergence of Web 2.0 has enabled the development and growth of computer-

mediated social networks and has led to the explosive growth in online cooperation and 

knowledge exchange sites. Online social networks help people to interact others with 

similar interests and to share or exchange information across a board range of topics and 

contexts.  Befits from social interaction include accesses to information and new ideas 

across organizational boundaries.  Later, Brown and Duguid (2000) introduce the notion 

of networks of practice in which social learning occurs to electronic networks of practice. 

This study builds upon and adds to the emerging literature on networks of practice. 

 

2.1.2 Virtual Financial Community  

 Virtual communities (VCs) are groups of people with common interests and 

practices that interact or communicate regularly in an organized way over a various 
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communication channels, such as a bulletin board or a news group. The emergence of 

VCs brings together geographically dispersed people to establish or maintain social 

network ties for information or knowledge exchange. In particular, Virtual Financial 

Communities (VFC) such as Yahoo!Finance, RagingBull, and Motley Fool provide 

unprecedented opportunities for individual investors to share stock or market-related 

information or ideas and to interact with others (Butler 2001; Bagozzi and Dholakia 2002; 

Antweiler and Frank 2004). However, the sheer number of message postings and the high 

level of noise in these postings present a significant challenge to community members 

seeking to extract useful information.  

 

 Recently, virtual investment-related message boards have captured the attention of 

both researchers and practitioners. As the number of stock message boards is increasing 

dramatically, the number of participations in these message boards has been exploding. 

Investment ideas and opinions posted by individual investors in those communities have 

been used to proxy for investor’s sentiment about the market or the particular company. 

Diverse groups of individuals who possess varied types of trading related information 

generated remarkably accurate estimations of future financial performance. Although 

academic research on the usefulness of user-generated content such as trading ideas, 

opinions, and sentiments are still evolving, practitioners has moved rapidly to utilize the 

wisdom of crowds and to identify opinion leaders in these communities. Nowadays, 

many retail investors start paying more attentions to the sites which provide useful 
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information based on user-generated stock message sentiments. Although the collective 

sentiments of the VFCs provide useful information for retail investors, the high level of 

noise in these user-generated messages present a significant challenge to investors. 

Moreover,  findings from prior researches show that, due to both the anonymity of the 

message posters and ease of posting potentially misleading information, VFCs are 

exposed to manipulative behavior such as a large number of ramping messages (Depken 

and Ying 2009; Delort et al. 2009).  

 

2.1.3 Manipulative Behavior in VFCs  

 Virtual Financial Communities offer an effective medium for retail investors to 

discover new information and to share investing ideas with other. However, many 

researchers and practitioners raised numerous questions or sometimes criticized about the 

value and integrity of VFCs and further provided serious warnings about the information 

provided by members of VFCs. In order to address these integrity issues, regulators 

dictate that VFCs should conform to specific guidelines. A large number of members of 

VFCs are voluntarily contributing their time and resources by posting messages so in 

most cases regulators or administrators of VFCs cannot prevent or handle effectively 

those posting which do not conform to the guidelines.  
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 It is well known that many VFCs faced challenges of manipulative behaviors. Prior 

research shows that manual supervision of VFCs by designated message moderators is 

not an effective way of preventing such manipulative behaviors. In general, stock market 

or price manipulation can be defined as the exploitation of arbitrage opportunities. There 

are two types of such manipulation; direct manipulation and indirect manipulation. Direct 

manipulation occurs through direct stock trading strategies in which trades are 

intentionally placed in the opposite direction.  Indirect manipulation occurs through the 

spread of distorted price sensitive information. VCFs are the major mediums for such 

dissemination process. Hence, understating manipulative behaviors in VFCs is an 

imperative step for both researchers and practitioners.  

 

 Prior research has documented evidence of impact of investment-related message in 

VFCs on stock activity such as stock volatility and return (Antweiler and Frank 2004; 

Cook and LU 2009). Antweiler and Frank (2004) performed computational linguistics 

analysis to see whether message contents and sentiments influence the stock market. 

Analysis results demonstrate that investment-related information found in VFCs, 

including the message sentiment ranging from strong sell to strong buy and the message 

volume, help predict stock market volatility and show that opinion dispersion are also 

associated with increased trading volume. Cook and LU (2009) find that there exists a 

correlation between message sentiments and stock return. In particular, their study shows 

that the bullishness of message sentiments positively and significantly predict abnormal 
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stock return. Furthermore, when message posters’ credibility is explicitly considered in 

the subsequent analysis, message sentiments in VFCs have a stronger predictive power 

over stock returns. 

 

 Delort et al. (2011) studies diverse types of moderated message postings collected 

from HotCopper, one of the popular VFCs in Australia. Among the sample size 

comprised with 1,083,913 posts for 938 firms, 14,139 posts did not comply with a set of 

strict usage guidelines so are moderated by a hired moderator. Those messages are 

labeled with various moderation types such as flaming, ramping, profanity or etc. 

Flaming is the most popular type of moderation found on HotCopper, which represent 

25.3% of the moderated posts. Stock ramping though VFCs arises when an individual 

recommends a stock and intentionally highlights its short-term potential movement. The 

ramper buy a large quantity of a stock, spread out information to ramp up the stock price, 

and sell their shares at a quick profit.  

 

 To improve the quality of message postings, many VFCs have attempted to 

implement different types of community design. Among the popular VFCs, TheLion.com 

implemented reputation system with which each community member can influence a 

message poster’s reputation in a pecuniary fashion. This reward system might increase 

the incentives to offer more accurate and useful information. Another example is that 

HotCopper, one of the popular VFCs in Australia, hires a number of moderators to alert 
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community members of ramping. To enhance members’ visibility and promote their 

knowledge contribution behaviors in the community, some VFCs such as TopStocks, 

HotCopper and StockHouse started implementing a social network component in which 

members can establish or maintain a social network ties with others, namely the advice 

network. From the network perspective, the processes of creating or maintaining social ties 

have a significant impact on the behaviors and attitudes of members in virtual communities 

(Suhtsema et al. 2010;  Huffaker 2010).  

 

2.1.4 Advice Network of Virtual Financial Communities 

 It has often been argued that the viability of knowledge intensive computer-

mediated communities heavily depends on community members’ contribution through 

their problem solving and information exchange activities. Achieving this goal requires 

that all community members willingly share their information, knowledge and expertise 

with each other. An advice network can be an essential resource for effective knowledge 

sharing (Blau 1955; Krackhardt and Hansen 1993; Cross et al. 2001; Borgatti and Cross 

2003). Advice relations are a complex, multidimensional structure. Researchers frame 

advice relations in terms of information transmission, knowledge transfer, and monitoring 

(Cross et al. 2001). In the advice network, individuals voluntarily exchange their 
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knowledge or expertise with those who benefit from such activities, and are likely to 

consult each other if they cannot resolve issues on their own. 

 

 Prior studies showed various beneficial effects of advice networks on student 

performance, organizational performance, and job satisfaction (Roberts and O’Reilly 

1979; Sparrowe et al. 2001; Lazega et al. 2010). A key assumption underlying the 

beneficial effects is that the effective knowledge sharing is best achieved in contextual 

settings with high social capital, where individuals are motivated to contribute their time 

and resource. Several studies also showed that non-hierarchical advice networks consist 

of dense and reciprocal relations were positively associated with performance 

enhancement at both individual and organizational levels (Sparrowe et al 2001; Lazega et 

al. 2010). 

  

 According to the social capital perspective on advice networks, individuals in an 

organization tend to be actively engaged in searching or obtaining the necessary 

resources to enhance their performance (Sparrowe et al. 2001). Drawing from a decision-

making perspective, prior research has focused on explaining individuals’ decision of 

whom to contact for advice. Such decision is influenced by his/her existing network 

social ties, which might act as an opportunity and a constraint as well in the search for 

advice. The theory of network generation posits that individuals make an advisory 
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selection decision by assessing trade-offs between expected advice value and anticipated 

cost (Nebus 2006). 

  

 

 

 

   Figure 2. 1Illustration- Nodes with Directed Ties in Advice networks 

 

  

 The extant literature explains on how an individual build an intellectual work-

related network by adding, maintaining, or dissolving his or her colleagues. This task-
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related advice network has been known for facilitating information transmission within 

and between organizations (Stevenson and Gilly 1991). The advice network originates 

when an individual seek expertise or advice from domain experts or co-workers. People 

start seeking advice from others when encountering a problem or achieving an 

intellectual task goal. It is important for an organizational member to know who knows 

what, request advice to appropriate knowledgeable persons, and receive a response or 

solution.  The advice seeker starts to build this task-related advice network by contacting 

other members for a given task, project or topics.   

  

 From the perspective of social networks, each registered member of VFCs is 

regarded a node in the network and tends to establish a directed tie with other highly 

knowledgeable contributors.   I treat a virtual financial community of knowledge 

contributors as a social network, more precisely an advice network, in which each 

contributor is regarded a node in the network and tends to establish a directed tie with 

other highly knowledgeable contributors 
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2.2 Review of Social Network Analysis Research 

Social network analysis encompasses theories, methods, and techniques used to 

investigate patterns of relations among various social entities (e.g. people and 

organizations) and how these relationships might influence individual, group, or 

organization behavior. The common basis for various social network theories is that 

individuals are influenced by the people they interact with and that individual positions 

within social structures can influence behavior. The social network perspective is that 

behaviors are not self-constrained, but rather embedded within social relations (Burt 1987; 

F; Granovetter 1978; Valente 1995; Friedkin 2004). Behaviors are viewed as a 

consequence of social position and social interaction. 

 

This section presents the overview of social network analysis and a set of 

theoretical approaches that have been used to explain the knowledge contribution 

behaviors in an electronic network of community; theory of social capital, theory of 

social learning, theory of social presence, and theory of social selection and social 

influence. 
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2.2.1 Social Network Analysis 

 A social network comprised with a set of actors and relations that hold these actors 

together. Actors can be individuals (egos), groups, or organizations. Actors within the 

established VFCs can exchange information and knowledge among themselves. By using 

social network analysis, community members can be aware of how information flow 

through social ties and how people acquire information.   

  

 Social network analysis makes use of graph theory. Graph theory has been useful in 

social network analysis since it provides a vocabulary formally representing social 

structural properties and offers mathematical operation of those properties. Researchers 

has invented graph-theoretic properties that characterize (i) network positions at the actor 

level of analysis, (ii) dyadic properties at the dyad level of analysis, (iii) triadic properties 

at the trade level of analysis, and (iv) network structures at the global level of analysis 

(Borgatti et al. 2009).                                                                                                                          

 

2.2.2 Theory of Social Capital 

 Social capital is a notion that not only consists of multidimensional facets, but has 

also been defined by different theorists (Coleman 1990; Nahapiet and Ghoshal 1998;  

Knoke 1999;  Gubbins and  Garavan 2005). Nahapiet and Ghoshal (1998) conceptualize 
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social capital as “the sum of the actual and potential resources embedded within, 

available through, and derived from the network of relationships possessed by an 

individual or social unit. Social capital thus comprises both the network and the assets 

that may be mobilized through that network”.   Knoke (1999) views social capital as “the 

process by which social actors create and mobilize their network connections within and 

between organizations to gain access to other social actors’ resources.” Theory of social 

capital suggests that the networks of relationships are a unique, valuable resource 

possessed by social entities such as people, group, or organizations.  

  

 Social capital is multidimensional and many authors have identified different 

properties. One of the most cited frameworks regarding the dimensions of social capital is 

proposed by Nahapiet and Ghoshal (1998) who identify social capital as having three 

interrelated dimensions: structural, relational and cognitive. The structural dimension 

refers to the network ties and network configuration, while the cognitive dimension refers 

to shared representation such as languages. The relational dimension addresses issues 

around shared norms or beliefs and trust.  

 

 Structural Dimension: This dimension refers to the formation of informal networks 

in which individuals can identify others with potential resources. It reflects the need for 

individuals to reach out to others for the purpose of accessing information or reference 
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resources.  The presence or absence of network ties among individuals is the most critical 

facet.  

 

 Relational Dimension: This dimension refers to the quality of informal networks 

individuals have developed with others through repeated interactions. The important 

facets of this dimension include trust, shared norms, identification, and expectations. 

  

 Cognitive dimension: This focuses on the shared representations, interpretations, 

and systems of meaning among parties. The important facets of this dimension include 

shared language and codes. 

 

 A social capital perspective has been widely used as a theoretical framework to 

understand the performance of individuals who interact in online social communities. 

Most prior research has focused on one facet or dimension of social capital. For instance, 

Hansen (1999) investigates the role of relational properties in knowledge transfer during 

new product development phase. Findings of Hansen’s study show that weak ties play a 

significant role while a project team searches for useful knowledge in other functional 

units. Furthermore, the study also demonstrate that strong ties are required to  transfer  

more complex  knowledge between  the  two  groups  to  transfer.   
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 Cross and Cummings (2004) focus on the structural properties of social capital to 

investigate an individual’s knowledge sharing behavior within a petrochemical company. 

Their findings show that ties, such as relationships crossing organizational boundaries 

and hierarchical levels, have a positive impact on individual job performance. The 

structural properties of social capital provide opportunities for employees to gather 

unique information and gain diverse perspectives when completing complex tasks at 

work. The findings show that network centrality in an information network reflects one’s 

ability to tap into a wealth of experience while centrality in an awareness network reflects 

one’s ability to take action on new opportunities and reach out others with potential 

resources. 

 

 Wasko and Faraj (2005) focus on all three dimensions of social capital to 

investigate knowledge sharing in electronic networks of practice. Their study’ findings 

show that the cognitive dimension of social capital, such as individual expertise and job 

tenure, plays an important role underlying knowledge contribution.  Both network 

centrality and individual reputation are a strong motivator for active participation and 

knowledge contribution, while relational capital does not have predictive power of 

knowledge contribution.  
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Benefits and Risks of Social Capital 

 

 Adler and Kwon (2002) posit that there is a variety of benefits and risks of social 

capital. Social capitals direct benefits include information, solidarity, and power, control 

and influence. Firstly, social capital helps a focal actor within a network not only to 

access to broader sources of information but also to gain access to high quality 

information in a more timely fashion. Coleman (1988) demonstrates information benefit 

with the example of a social scientist collaborating    on the latest research through 

repeated interaction. The network structure of prior relations among social entities can 

share or influence information. Past research shows that network ties help individuals to 

acquire new job-related skills and to gain access to information regarding job opening 

(Burt 1997; Podolny and Page 1998). Burt (1997) further shows how social capital 

operates as a function of brokerage activities transferring information among social units 

within a network in which structural holes are present.  Secondly, power and influence 

are direct benefits of social capital.  Power benefits empower individuals to achieve their 

goal more effectively and efficiently because those with relatively more power tend to 

play a leadership role.  Lastly, solidarity is another direct benefit of social capital. Hanson 

(1993) demonstrates that trust network, due to solidarity, facilitates the transfer of more 

sensitive and richer among the focal actors than other types of networks.  
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 Adler and Kwon (2002) argue that risks of social capital sometimes outweigh its 

benefits for the focal actors. It is well known that building social capital is an expensive 

investment in terms of time and resources. In particular, maintaining strong ties are more 

costly than doing weak ties. Hansen’s research (1998) on the information benefit 

demonstrates that product development groups maintaining strong network ties spend 

more times to achieve their goals than other with weaker ties. In general, strong ties 

convey more information benefit than weak ties. However, weak ties, in some cases, 

provide more efficient ways of gaining non-redundant information.  Tightly coupled 

network configuration is of solidarity benefits of social capital, which promotes shared 

norms and commitments among focal actors. As Powell and Smith-Doerr (1994) point 

out in their study, “The ties that bind may also turn into ties that bind.”  Social capital in 

tight-knit communities may hinder the flow of new information, knowledge or ideas 

among focal actors, leading to decrease in creative and innovative activities.                                       

 

2.2.3 Theory of Social Learning  

 Theory of social learning is a general theory of human behavior, explaining that 

repeated interaction among focal actors is a vital source of information concerning the 

appropriate behavior and its consequences (Bandura, 1977). It also posits that people can 

learn or assimilate new information and behaviors by observing other people (Rotter 



 50 

 

 

 

1954; Bandura 1977). According to this theory, individual behavior is determined by 

their expectations and incentives (or rewards). Three distinct types of expectancies 

include (a) beliefs about how environmental cues (i.e. events) are connected; (b) opinions 

about how individual actions are likely to influence outcome; (c) efficacy expectations 

about the consequences of one’s own behaviors or actions (i.e., self-efficacy). Incentive is 

defined as the perceived value of an outcome derived from individual behaviors.  

 

 Theory of social learning recognizes that individuals who value the perceived 

effects of their behavioral changes will attempt to change their behavior if they are 

capable of adopting the new behaviors and their perceived benefits of taking a particular 

action outweigh the perceived costs to action. This theory suggests that individuals in the 

electronic networks of practice may change their community participation and knowledge 

contribution behavior merely from observing others apparently receiving incentives or 

from interacting others. 

        

 2.2.4 Theory of Social Selection and Social Influence 

Transformation in any social networks mainly concerns the dynamics of both social 

structure and behavior. Selecting a particular person as a friend or a mentor is not a random 

process. From homophily perspective, peer selection process can be viewed as an assortative 
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paring process, indicating individuals tend to form social ties based on the similarity of 

behaviors or other characteristics (Cohen 1977; Huston & Levinger 1978; Huston 1978; 

Friedkin 1998; Ahuja et al. 2009; Cross 2001). Lazarsfeld and Merton (1954) further 

distinguished two types of homophily: status homophily and value homophily. Status 

homophily implies that similarity is largely based on formal or informal status, including 

ascribed characteristics (i.g., race, ages) and acquired characteristics (i.g., education, 

behavior patterns). Value homophily is based on a variety of internal states such as attitudes 

and beliefs.  

 

Prior research in social psychology showed that value homophily is a key driver for 

social interaction (Huston and Levinger 1978) and the selection into a relationship with 

similar peers are likely to be a stronger force than interpersonal influence in friendship 

network formation process (Cohen 1977; Kandel 1978). The similarity attraction theory also 

posits that similarity not only increases trustworthiness but also promote social identity, 

enhancing selection of similar peers (Byrne 1971). Selection process is not only driven by 

preferential attraction, but also depends on social connection or relationships with others 

(Balu 1977). Prior research has studied also show homophily plays a significant role in 

network formation. Many social theories suggest that individuals change their beliefs, 

attitudes, or behaviors in response to the social relationship with others. Friedkin (1998) 

argues that socially connected individuals tend to change their attitudes and behaviors each 

other more actively, becoming similar over time. This influence mechanism is also known 
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as assimilation process, suggesting that individuals are likely to change their behavior in 

accordance with their peers’ behavior. 

 

 Social selection is the process by which individuals create new social ties or dissolve 

an existing one, thus leading to change in the network structure. Individuals make changes 

to their social ties as a result of the behavior or characteristics of the ego, alter, and the dyad. 

By contrast, social influence is the process by which individuals change their behavior, 

beliefs, or attitudes as a function of interaction with others who are perceived to be similar. 

Figure 1 show that changes in relations and behaviors is occurring. 

 

 

 

Figure 2. 2 Representation of Social Selection and Behavioral Influence 
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CHAPTER 3   THEORETICAL MODELS & HYPOTHESES 

3.1 Study Plan  

 In Chapter 3, four specific aims are addressed in separate studies. Four specific 

aims are described below: 

 

1) Examine what endogenous network effects influence the process of the advice 

network evolution. This research will examine whether social selection preference 

(i.e., advice tie selection)  can be explained by five potential network structural 

effects such as reciprocity, popularity of alter, activity of alter, transitive triplets, 

and degree-degree assortativity.  

 

 

2) Evaluate whether individuals’ characteristics influence (i.e., community tenure) 

the process of the advice network formation. Analysis will be conducted to 

address whether social selection (i.e., advice tie selection) are driven by the actor-

specific covariates (i.e., tenure) and whether advice ties are more likely to form 

among members with similar tenure. 
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3) Investigate social selection and behavioral influence models simultaneously. This 

study first examines whether individual contribution behaviors (i.e., knowledge 

contribution quantity) influence the process of the advice network formation. 

Another assessment will test whether individuals’ contribution behaviors can be 

regarded as an outcome of network structure.   

 

4) Test social selection and behavioral influence (i.e., contribution quality) models 

simultaneously. This study assesses the co-evolving processes of the advice tie 

selection as a function of change in contribution quality and contribution 

behavioral changes as a result of peers’ influence. 

 

(1)  

 

(2)  

  

3.2 Specific Aim 1: Endogenous Network Effects 

 Structural effects are centrally concerned with how the present structure of the 

network will influence its further network evolution.   The multilevel framework 

proposed by Contractor et al (2006) suggests that the examination of network evolution 

incorporate four levels of analysis; actor, dyadic, triadic, and global. Following this 

guideline, I identify five potential structural effects on the advice network dynamics at 

different levels of structural analysis. I use social capital, preferential attachment, and 

social status theories as baseline arguments since they provide potential explanations 
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about how members of VFCs form advice ties with others, namely the evolution of 

advice network. 

 

Actor Level of Analysis: Network Centrality (In-degree and Out-degree) 

 Theory of Social capital suggests that the network of relations possessed by an 

individual, so-called social capital constitutes a valuable resource for social action (Adler 

and Kwon 2002; Baker 1990; Bourdieu 1986; Burt 1992; Coleman 1990; Jacobs 1965). 

Putman (1999) argues that social capital embedded with networks of mutual recognition 

not only provides potential access to opportunities and to useful resources, but also 

further facilitates cooperation and coordination for mutual benefit. Prior research has 

empirically examined the role of social capital as an influence on resource exchange, 

knowledge acquisition and production development/innovation (Tsai and Ghoshal 1998;   

Yli-Renko et al. 2001).  Therefore, from social exchange perspective, instrumental goal of 

acquiring access to resourceful individuals is a critical driver for the emergence of advice 

relations.  

 

 Barabasi and Albert (1999) observe that the degree distribution of social networks 

constructed in organizational settings is scale free, implying that those networks follows a 

power law. The advice networks can be regarded as a scale-free network where few 

individuals of high degrees and many of lower degrees exist.  In the context of the advice 
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network, nodes with a large number of existing incoming advice ties (i.e. high in-degree 

centrality) hold high social capital than nodes with fewer ties. At the actor level of structural 

analysis, past studies identify the popularity of the actor as one of the influential factors 

driving the network dynamics. Preferential attachment theory suggests that individuals 

with high social capital or social status are more attractive, describing the attractiveness 

of central persons comparatively to others (Barabasi and Albert 1999; Jones and 

Handcock 2003).  This argument implies that node with high inbound advice network 

links (i.e. community members with the large number of followers in the advice network) 

have greater access to relevant resources. Thus, when entering the networked community 

of VFCs, new members tend to establish advice ties with a large number of existing 

incoming advice ties or the so-called high social capital (Giuliani 2010). Hence, I 

hypothesize, 

 

H1. Advice network formation entails a preferential attachment process in which 

individuals tend to establish advice ties with others with higher prestige (or in-degree 

popularity) over time.  
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 In the advice network, actors with a large number of existing outgoing ties (i.e. a high 

out-degree centrality) may hold low social capital. However, the out-degree popularity 

implies that individuals are actively creating new advice ties to facilitate information access. 

Thus, community members with high out-degree may be in an advantaged position since 

they have more alternatives to ask for opinion or advice. This argument implies that 

individuals with high outbound advice network links have greater access to relevant 

resources. Thus, when entering the networked community of VFCs, new members tend to 

establish advice ties with a large number of existing outbound advice ties. 

 

H2. Advice network formation entails a preferential attachment process in which 

individuals tend to establish advice ties with others with a high out-degree (or out-degree 

popularity) over time.  

 

 

 

 

Dyadic Level of Analysis: Reciprocity 

 Another central focal point of advice tie formation resides on the dyadic 

relationship among information seekers and givers.  Theory of social capital theory posits 

that social relations empowering individuals’ information or advice exchange behavior 

develop in the structure of mutual dependence and individuals of organizations tend to 
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engage in recurrent, mutually contingent exchanges with others over time. Furthermore, 

rooted in social exchange theory, the social capital perspective suggests that the 

normative obligation to comply with reciprocity is another key motivational factor 

governing the emergence of advice relations. Reciprocity prescribes that the beneficiaries 

of advice are obliged to return the favor later. According to Blau (1995), the norm of 

reciprocity implies “actions that are contingent on rewarding reactions from others and 

that cease when these expected reactions are not forthcoming. Thus, drawing on the 

social capital theory, an individual’s social capital in the advice exchange network is 

likely to seek advices from others whom they have given advice to before.  

 

H3. Advice network formation entails a reciprocity process in which individuals tend to 

reciprocate advice ties with others over time.  

 

 

 

Triadic Level of Analysis: Network Closure (Transitivity) 

 At the triadic level of structural analysis, theories of structural balance (Heider, 

1982) and network closure (Coleman 1988) suggest a tendency of triad closure or 

transitivity, which is the structural mechanism conducing friends of friends becoming 

friends.  Past studies on inter-organizational alliances formation found that closely 

located firms within the network of past alliances are more inclined to form cooperative 
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ties among them (Gulati, 1995; Gulati and Gargiulo, 1999). Two underlying reasons 

about triad closure include the desire to access to new resourceful partners and to cope 

with the risk of opportunistic behavior.  In the context of network communities, a positive 

network closure effect implies that individuals that have information exchange partners in 

common are more likely to seek advices each other.  

 

H4. Advice network formation entails a closure behavior in which individuals tend to 

seek advice from a member who gives advice to the person they seek advice over time.  

 

 

 

 

 

Global Level of Analysis: Degree-Degree Assortativity 

 Another important mechanism underlying the preferential attachment is degree-

degree assortativity, which is considered as a global network property measuring 

diversity of network. Assortativity is the propensity for actors of similar connectivity to 

be connected. In directed networks such as the advice network, actors possess both in-

degree and out-degree, thus there exist four different assortativity. In-In, Out-Out, In-Out, 

and Out-In assortative are the four assortative measures: the first element labels the 

degree of the source of the directed actor, and the second labels that of the target actor. 
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Directed assortativity is a measure of correlation between in- and out-degree of the 

source and target actors within a network. 

 

 Theory of social capital suggests that individuals with high social capital or social 

status are more attractive, implying the attractiveness of central persons comparatively to 

others than those with low social capital (Jones and Handcock 2003). Thus, there is a 

tendency for highly connected actors to prefer linking to other highly connected. 

 

H5a. Individuals with high in-degree tend to be tied to others with high in-degree. 

 

H5b. Individuals with high out-degree tend to be tied to others with high in-degree. 

 

H5c. Individuals with high out-degree tend to avoid being ties to others with high out-

degree.    

 

H5d. Individuals with high in-degree tend to avoid being ties to others with high out-

degree.    
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         Table 3. 1   Study 1 Hypothesis: Network Structural Effects 

 

 

 

  

Hypotheses Implications Expected 

H1. Advice network formation entails a 
preferential attachment process in which 
individuals tend to establish advice ties 
with others with high prestige (or in-
degree popularity) over time.  

Support for this parameter would 
indicate that in-degree popularity 
positively influences the tie formation 
process. 

+ 

H2. Advice network formation entails a 
preferential attachment process in which 
individuals tend to establish advice ties 
with others with a high out-degree (or 
out-degree  popularity ) over time.  

Support for this parameter would 
indicate that out-degree popularity 
positively influences the tie formation 
process 

+ 

H3. Advice network formation entails a 
reciprocity process in which individuals 
tend to reciprocate advice ties with 
others over time.  

Support for this parameter would 
indicate that actors in the network tend 
to reciprocate the incoming ties. 

+ 

H4. Advice network formation entails a 
closure behavior in which individuals 
tend to seek advice from a member who 
gives advice to the person they seek 
advice over time.  

Support for this parameter would 
suggests a tendency of network link 
formation between three actors of 
which two are already connected (for 
instance, friend of a friend become a 
friend) 

+ 

H5. Advice network formation entails 
degree-degree assortativity. 
. 

Support for this parameter would 
indicate that actors in the network tend 
to have differential preferences for ties 
with alters.  

+ 
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3.3 Specific Aim 2: Exogenous Actor-specific Covariate (Tenure) Effect  

 As individual experiences increased community identification through longer 

participation duration, they are likely to increase their structural capital over time. Even 

though an individual participates in a longer duration but do not actively engage in 

community activity, he or she could not be recognized by others in online communities. 

So not only participation duration is important to build structural capital but also quality 

of participation activity is important.  

 

 Tenure in the community can be related to increased resources and decreased cost 

of contribution. As a member gains experience of the community, her cognitive cost of 

participating in the community becomes lower as well. For instance, individuals with 

longer tenure were found capable of providing more knowledge contributions to 

electronic networks of practices as they could develop more cognitive capital (Wasko et 

al. 2005). As individuals can build social capital and achieve the reputation over time, 

more resources will be available for those who spend more time in the community.  
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Study 2 Hypotheses 

Exogenous Actor-specific Covariate (Tenure) as Antecedent to Network Evolution 

 

H6a. The longer an individual’s tenure in the community, the more likely she or he is 

sought as an advisory over time.  

 

H6b. The longer an individual’s tenure in the community, the less likely she or he seeks 

advisories over time.  

 

H6c. The less difference in two individuals’ tenure in the community, the more likely an 

individual seek the other as an advisory over time. 

 

                           Table 3. 2     Study 2: Tenure Effects 

Hypotheses Implications Expected 

H6a. The longer an individual’s 
tenure in the community, the more 
likely she or he is sought as an 
advisory over time.  

Support for this parameter would 
indicate that actors in the advice 
network prefer to establish ties with 
others who hold a longer tenure in the 
community. 

+ 

H6b. The longer an individual’s 
tenure in the community, the less 
likely she or he seeks advisories over 
time.  
 

Support for this parameter would 
indicate that actors with longer tenure 
in the community are not likely to 
establish more outgoing ties with 
others. 

- 

H6c. The less difference in two 
individuals’ tenure in the community, 
the more likely an individual seek the 
other as an advisory over time 

Support for this parameter would 
indicate that the probability of a tie 
established by two actors increases as 
their tenure difference decreases. 

+ 
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3.4 Specific Aim 3: Network Selection and Behavioral Influence 

Coevolving Effects (Contribution Quantity) 

  

Knowledge Contribution Quantity as an Antecedent to Network Structure   

Network Evolution: Network Selection Coevolving Effects 

 

 The third specific aim is to investigate network selection and behavioral influence 

models simultaneously. This study first examines whether individual contribution 

behaviors (i.e., knowledge contribution quantity) influence the process of the advice 

network formation. Another assessment will test whether individuals’ contribution 

behaviors can be regarded as an outcome of network structure.  Generally, individuals 

with a higher participation performance in the community are expected to have higher 

expertise. Hence, other community members are more likely to interact with or seeking 

advice from them.  Although individuals with a higher participation may not be higher in 

the community’s hierarchy, they are generally considered as an active communicator. 

Individuals with a higher participation are expected to seek advice from others. Lastly, 

homophily theory suggests that individuals with a similar community participating 

pattern are more likely to interact repeatedly with each other. 
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Study 3-1 Hypotheses 

 

H7a. The higher the quantity of contributions an individual makes to the community, the 

more likely he is sought as an advice partner for repeated advice exchanges over time. 

 

H7b. The higher the quantity of contributions an individual makes to the community, the 

more likely he seeks an advice partner for repeated advice exchanges over time. 

 

 

H7c. Individual tends to have advice ties with partners having a similar level of quantity 

of contributions to the community over time. 

 

 

 

Knowledge Contribution Quantity as an Outcome of Network Structure 

 Contribution Evolution: Behavioral Influence Coevolving Effects 

 

 Whereas the set of hypotheses in the previous section considers knowledge 

contribution quantity as an antecedent to network formation, this set of hypotheses 

examines the direct structural effects on community participation.  Evidence of the 

effects of network centrality in a network is well documented in the social network 

literature. Individual with high in-degrees are expected to contribute more posting to the 

community. There might be a strong tendency for alters with higher contribution quantity 

to attract more incoming ties. 
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Study 3-2 Hypotheses 

 

H8a. The greater the number of incoming advice ties to an individual, the higher the 

quantity of contributions he makes to the community over time. 

 

H8b. The greater the number of outgoing advice ties an individual makes, the higher the 

quantity of contributions he makes to the community over time. 

 

H8c.  An individual’s contribution in terms of the number of message posting will become 

similar to that of the others he seeks as an advice partner. 
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                     Table 3. 3     Study 3: Contribution Quantity Effects 

Hypotheses Implications Expected 

H7a. The higher the quantity of 
contributions an individual makes to the 
community, the more likely he is sought as 
an advice partner for repeated advice 
exchanges over time. 

Tendency for alters with higher 
contribution quantity to attract 

more incoming ties 
+ 

H7b. The higher the quantity of 
contributions an individual makes to the 
community, the less likely he seeks an 
advice partner for repeated advice 
exchanges over time. 

Tendency for ego  with higher 
contribution quantity to create 

more outgoing ties 
+ 

H7c. Individual tends to have advice ties 
with partners having a similar level of 
quantity of contributions to the community 
over time. 

Tendency for egos to seek alters if 
both have a  similar level of 

contribution quantity 
+ 

H8a. The greater the number of outgoing 
advice ties an individual makes, the higher 
the quantity of contributions he makes to 
the community over time. 

Tendency for ego with high in-
degrees to contribute more 

postings 
+ 

H8b. The greater the number of incoming 
advice ties to an individual, the higher the 
quantity of contributions he makes to the 
community over time. 

Tendency for ego with high out-
degrees to contribute more  

postings 
+ 

H8c.  An individual’s contribution in 
terms of posting quantity will become 
similar to that of the others he seeks as an 
advice partner 

Tendency for contribution quantity 
to become similar 

+ 
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3.5 Specific Aim 4: Network Selection and Behavioral Influence 

Coevolving Effects (Contribution Quality) 

Knowledge Contribution Quality as Antecedent to Network Structure   

Network  Evolution: Network Selection Coevolving Effects 

  

 The last specific aim is to investigate network selection and behavioral influence 

models simultaneously. This study first examines whether individuals’ knowledge 

contribution quality influence the process of the advice network formation. Another 

assessment will test whether individuals’ contribution behaviors can be regarded as an 

outcome of network structure.  Generally, individuals with a higher performance in the 

community are expected to have higher expertise. Hence, other community members are 

more likely to interact with or seeking advice from them.  Individuals with a higher 

performance are higher in the community’s hierarchy. Hence, they are not expected to 

generate a large number of postings but are expected to generate a smaller number of 

more useful postings. Individuals with a higher performance are not expected to seek 

advice from others. Lastly, homophily theory suggests that individuals with a similar 

community contirbution pattern are more likely to interact repeatedly with each other. 

 

Study 4-1 Hypotheses 

H9a. The higher the quality of contributions an individual makes to the community, the 

more likely he is sought as an advice partner for repeated advice exchanges over time. 
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H9b. The higher the quality of contributions an individual makes to the community, the 

less likely he seeks an advice partner for repeated advice exchanges over time. 

 

H9c. Individual tends to have advice ties with partners having a similar level of quality of 

contributions to the community over time. 

 

Knowledge Contribution Quality as Outcome of Network Structure 

 Contribution Evolution: Behavioral Influence Coevolving Effects 

 

Study 4-2 Hypotheses 

H10a. The greater the number of outgoing advice ties an individual makes, the less the 

quality of contributions he makes to the community over time. 

 

H10b. The greater the number of incoming advice ties to an individual, the higher the 

quality of contributions he makes to the community over time. 

 

H10c.  An individual’s contribution in terms of posting quality will become similar to that 

of the others he seeks as an advice partner.  
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                      Table 3. 4     Study 4: Contribution Quality Effects 

Hypotheses Implications Expected 

H9a. The higher the quality of 
contributions an individual makes to the 
community, the more likely he is sought as 
an advice partner for repeated advice 
exchanges over time. 

Tendency for alters with higher 
contribution quantity to attract 

more incoming ties 
+ 

H9b. The higher the quality of 
contributions an individual makes to the 
community, the less likely he seeks an 
advice partner for repeated advice 
exchanges over time. 

Tendency for ego  with higher 
contribution quantity to create 

more outgoing ties 
- 

H9c. Individual tends to have advice ties 
with partners having a similar level of 
quality of contributions to the community 
over time. 

Tendency for egos to seek alters if 
both have a  similar level of 

contribution quantity 
+ 

H10a. The greater the number of outgoing 
advice ties an individual makes, the less 
the quality of contributions he makes to 
the community over time. 

Tendency for ego with high in-
degrees to contribute more useful 

postings 
+ 

H10b. The greater the number of incoming 
advice ties to an individual, the higher the 
quality of contributions he makes to the 
community over time. 

Tendency for ego with high out-
degrees to contribute more  useful 

postings 
- 

H10c.  An individual’s contribution in 
terms of posting quality will become 
similar to that of the others he seeks as an 
advice partner 

Tendency for contribution quality 
to become similar 

+ 
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CHAPTER 4      STUDY METHODS 

4.1 Data Collection and Sample 

 To test the proposed hypotheses, I collect data from one of the popular Australian 

Virtual Financial Communities, TopStocks.com.au. For our study, I collect and analyze 

advice network ties and message posting activities over eight months, from January 2011 

to August 2011, by a subset of active members from the registered community members. 

The dataset includes all trading related messages posted by members, advice network 

structures, and membership information. 

 

Panel Data Collection 

  

 To select a subset of active members as the network sample, I take the snowball 

sample technique in which subsequent members are selected randomly by connected 

network ties. To study social selection and influence process, I sample the network of 707 

active users from among the registered members and then divide the data into 

three successive two-month periods. Such data division is a necessary step in our analysis 

since I take a longitudinal social network analysis with four different observation 

points. The underlying reasoning for the two-month periods as the data observations is 

that I want to keep the number of data per period high enough to ensure stable parameter 
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estimates. The main reason for selecting the four different observation points is that the 

parameters are expected to stabilize across periods. We assume that four periods 

are high enough to ensure stable parameter estimates. Increasing the number of periods 

might ensure stability of the parameter estimates but lead to a substantial increase in the 

time required for parameter estimation. 

 

Snowball Sampling 

  

Extracting information or selecting a sample of members form large scale social 

networks is closely related to the problem of subgraph sampling. Two commonly used 

subgraph sampling approach are snowball sampling and random walk. Many researchers 

have chosen sampling practices for their studies, which can recover the topological 

characteristics of the social graph such as degree distribution and path length. Selection 

of different sampling method may impact the discovery of the particular social 

phenomenon such as knowledge contribution behaviors in online communities.  

 

The subjects of this study included 707 active community members who actively 

participate or contribute to the community over eight months, from January 2011 to 

August 2011. Then, I developed criteria for sampling the network from a large number of 

registered members. The criteria include 1) online community members should be 

participating by posting at least ten messages during each observation; 2) online 
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community members should maintain at least two outgoing advice ties; 3) Online 

community members should receive at least one advice ties from other members. Based 

on the criteria, I filtered out community members initially and then constructed a network.  

In order to find the subset of network connected members, I selected a member at random 

and then use those connections to identify neighborhood in the network.  

 

4.2 Measures and Effects 

4.2.1 Structural Effect 

Out-degree Effect 

  Out-degree or density effect is to measure a general tendency towards outdoing ties. 

It is measured as   ijj
x , that is, actor i’s utility function increases by value 1 if actor i 

add actor j in his advice network. A negative parameter outdegree  indicates that actors 

do not tend to create an advice tie randomly. The advice tie establishment is a costly 

action since each actor should allocate their limited resources such as time to create such 

ties. 
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Reciprocity Effect 

 The number of mutual or reciprocated ties is measured as 
ij jij

x x , indicating that 

actor i’s utility function increase by value 1 if actor i and actor j include each other in 

their advice network. A positive parameter 
Reciprocity  implies a greater likelihood that the 

advice network entails a reciprocity process. 

 

 

Network Closure Effect 

 The number of transitive triplets is defined by the number of transitive patterns in 

actor i’s relations. It is measured as 
, ij ih jhj h

x x x , indicating that actor i’s utility function 

increase by value 1 if actor i forms an advice tie by closing a transitive triplet. 

 

Popularity of Alter Effect 

 Popularity of Alter or In-degree Popularity of Alter is defined by the sum of the in-

degrees of the other actors to whom actor i is tied. It is measured as 

ij j ij hjj j h
x x x x    . A positive parameter

Popularity Alter 
 implies that popular alters 

are likely to attract more incoming ties from other actors within a network. 
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Activity of Alter Effect 

 Activity of Alter or Out-degree Popularity of Alter is defined by the sum of the out-

degrees of the other actors to whom actor i is tied. It is measured as 

ij j ij jhj j h
x x x x    . A positive parameter

Activity Alter 
 implies that alters with a 

larger number of outgoing ties are likely to attract more incoming ties from other actors 

within a network. 

 

Degree-Degree Assortativity Effect 

 There are four different assortativity effects as follows. 

1) In-In Degree Assortativity, which is measured as ij i jj
x x x  , represents the 

differential tendency for ego with high in-degrees to be tied to alter who likewise 

have high in-degrees.  

2) In-Out Degree Assortativity, which is measured as ij i jj
x x x  , represents 

the differential tendency for egos with high in-degrees to be tied to alter with high 

out-degrees.  

3) Out-In Degree Assortativity, which is measured as ij i jj
x x x   , represents 

the differential tendency for egos with high out-degrees to be tied to alter with 

high in-degrees.  
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4) Out-Out Degree Assortativity, which is measured as ij i jj
x x x   , represents 

the differential tendency for egos with high out-degrees to be tied to alters who 

likewise have high out-degrees.  
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                         Table 4. 1    Endogenous Network Effects 

Parameter Time t Time t+1 Description Definition 

Out-degree 
(density) 

 
 

 Tendency towards 
outgoing ties 

 

Reciprocity   Tendency towards 
reciprocation 

 

Network 
Closure 

  
Tendency towards 
transitive triplets 

 

In-degree 
Popularity 

 

(Popularity-
Alter) 

  
Tendency for 

popular alters to 
attract more 
incoming ties 

 

Out-degree 
Activity 

 

(Activity-
Alter) 

  Tendency for active 
alters to attract more 

incoming ties 

 

Assortativity 
Effects 

Differential Preferences for ties with alters 

 In-In degree assortativity  

 In-Out degree assortativity  

 Out-In degree assortativity  

 Out-Out degree assortativity  
 

 

ijj
x

ij jij
x x

, ij ih jhj h
x x x

ij jj

ij hjj h

x x

x x







 

ij jj

ij jhj h

x x

x x







 

ij i jj

ij i jj

ij i jj

ij i jj

x x x

x x x

x x x

x x x
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4.2.2 Actor-specific Covariate Effect (Tenure) 

 Tenure is a changing actor-specific covariate, which is measured as the number of 

calendar months since the member first start posting in the community. 

 

Tenure- Alter Effect  

 It is measured as 
ij jj

x tenure , that is, actor i’s utility function increases by  actor 

j’s tenure if  actor i seeks to  actor j as an advisory. A positive parameter
Tenure Alter 

 

implies that actors with a longer tenure are likely to attract more incoming ties from other 

actors within a network. 

 

Tenure- Ego Effect  

 It is measured as i ijj
tenure x , that is, actor i’s utility function increases by the 

value of actor i’s tenure for each tie that  actor seeks to another  actor j. A negative 

parameter
Tenure Ego 

 implies that actors with a shorter tenure are likely to create more 

outgoing ties to other actors within a network. 

 

Tenure- Similarity Effect  

 Tenure homophily is measures as  

 
max max

max max
ij ij

ij i j i j ij i j i j

ijj

i j i j

tenure tenure tenure tenure tenure tenure tenure tenure
x

tenure tenure tenure tenure
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 The first term in the brackets calculates a similarity score between actor i and actor 

j. It computes the difference between the tenure of two actors 
i jtenure tenure  and 

standardizes this difference by the range of all actors’ tenures max
ij i jtenure tenure . 

The second term in the brackets reflects the mean value of all standardized similarity 

scores. A positive parameter
Tenure Similarity 

 implies a tendency for egos to seek alters if 

both have a similar tenure. 

 

 

  Table 4. 2 Actor-specific Covariates Effect (Tenure) 

 

 

 

 

Parameter Description Definition 

Tenure-Alter 
Effect 

Tendency for alters with longer tenure 
to attract more incoming ties 

 

 
Tenure-Ego 

Effect 

Tendency for ego with longer tenure 
to create more outgoing ties 

 
 

Tenure Similarity 
Effect 

 

(Homophily) 

Tendency for egos to seek alters if 
both have a similar tenure 

 

ij jj
x tenure

i ijj
tenure x

( )tenure tenure

ij ij ijj
x sim sim
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4.2.3 Knowledge Contribution Quantity and Quality Measure 

 The dependent variable in this study is knowledge contribution. To accurately 

assess this, we examined two dependent variables based on message postings: (1) the 

volume of contribution and (2) the quality of contribution.  

 

 Wasko and Faraj (2005) and Chiu et al. (2006) suggest that both quantity and 

quality constitute the essential component of knowledge contribution in the electronic 

network of practices. In this study, by following the suggestion, we treat knowledge 

contribution quantity and quality separately.  The knowledge contribution is the changing 

behavior variable as it is a function of the network structural variables explained in the 

previous section. Knowledge contribution quantity is measured by the average monthly 

number of messages posted during two month periods by each member. 

 

 The VFC in our study has implemented a content rating system in which each 

community member is allowed to rate each posting. If each person thinks the posted 

message is informative or insightful or otherwise of high quality, he or she can rate it up 

or give a message a positive vote. This simple content voting is popular in many social 

media like YouTube, Digg, and Slashdot. Unlike user-generated rating feature 

implemented by Amazon and EBay, the VFC does not have a specific rating scale. Each 

message generated by community members receives only a positive vote.  
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             Figure 4. 1 Examples of User-generated Content Rating 

 

  

  

 In order to calculate each member’s contribution quality, we collect the positive 

votes for all the messages posted by each member. Thus, knowledge contribution quality 

is measure as the average monthly positive ratings that each member received from other 

members.  

 

Contribution Quantity Performance-Ego Effect   

 It is measured as 
i ijj

Qty x  , that is, actor i’s utility function increases by the 

value of actor i’s contribution quantity for each tie that actor seeks to another actor j. A 

positive parameter
Quantity Ego 

 implies that actors who have higher levels of contribution 

quantity are likely to create more outgoing ties to other actors within a network. 

Contribution Quantity Performance-Similarity Effect   
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 It is measured as ( )QtyQty

ij ij ijj
x sim sim . 

 

Contribution Quantity Performance-In-degree Effect   

 It is measured as 
i ijj

contQtyPerf x
. A positive parameter 

Quantity Indegree 
 implies 

a tendency for ego with high in-degrees tenure to contribute more postings to the 

community. 

 

Contribution Quantity Performance-Out-Degree Effect   

 It is measured as
i jij

contQtyPerf x , A positive parameter
Quantity Outdegree 

 

indicates a tendency for ego with high out-degrees to contribute more postings 

 

Contribution Quality Performance-Total Similarity Effect   

 It is measured as ( )contQtyPerf contQtyPerf

ij ij ijj
x sim sim . 
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Table 4. 3    Contribution Quantity and Quantity-Performance Measures          

 

 

   

Parameter Description Definition 

Contribution Quantity 
Performance-Alter Effect   

Tendency for alters with higher 
contribution quantity to attract 

more incoming ties 

 

Contribution Quantity 
Performance -Ego  Effect 

Tendency for ego  with higher 
contribution quantity to create 

more outgoing ties 
 

Contribution Quantity 
Performance - Similarity 

Effect 

Tendency for egos to seek 
alters if both have a  similar 

level of contribution quantity 
 

Contribution Quantity 
Performance-In-degree 

Effect   

Tendency for ego with high in-
degrees to contribute more 

postings 

 

Contribution Quantity 
Performance -  Outdgree 

Effect 

Tendency for ego with high 
out-degrees to contribute more 

postings 

 

Contribution Quantity 
Performance –  

Total Similarity Effect 

Tendency for contribution 
quantity to become similar 

 

ij jj
x Qty

i ijj
Qty x

( )QtyQty

ij ij ijj
x sim sim

i ijj
contQtyPerf x

( )contQtyPerf contQtyPerf

ij ij ijj
x sim sim

i jij
contQtyPerf x
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   Table 4. 4    Contribution Quality and Quality-Performance Measures          

 

 

  

Parameter Description Definition 

Contribution  Quality 
Performance-Alter Effect   

Tendency for alters with higher 
contribution quantity to attract 

more incoming ties 

 

Contribution  Quality 
Performance -Ego  Effect 

Tendency for ego  with higher 
contribution quantity to create 

more outgoing ties 

 

Contribution  Quality 
Performance - Similarity 

Effect 

Tendency for egos to seek 
alters if both have a  similar 

level of contribution quantity 

 

Contribution Quality 
Performance - 

Alter Effect  

Tendency for ego with high in-
degrees to contribute more 

useful postings 

 

Contribution Quality 
Performance - Ego Effect 

Tendency for ego with high 
out-degrees to contribute more  

useful postings 

 

Contribution  Quality  
Performance - Similarity 

Effect 
 

(Homophily) 

Tendency for contribution 
quality to become similar 

 

ij jj
x Quality

i ijj
Quality x

( )QualityQuality

ij ij ijj
x sim sim

i ijj
ContQualityPerf x

i jij
ContQualityPerf x

( )contQualityPerf contQualityPerf

ij ij ijj
x sim sim
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4.2.4 Control Variables 

Two control variables are included in our analysis. Behavioral Linear Tendency Effect is 

measured as  ( )iZ Z where iZ denotes the value of contribution quantity or quality 

variables of actor i. Behavioral Linear Tendency Effect is to check whether there is a 

upward drive for individuals to change their level of contribution quantity or quality 

(Festinger 1954). The quadratic shape is added to test whether the upward drive decreases 

as the level of contribution quantity or quality increases. 
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CHAPTER 5 DYNAMIC NETWOK MODELING 

ANALYTIC PROCEDURE 

 To examine the dynamic co-evolution of network structure and knowledge 

contribution behaviors, we employed a stochastic actor-oriented modeling approach 

proposed by Snijders (2007). The advantage of the model is that the variables of the study 

can be used as both independent and dependent variables concurrently (Snijders 1996 and 

2007). Researchers could study a causal relationship between network structure variables 

and behavioral variables. 

 

 In this dissertation, we consider the actor-oriented approach proposed by Snijder 

(2007) and Snijders and van Dujin (1997).  This stochastic approach combines both 

utility theory and Markov processes, assuming that the formation of the network structure 

is the result of the actions made by focal actors within a network. Given constraints 

determined by the network, each actor attempts to optimize his or her own utility. 

5.1 Stochastic Actor-oriented Model (SAOM) 

 This section presents the finite outcome space, which is the set of all directed 

graphs or diagraphs – equivalently, adjacency matrices.  The outcome space is composed 

with following four basic components. 
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 Time parameter t. The time axis is denoted by { | 0}t t  . The time parameter 

represents a continuous parameter. 

 

 Set of actors. The fixed and finite set of actors is considered, implying that actors 

will not added or deleted from the network. The set of actors is denoted by 𝒢, the 

number of actors by ℊ . 

 

 Network of relations between the actors. All relations considered in the model are 

directed relations. Relations among actors may be constructed by various social 

structures and may change over time. The network can be represented by a time-

dependent matrix F( )t for t . 

 

 Attributes for the actors. Attributes such as actors’ characteristics (e.g., gender) 

and behaviors (e.g., attitudes or beliefs) can be included in the model. The values 

of attributes can be represented by a time-dependent matrix q q ( )Z t for t , 

where q indicates the number of attributes. 

  

 The state of the model is the time-dependent value Y(t)=(F( ), ( ))t Z t  of both 

network and attributes. A stochastic process {Y(t)| }t  is a Markov chain if for any 

time 0t  , the conditional distribution of the future 0{Y(t)| }t t  is a function of the 

present 0Y( )t .  
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 A social network comprised with n actors is modeled as a directed graph (or 

digraph). This digraph is then represented by an adjacency matrix 
ijx      , where 

ijx =1 if 

actor i  is tied to actor j , and 
ijx =0 if actor i   is not tied to j . Since self-ties are not 

allowed in the adjacency matrix, iix = 0 for all i .  

 

1, if there is a tie from 
x

0, if there is no such tie
ij

i to j
 
  

  

 In SAOM, the co-evolution of network structure and actor behavioral 

characteristics are modeled as a continuous-time Markov process over an interval  . 

The digraph x(t) models the state of social relations at a time  t . Changes made to 

network configurations are often called updates, which are occurring at discrete time 

points. So we can define the network updates as the set   with elements aL indexed 

with consecutive numbers a so that 
1 2 ||...L L L   . Networks observed at a number of 

discrete time points are referred to as observations. We can define observations as the set 

 with elements indexed with consecutive numbers a so that 
1 2 ||...M M M   . 

The continuous time interval between two consecutive observations is defined as a set of 

periods with elements aW  𝒲: 1 1[ , ] [ : }a a a a aW M M t M t M      . 
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 In a continuous-time Markov chain model, the state transitions occur at any time, 

and the queuing time between transitions is exponentially distributed. Due to this 

exponential distribution, the future outcome of the process does not depend on any 

previous states, but depend only on the present state. The stochastic process{X(t)| }t  

with digraphs is modeled as a Markov chain so that if for any time 0t  , the 

conditional distribution of the future 0{X(t)| }t t  given the past 0{X(t)| }t t is a function 

of the present 0X( )t . If {X(t)| }t  is a continuous-time Markov chain with stationary 

transition distribution, then there exist a function q describing the rate at which X( ) = xt  

tends to change into X ( + ) = 0t dt x as dt   : 

 

0

P{X( + ) = x | X( ) x}
(x, x) lim (x x)

dt

t dt t
q

dt


   where x  . 

  

 The interpretation for the function q or the intensity matrix is that for any given 

value x X( ) t at a moment t , then the probability that the process changes to the new 

value X( + ) x t dt  in a short time interval from t to t dt  is approximately (x, x)q . The 

SAOM has the property that at most one tie changes at any time point. Such a change is 

referred to as an update or a mini-step. All transition rates (x, x)q  for both adjacency 
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matrices x and x  are 0. A convenient notation can be obtained by expressing the rate at 

which X ( ) ij t  changes to its opposite (1 to 0 , or 0 to 1), defined by 

(x) (x,x) ijij ijq q where x x   

where   (x, x) 0 (x x )ijij

ij

q abs    

 The value (x)ijq  can be interpreted as the propensity that the variable X ( ) ij t  tends 

to change into its opposite1-X ( ) ij t . 

5.1.1 Rate Function and Objective Function 

 Two principal concepts are applied in constructing the intensity matrix; rate 

function and objective function. The rate refers to how often actors change or update their 

outgoing network tie variables, while the objective function describes what motivates 

actors’ decision of which network tie variables to change.  This is expressed by the 

following notation 

(x) (x) (x)ij i ijq p  

  

 Actor i  gets opportunities to make a change on his/her outgoing tie at a rate of

(x)i . The probability (x)ijp  indicates the probability that actor i  choose 
ijx as the 

network tie variables to change. It is assumed that actor i  can control only a set of his 

outgoing ties 1(X ,...,X )i ig  , but is not required to update them when an opportunity 
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occurs. The probability (x)ijp   is dependent on the so-called objective function, as 

described below. 

 

Rate Function 

 The rate function indicates the average number of outgoing network ties that actor i 

changes. The queuing time between successive mini-steps of each given actor is 

exponentially distributed with rate parameter (x)i . The rate function is formally defined 

by  

0

1
(x) lim { ( ) ( ) {1,..., }| ( ) x}i ij ij

dt
P X t dt X t for some j g X t

dt



    

 

 

 In SOAM, rate functions are modeled as constant terms, implying that all actors 

have the same rate of change  of their outgoing ties. For each actor, the probability that 

this actor makes an update to the digraph in the short time interval ( , )t t dt  is 

approximately dt . The expected total number of updates made by all actors between 

successive interval ( , )a bt t , expressed by ( )b ag t t  , is proportional to the total number 

of actors g, proportional to the rate of change  ,and  proportional to the time interval 

( )b at t . 
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Objective Function 

 When actor i  gets opportunities to make a change on his/her outgoing ties 

1(X ,...,X )i ig , this actor makes the micro-step which give the greatest increase in the 

objective or utility function plus a random term. Thus, the objective function indicates the 

actor’s preference distribution over the set  of all possible networks.  

 

 Given that the present network is denoted by x X( ) t , the new network resulting 

from actor i changing the single tie 
ijx into its opposite 1 ijx during a given time period t

is denoted by (ijx i ↝j) 1 ijx   and formally x (i ↝j).  There exists an unexplained part 

of the attraction for actor i  to actor j  , denoted by the random variable ( )U j . Actor i  

modifies his tie variables with that other actor j  for whom the value of (x(if i ↝ j)) +

( )U j  is highest. 

 

 The objective function provides a means of evaluating the preference towards each 

possible next sate of the network, denoted by (x)ijf . This network preference is modeled 

as a linear combination of the relevant features of each potential tie change i ↝ j: 

(x) (xij if s  ↝ j)) 

Where   is a statistical parameter and is is a vector-valued function containing 

structural features of the digraph. 



 93 

 

 

 

For the selection model, the estimated objective function is 

      Objective Function(X) = ( , x)if 
 

       
= Out-degree + Reciprocity + Transitive Triplets + In-degree Popularity-Alter  

       + Out-degree Popularity-Alter  

  

 

      + Tenure-Alter +Tenure-Ego +Tenure-Similarity 

         

 

      + Contribution Quantity-Alter + Contribution Quantity-Ego 

         + Contribution Quantity- Similarity 

 

 

 

For the influence model, the estimated objective function is 

        Contribution Shape Effect (Change) Tendency + Contribution Quantity-In-degree  

      + Contribution Quantity-Outdegree + Contribution Quantity-Total Similarity 

  

,ij ij ji ij ih jh ij hj ij jhj j j h j h j h
x x x x x x x x x x         

ij j i ij ij j i ijj j j j
x tenure tenure x x tenure tenure x      

( )contQty contQty

ij i i ij ij ij ijj j j
x contQty contQty x x sim sim     

( ) ( )contQtyPerf contQtyPerf

i i ij i ji ij ij ijj j j
Z Z contQtyPerf x contQtyPerf x x sim sim      
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5.1.2 SIENA Modeling Assumptions 

 This section presents a variety of assumptions applied in SIENA simulation 

procedures. As mentioned earlier, each observation of the network corresponds to one 

state in the state space. The first observation is regarded as a starting value of the 

stochastic process. The network dynamic is formulated in terms of transition probabilities 

between the present state and the future state. The set of possible transitions between 

panel measurements is relatively large. The complexity of the modeling task is reduced 

by various assumptions.  

 

 Three fundamental assumptions about the modeling task that have been factored 

into the dynamics of network evolution include: (1) that actors only change at most one 

network ties at a time by creating or terminating a tie (a so-called network micro step) 

and make their own choices and decisions, (2) that transitions between observations is 

modeled as the occurrence of network micro steps over time, and (3) that tie changes are 

modeled as stochastic processes (Snijders 2005).   

 

(1) Actor-oriented model   

Each actor in the network makes his own decision about outgoing ties, where 

every actor is assumed to have complete knowledge of the network. Each actor 

creates a new tie or terminates an existing one in response to the current 

network structure itself and the behavior of other actors in the network. And 
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actors base their decisions on evaluations of the expected outcomes specified by 

the objective function, where it is assumed for each in the network to have the 

same objective function.  Lastly, actors make decisions to maximize their 

benefits. 

 

(2) Continuous model   

Dynamic network models assume that network micro steps take place in 

continuous time between measured time points. The assumption is that each 

observation captured at a time is a snapshot of constantly occurring dynamics. 

Only one network tie or behavioral change (a so-called behavioral micro step) 

can occur at an observed point. Structural embedded-ness and attributes of the 

actors determine which outgoing tie is changed at each micro step. 

 

(3) Stochastic model   

Dynamic network models use continuous-time Markov chains to represent 

changes between discrete time points. Changes between observations are 

regarded as a result of the current state of the network, not on the history of 

network states. This implies that there are no assumptions about how the 

network evolves to its current position. Hence, objective functions cannot 

evolve.  
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5.2 Simulation Investigation for Empirical Network Analysis  

 Simulation Investigation for Empirical Network Analysis (SIENA) package carries 

out the statistical estimation of models for the dynamics of networks according to a set of 

assumptions and modeling processes, following the stochastic actor-oriented model 

described in the previous sections. The model is primarily based on the rate and objective 

functions. The rate function indicates the rate at which actors change their outgoing ties 

or change their behaviors such as knowledge contribution quantity or quality, whereas the 

objective functions indicates the preference for the current state of the network.   

 

 SIENA generates parameter estimates for both network configurations and 

behavior dynamics. Four components of modeling are as follows. First, parameters 

chosen guided by a set of theories or empirical evidences are assigned as initial values. 

Second, a set of graphs is simulated based on the number of nodes and links in the panel 

data. Third, simulation of graph evolution is continuously iterated and parameter 

estimates are calculated until the parameter estimates converge. Lastly, statistical tests 

calculate how closely the mean and standard deviations found in the random graphs 

match the observed graph.  

 

 



 97 

 

 

Model Specification 

 The model specification is the first step to select a set of structural and behavioral 

effects for the evolution of each dependent variable. Three distinguishable effects include 

rate function effects, objective function effects (a so-called utility function effects), and 

endowment function effects. The endowment function effect, which is considered as an 

extension of objective function, is introduced in the model to distinguish between old and 

new network ties when evaluating potential network changes. The simulation and 

estimation procedure operate based on the model specification.  

 

Simulation 

 Markov Chain Monte Carlo Maximum Likelihood Estimation (MCMC/MLE) 

procedure has been widely used to estimate the parameters for network configurations.  

The parameters are estimated under the model specification using a stochastic algorithm.  

In general, the initial parameter values are the current values. Bu it is possible to use 

standard initial value instead.  The procedure starts estimating the probability of network 

tie changes. If the network tie is likely to form (or dissolve) based on the proposed 

hypotheses, the link is generated otherwise, it is not. For instance, if the hypotheses 

suggest that actors within a directed network are likely to reciprocate their network ties 

with others, then the simulation continues to create this a reciprocal tie. The repeated 

simulation process continues until the parameter estimates converge (Robins et al. 2007).  
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Parameter Estimation 

 This parameter estimation procedure generates the statistics such as a mean and 

standard error for each effect included in the model specification, by analyzing simulated 

graphs as a distribution of possible graphs. The procedure compares the graph statistics of 

the original graph with those of the simulated graphs and then evaluates how well the 

model fits the target data. The parameter values are similar to parameters and errors of 

standard logistic regression. The standard errors can be used to test those parameters, 

testing whether those parameters are significant or not. Significance of the parameter 

value is recognized if t-statistics, defined as parameter estimate divided by its standard 

error, is greater than 2 in absolute value.  

 

Model Fitting 

 The convergence check evaluates the deviations between the target values and the 

simulated values of the statistics.  If the longitudinal modeling process properly 

converges, then the deviation should be close to 0. The convergence of the model is said 

to be excellent if t-statistics, defined as the averages divided by the standard deviation, is 

less than 0.3. It is also noteworthy that large values of the averages and standard 

deviations are not a concern when considering the convergence of the model. It is also 

important to check the presence of collinearity among a set of effects included in the 

proposed more. In particular, if the model has a large number of effects, then the estimate 
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algorithms are more likely to be unstable. As a consequence, values of standard errors 

become very large when non-significant or redundant effects are included in the model.  

  

 Goodness-of-fit tests are requires to test or compare competing models for 

behavioral and network evolution. A generalized Neyman-Rao score test implemented in 

SIENA is used to assess goodness-of-fit of the proposed model.  They evaluate how 

much the model improves when parameters are included in the model, as compared to the 

model without that parameter. A score test is said to be significant if the variable included 

in the test improves the model controlling for all other variables in the model.  
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CHAPTER 6 NETWORK MODELING RESULTS 

6.1 Descriptive Statistics 

 The network consists of 707 active users randomly selected from the registered 

members of the community. To perform a longitudinal social network analysis, we 

observe the network at four different observation points.  The network data is divided 

into three successive two-month periods. Table 6-1 presents the descriptive statistics of 

the network structures observed at four successive two-month periods. The four periods 

are: 1) January–February; 2) March–April; 3) May–June; and 4) July–August in 2011. 

 

Network Density  

 Measuring network density indicates the index of the degree of dyadic connection 

in a selected sample or population and is the indicator to understand the current state of 

social relationships in a community. In binary network, density is the proportion of the 

number of adjacencies (edges) or actual pairs among the total possible number of pairs. 

From the result in Table 6-1, the density of the network is slightly increasing over time 

(from 0.021 to 0.027). 
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Table 6. 1 Descriptive Statistics of Network Structure and Actor-specific 

Covariates 

                                             Measurement Points 

     (N=707) Obs. 0 ( 0t ) Obs. 1 ( 1t ) Obs. 2 ( 2t ) Obs. 3 ( 3t ) 

 
Network Structure:  

      Density 0.021 0.023 0.026 0.027 

  Average degree  14.54 16.58 18.08 19.72 

  Number of total ties  10283   11719   12783 13935 

  Number of mutual dyads  2137  2367 2412 2519 

 
Actor-specific Covariates  

     Tenure 20.1 22.1 24.1 26.1 

  Average Monthly Postings  22.6 26.3 27.4 23.2 

  Average Monthly Ratings 11.6 12.8 14.5 13.4 
 

Note: Reciprocity index represents the proportion of reciprocated ties, which is measured by 

2M/(2M+ A) where M and A are the number of mutual and asymmetric dyads. 

 

 

Out-degree  

 The average out-degree for the network observed at 0t  is 14.54, which indicates 

that each actor (node) has, on average, connections out to 14.54 other nodes. From the 

result in Table 6-1, the average out-degree of the network is also steadily increasing from 

14.50 to 19.72 over time, which implies that each actor tends to create a new social tie 

with others over time. 
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Mutual Dyads 

 The dyadic relationship in a social network structure is the collection of dyads. A 

dyad is an unordered pair of actors and ties between the two actors. In a directed graph 

with n nodes, the maximum number of dyads is n (n-1)/2.  Reciprocity index represents 

the proportion of mutual ties among all the observed ties at a discrete time, which is 

measured by 2M/(2M+A) where M and A are the number of mutual and asymmetric 

dyads. The number of mutual dyads is steadily increasing from 2137 to 2519 over time. 

 

Distributions of In-degree and Out-degree 

 The in-degree of a member is the number of edges to other members in the 

network. The in-degree parameter relates to popularity effects and the out-degree to 

activity effects. The distributions of both in-degree and out-degree are important to 

understand the basic structure of the studied network. Figure 6.2 show that the network 

has skewed degree distribution, indicating that most of members in the community 

receive few incoming advices ties from other members and a relatively small proportion 

of members have more in-degree. Generally, the members who have a higher in-degree 

play an important role in the process of information transmission and make a greater 

influence on other members in the community. As shown in Figure 6.2 and Figure 6.3, 

the network for this study also follow a power law distribution. 
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                    Figure 6.1: Distribution of In-degree in VFC 

              Note: The x-axis represents the in-degree and the y-axis is the number of                   

                       members with the depicted in-degree. 

 

 

 

                     Figure 6.2 Distribution of Out-degree in VFC 
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Figure 6. 3 Distribution of Out-degree in VFC 

 

 

Ties Changes between Subsequent Observations 

 Table 6.2 show the number of tie changes between subsequent observations of the 

four advice networks: 0  0 stands for the number of actors that does not have advice 

relationships at two consecutive time points, whereas 1  1 is the number of actors that 

maintained existing relationships at two consecutive time points.  Over the period 0t   

3t  
, about 84 percent of the ties are unchanged. The average number of the ties 

maintained is about 10600 during the same period. The final two transitions (1  0 and 0 
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 1) are the number of dissolved ties and the number of newly established ties over two 

consecutive time points, respectively. Over the period 0t   3t  
, 4891 new advice ties 

emerged, while 1333 ties dissolved. 

 

 

Table 6. 2 Tie Changes between Subsequent Observations 

                                   Ties changes between subsequent observations 

 

Ties 
Created 

(01) 

Ties 
Dissolved 

(01) 

Ties 
Maintained 

(11) 

Ties 
Unchanged 

(00) 

Total Number 
of Tie Changed 

Jaccard 
Index 

     
  

Period 1: 

     0t   1t  
1745 309 9974 487114 2054 0.829 

 
Period 2: 

    1t   2t  

1615 551 11168 485808 2116 0.838 

 
Period 3: 

     2t   3t  

1531 473 12059 487083 1928 0.842 

Note: Jaccard index measures similarity between subsequent observations. 
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Figure 6. 4 Illustration - Advice Network Evolution 
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6.2 Estimation Results for Endogenous Network Effects 

 Model 1 shown in Table 6.3 takes the potential endogenous network effects only 

into account as a primary driver of the formation of the advice network.  Rate of 

network change is defined as the estimated number of changes in choices per actor 

between time points. The rate parameter for each observation is significant and positive, 

indicating that there is change occurring between the two time points in the networks.  

The rate parameter for the period 0t   1t  
 is 2.934 (SD = 0.212, p < 0.001), which means 

that each actor makes on average 2.934 changes in the advice relationship during the 

period (i.e., change one of their outgoing ties). The rate parameter for the period 1t   2t  
 

is larger than the rate parameter for the period 0t   1t  
, which indicates that there are 

more changes in advice tie creation and dissolution during the second period 1t   2t  
 than 

during the first period 0t   1t  . 

 

 Out-degree (density) parameter is a basic control variable in the dynamic network 

model. The negative out-degree parameter in the Model 1 suggests that actors in the 

advice network are unlikely to create ties with others at random. This parameter can be 

interpreted in probabilistic terms as follow. The odds of an actor to create an advice tie 

against not to create it are 
2.72[ ]e   0.066. The corresponding binary probability for  an 

actor to establish an advice tie versus not to establish one are 
2.72 2.72[ / (1 ) ]e e    6.2%, 



 108 

 

 

which implies that the advice tie establishment is a costly action since each actor should 

allocate their limited resources such as time to create such ties. 

 

 

Table 6. 3   Model 1– Endogenous Network Effects on Network Evolution 

Effects 
Parameter 

Estimate 

Standard 
Error  

p-value 

Rate Function 
  

 

  Rate of Network Change 1,
 0t   1t  2.934 0.212 <.001*** 

  Rate of Network Change 2,
 1t   2t  

  3.647 0.268 <.001*** 

  Rate of Network Change 3,
 2t   3t  

  3.305 0.232 <.001*** 

    

Endogenous Effects    

  Out-degree -2.723 0.272 <.001*** 

  Reciprocity 2.741 0.12 <.001*** 

  Transitive Triplets -0.018 0.027 0.667 

  Popularity-Alter 0.487 0.072 <.001*** 

  Activity-Alter -0.083 0.024 <.001*** 

    
 

 *p <0.05; **p <0.01; ***p <0.001 
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Actor Level of Analysis: In-degree Popularity-Alter Effect 

 The estimation results of Model 1 in Table 6.3 show that H1 (In-degree Popularity-

Alter Effect) is supported. In-degree Popularity-Alter Effect or Popularity-Alter Effect 

which is measured as the number of incoming advice ties, is positive and statistically 

significant (parameter estimate 0.487; p <0.001). Individuals with high popularity at a 

given point in time are more likely to be sought by advice seekers as an information 

exchange partner or advisor. This offers evidence that the advice tie formation in online 

knowledge sharing communities entails the traditional preferential attachment process 

where community members with high social capital in the network have a high 

probability of being nominated or sought by others as a resourceful advisor. Thus, they 

would see their network centrality grow more strongly than others over time. 

 

Actor Level of Analysis: Out-degree Popularity-Alter Effect 

 The estimation results of Model 1 in Table 6.3 show that H2 (Out-degree 

Popularity-Alter Effect or Activity of Alter Effect) is not supported. Rather, the out-degree 

popularity of alter effect goes in the opposite direction. Activity of Alter Effect (parameter 

estimate -0.083; p <0.001) is negative and statistically significant, indicating that actors 

with high out-degree are unlikely to attract extra incoming ties.  
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Dyadic Level of Analysis: Reciprocity 

 The estimation results of Model 1 in Table 6.3 show that H3 is supported. Positive 

parameter estimate for reciprocity (parameter estimate 2.741; p <0.001) implies that an 

ego is more likely to form a mutual tie with alters who prefer that ego as an information 

or opinion exchange partner. Model 1 shows that the reciprocity effect has a positive and 

significant impact on the advice tie formation; there exists a strong tendency of 

individuals to seek advices from those who themselves sought advices from them.   

 

Triadic Level of Analysis: Triadic Closure Effect (Transitive Triplets) 

 The estimation results of Model 1 in Table 6.3 show that H4 is not supported. The 

transitive triplet (parameter estimate -0.018; p =0.67), which is measured by the number 

of closed triads, is a non-significant effect on the network evolution. Thus, the likelihood 

that each actor seeks a partner for the advice exchange by closing a transitive triplet is not 

greater than the likelihood of establishing a random advice tie. 

 

Global Level of Analysis: Degree-Degree Assortativity  

  

 Model 2 shown in Table 6.4 extend Model1 by including four degree-degree 

assortativity effects to investigate whether differential tie preference influence on the 

formation of the advice network. Further, the non-significant transitive triplet effect is not 

integrated into Model 2 to achieve a parsimonious model. Among four assortativity 
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effects, three assortativity effects show s statistical significance. In-Out Degree 

Assortativity effect (parameter estimate 0.005; p = 0.42) is not statistically significant. 

  

 In-In Degree Assortativity Effect (parameter estimate 0.057; p <0.001) is positive 

and statistically significant, indicating that there is a strong tendency for actors with high 

in-degree to preferably be tied to other actors with high in-degrees. Individuals with high 

popularity at a given point in time are more likely to be sought by others with high 

popularity as an information exchange partner or advisor. 

 

 Out-Out Degree Assortativity Effect (parameter estimate -0.035; p <0.05) is 

negative and statistically significant, indicating that actors with high out-degrees are less 

likely to be ties to other actors with high out-degrees. Individuals who actively seek 

advices from others have a lower probability of being nominated or sought as a 

resourceful advisor by others with high out-degrees.  

  

 Out-In Degree Assortativity Effect (parameter estimate 0.085; p <0.001) is positive 

and statistically significant, indicating the strong tendency for actors with high out-

degrees to be tied to the popular alters. 
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Table 6. 4 Model 2– Degree-Degree Assortativity Effects  

 

Effects 
Parameter 

Estimate 

Standard 
Error  

p-value 

Rate Function 
  

 

  Rate of Network Change 1,
 0t   1t  3.030 0.224 <.001*** 

  Rate of Network Change 2,
 1t   2t  

  3.714 0.272 <.001*** 

  Rate of Network Change 3,
 2t   3t  

  3.385 0.254 <.001*** 

    

Endogenous Effects    

  Out-degree -2.798 0.287 <.001*** 

  Reciprocity 2.753 0.135 <.001*** 

  Popularity-Alter 0.487 0.073 <.001*** 

  Activity-Alter -0.084 0.022 <.001*** 

  In-In Degree Assortativity       0.057 0.015 <.001*** 

  Out -Out Degree Assortativity       -0.035 0.017 <0.05* 

  In-Out Degree Assortativity       0.085 0.02 0.42 

  Out-In Degree Assortativity       0.005 0.011 <.001*** 

          *p <0.05; **p <0.01; ***p <0.001                                                                            
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6.3 Estimation Results for Tenure Effects  

 Model 3 shown in Table 6.5 extends Model 2 by taking the three tenure-related 

effects into the model: Tenure-Alter, Tenure-Ego, and Tenure-Similarity effects. Further, 

the non-significant In-Out degree Assortativity effect is not integrated into Model 3 to 

achieve a parsimonious model. In particular, the parameter estimates testing H6a 

(member with longer tenure are more likely to be sough as an advisory than members 

with shorter tenure) and H6b (member with longer tenure are more likely to seek others 

with longer tenure, and member with shorter tenure are more likely to seek other with 

shorter tenure). None of the effects proposed in H6a-H6c are statistically significant 

(p<0.05). Hence, there is no statistical evident that community tenure influence the 

process of network formation.   

  

 However, Tenure-Alter effect (parameter estimate 0.016; p=0.051) is significant at 

a 10 percent level of significance (p<0.1), indicating that individuals with a longer tenure 

in the community are more likely to be sough as an advisory than members with shorter 

tenure. 

 

 Neyman-Rao test indicates that the inclusion of all three tenure-related effects into 

the model increase model fit (
2X  =12.33; d.f.=3;  p<0.01). However, the increase in the 

model fit are primarily because of inclusion of Tenure-Alter effect (
2X  =11.78; 
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d.f.=1 ;  p<0.01). Even though Tenure-Alter effect is not statistically significant at a 5 

percent level of significance (p<0.05), Tenure-Alter effect is integrated into the 

subsequent model, while other two non-significant effect, such as Tenure-Ego, and 

Tenure-Similarity effects, are not. 

 

Table 6. 5 Model 3– Tenure Effect  

Effects 
Parameter 

Estimate 

Standard 
Error  

p-value 

Rate Function 
  

 

  Rate of Network Change 1 3.022 0.221 <.001*** 

  Rate of Network Change 2  3.716 0.263 <.001*** 

  Rate of Network Change 3  3.389 0.252 <.001*** 

    
Endogenous Effects    

 Out-degree -2.791 0.284 <.001*** 

 Reciprocity 2.742 0.124 <.001*** 

 Popularity-Alter 0.486 0.071 <.001*** 

 Activity-Alter -0.084 0.023 <.001*** 

 In-In degree Assortativity       0.057 0.015 <.001*** 

 Out -Out degree Assortativity       -0.035 0.017 <0.05* 

 Out-In degree Assortativity       0.005 0.011 <.001*** 

    
Tenure Effects    

  Tenure -Alter 0.016 0.008 0.051 

  Tenure -Ego 0.023 0.045 0.378 

  Tenure –Similarity -0.215 0.274 0.786 

          *p <0.05; **p <0.01; ***p <0.001                                                                            
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6.4 Estimation Results for Network Selection and Behavioral Influence 

Co-evolving Effects (Contribution Quantity) 

Network Evolution: Network Selection Coevolving Effects  

Advice Network Selection as Outcome of Contribution Quantity 

 

 Model 4 in Table 6.6 tests whether knowledge contribution quantity can be 

regarded as an antecedent to the evolution of the advice network. It includes the three 

knowledge contribution quantity effects into the model: Contribution Quantity-Alter, 

Contribution Quantity-Ego, and Contribution Quantity-Similarity effects. The 

Contribution Quantity-Alter effect is a non-significant effect. Hence, H7c (Individual 

tends to have advice ties with partners having a similar level of quantity of contributions 

to the community over time.) is not confirmed. 

 

 The Contribution Quantity-Alter effect (parameter estimate 0.328; p < 0.001) is 

positive and statistically significant, indicating that the higher the quantity of 

contributions an individual makes to the community, the more likely he is sought as an 

advice partner for repeated advice exchanges over time.  

 

 The parameter estimates testing H7b; the Contribution Quantity-Ego effect 

(parameter estimate -0.352; p=0.080) is not statistically significant at p<0.05. However, 

The effect, which is negative and significant at a 10 percent level of significance (p<0.1), 
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indicates that the higher the quantity of contributions an individual makes to the 

community, the less likely he seeks an advice partner for repeated advice exchanges over 

time). 

 

 Furthermore, Neyman-Rao test indicates that the inclusion of all knowledge 

contribution quantity effects into the model increase in model fit (
2X  = 26.7; d.f.=3;  

p<0.001).  
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Table 6. 6 Model 4– Contribution Quantity as an Antecedent to Network 

Evolution 

   Effects 
Parameter 

Estimate 

Standard 
Error  

p-value 

Rate Function 
  

 

  Rate of Network Change 1 3.047 0.233 <.001*** 

  Rate of Network Change 2  3.755 0.269 <.001*** 

  Rate of Network Change 3  3.415 0.258 <.001*** 

    
Endogenous Effects    

  Out-degree -2.801 0.284 <.001*** 

  Reciprocity 2.754 0.130 <.001*** 

  Popularity-Alter 0.488 0.073 <.001*** 

 Activity-Alter -0.086 0.024 <.001*** 

 In-In degree Assortativity       0.054 0.014 <.001*** 

 Out -Out degree Assortativity       -0.036 0.017 <0.05* 

 Out-In degree Assortativity       0.005 0.012 <.001*** 

    

Tenure Effects    

  Tenure -Alter 0.019 0.010 0.057 

Contribution Quantity Effects    

  Contribution Quantity-Alter 0.328 0.127 <.001** 

  Contribution Quantity -Ego -0.352 0.201 0.080 

  Contribution Quantity -Similarity 0.443 0.467 0.949 

          *p <0.05; **p <0.01; ***p <0.001      
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Contribution Evolution: Behavioral Influence Coevolving Effects 

 Contribution Quantity as Outcome of Network Structure 

 

 The significant rate of contribution quantity parameters in the influence part 

indicate that there are only slightly more changes in contribution quantity during the first 

period 0t   1t  than during the second period 1t   2t  and during the third period 2t   

3t . 
As out-degree effect should be included as a control variable in the network selection 

part, the influence part includes the linear shape and quadratic shape effect as controls as 

well.  These two effects such as the out-degree effect for a dependent network variable 

and the linear shape effect for a dependent behavior variable are introduced into the 

dynamic model to define the balance between the probability of going down and doing up. 

In Model 5, the linear shape effect is used to check whether there is an upward drive for 

individuals to change their level of contribution quantity and the quadratic shape effect is 

used to test whether the upward drive decreases as the level of contribution quantity 

increases. As shown in Table 6.7, both linear shape and quadratic shape effects are not 

statistically significant, thus there is no upward drive in knowledge contribution quantity.  

 

 Contribution Quantity-In-degree Effect (parameter estimate 0.0096; p=<0.001) is 

positive and statistically significant, suggesting that the greater the number of incoming 

advice ties to an individual, the higher the quantity of contributions he makes to the 

community over time. Thus, individuals adjust their level of contribution quantity as a 

result of their advice tie formation.  The network selection part in Model 4 shows that 
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Contribution Quantity-Alter effect (parameter estimate 0.328; p < 0.001) is positive and 

statistically significant and the influence part in Model 5 confirms H8a (Contribution 

Quantity-In-degree Effect). Since both hypotheses are confirmed at p < 0.001, we can 

conclude that both social selection and behavioral influence play a pivotal role to 

promote individuals’ knowledge contribution behaviors and increase their social capital 

over time. 

  

 Contribution Quantity-Total Similarity Effect (parameter estimate 0.4754 p < 0.05) 

is positive and statistically significant, indicating that an individual’s contribution in 

terms of the number of message posting will become similar to that of the others he seeks 

as an advice partner. Thus, H8c is confirmed. By comparing the significant Contribution 

Quantity-Total Similarity Effect in the influence part of Model 5 with the non- significant 

Contribution Quantity –Smilarity in the influence part of Model 4, we can conclude that 

the social influence is more important than social selection in predicting individual’s 

contribution quantity similarity among their peers within the advice network. 

 

 Contribution Quantity-Out-degree Effect (parameter estimate -0.0094; p=0.75) is 

negative but not statistically significant, indicating the larger number of outgoing ties 

maintained by individuals does not guarantee or influence their level of contribution 

quantity at all.  
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Table 6. 7 Model 5– Network Selection and Behavioral Influence Co-evolution 

Model (Knowledge Contribution Quantity) 

Effects 
Parameter 

Estimate 

Standard 
Error  

p-value 

Network Evolution   

Rate Function    

  Rate of Network Change 1
 
 3.122 0.241 <.001*** 

  Rate of Network Change 2  3.786 0.283 <.001*** 

  Rate of Network Change 3 3.435 0.264 <.001*** 

Endogenous Effects    

  Out-degree -2.791 0.284 <.001*** 

  Reciprocity 2.742 0.124 <.001*** 

  In-degree Popularity-Alter 0.486 0.071 <.001*** 

  Out-degree Popularity-Alter -0.084 0.023 <.001*** 

  In-In degree Assortativity       0.057 0.015 <.001*** 

  Out -Out degree Assortativity       -0.035 0.017 <0.05* 

  Out-In degree Assortativity       0.005 0.011 <.001*** 

Tenure Effects    

  Tenure -Alter 0.016 0.008 0.051 

   

Contribution Behavior Evolution   

Rate Function    

  Rate of Contribution Quantity Change 1 192.130 17.352 <.001*** 

  Rate of Contribution Quantity Change 2  158.051 14.952 <.001*** 

  Rate of Contribution Quantity Change 3  175.543 15.093 <.001*** 

  Linear Shape 0.1312 0.2834 0.463 

  Quadratic Shape -0.0103 0.0155 0.665 

  Contribution Quantity- In-degree  0.0096 0.0028 <.001*** 

  Contribution Quantity- Out-degree  -0.0094 0.0124 0.758 

  Contribution Quantity Total Similarity 0.4754 0.2210 <0.05* 

    

      *p <0.05; **p <0.01; ***p <0.001                                                                            
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6.5 Estimation Results for Network Selection and Behavioral Influence 

Co-evolving Effects (Contribution Quality) 

Network Evolution: Network Selcction Coevolving Effects  

Advice Network Selection as Outcome of Contribution Quality 

 

 Model 6 in Table 6.8 tests whether knowledge contribution quality can be regarded 

as an antecedent to the evolution of the advice network. It includes the three knowledge 

contribution quantity effects into the model: Contribution Quality-Alter, Contribution 

Quality -Ego, and Contribution Quality -Similarity effects.  

 

 Contribution Quality -Similarity effects is a non-significant effect. Hence, H8c 

(tendency for individuals to have a similar level of quality of contributions to the 

community over time.) is not confirmed. The parameter estimates testing H8b; 

Contribution Quality-Ego Effect not statistically significant.  

 

 Contribution Quality-Alter effect (parameter estimate 0.009; p < 0.001) is positive 

and statistically significant, indicating that the higher the quality of contributions an 

individual makes to the community, the more likely he is sought as an advice partner for 

repeated advice exchanges over time.    
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Table 6. 8 Model 6– Contribution Quality as an Antecedent to Network 

Evolution 

   Effects 
Parameter 

Estimate 

Standard 
Error  

p-value 

Rate Function 
  

 

  Rate of Network Change 1 3.061 0.237 <.001*** 

  Rate of Network Change 2  3.776 0.275 <.001*** 

  Rate of Network Change 3  3.426 0.261 <.001*** 

    
Endogenous Effects    

  Out-degree -2.699 0.301 <.001*** 

  Reciprocity 2.754 0.150 <.001*** 

  In-degree Popularity-Alter 0.484 0.071 <.001*** 

  Out-degree Popularity-Alter -0.089 0.025 <.001*** 

  In-In degree Assortativity       0.057 0.011 <.001*** 

 Out -Out degree Assortativity       -0.039 0.018 <0.05* 

 Out-In degree Assortativity       0.005 0.012 <.001*** 

    

Tenure Effects    

  Tenure -Alter 0.019 0.010 0.057 

Contribution Quantity Effects    

  Contribution Quality-Alter 0.009 0.003 <.001*** 

  Contribution Quality -Ego 0.053 0.034 0.17 

  Contribution Quality -Similarity 0.509 0.342 0.139 

          *p <0.05; **p <0.01; ***p <0.001      
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Contribution Evolution: Behavioral Influence Coevolving Effects 

 Contribution Quality as Outcome of Network Structure 

 

 As shown in Table 6.9, Linear Shape Effect parameter estimate 0.041; p=<0.0.5) 

are statistically significant, indicating the upward drive in knowledge contribution quality. 

However, Quadratic Shape Effect which tests whether the upward drive decreases as the 

level of contribution quality increases, is not statistically significant. Contribution Quality 

-Total Similarity Effect (parameter estimate 0.049; p < 0.05) is not statistically significant. 

  

 Contribution Quality-In-degree Effect (parameter estimate 0.0096; p=<0.001) is 

positive and statistically significant, suggesting that the greater the number of incoming 

advice ties to an individual, the higher the quality of contributions he makes to the 

community over time. Thus, individuals adjust their level of contribution quality as a 

result of their advice tie formation.  The network selection part in Model 6 shows that 

Contribution Quality -Alter effect (parameter estimate 0.009; p < 0.001) is positive and 

statistically significant and the influence part in Model 7 confirms H8a (Contribution 

Quality -In-degree Effect). Since both hypotheses are significant at p < 0.001, we can 

way that both social selection and behavioral influence play a pivotal role to promote 

individuals’ knowledge contribution behaviors and increase their social capital over time. 
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 Contribution Quality-Out-degree Effect (parameter estimate -0.007; p<0.01) is 

negative and statistically significant, indicating that individuals with high out-degrees are 

less likely to contribute more useful postings to the community. 

 

Table 6. 9 Model 7– Network Selection and Behavioral Influence Co-evolution 

Model (Knowledge Contribution Quality) 

Effects 
Parameter 

Estimate 

Standard 
Error  

p-value 

Selection:  Network as Outcome   

Rate Function    

  Rate of Network Change 1
 
 3.202 0.236 <.001*** 

  Rate of Network Change 2  3.832 0.290 <.001*** 

  Rate of Network Change 3 3.461 0.262 <.001*** 

Endogenous Effects    

  Out-degree -2.743 0.277 <.001*** 

  Reciprocity 2.702 0.120 <.001*** 

  In-degree Popularity-Alter 0.491 0.074 <.001*** 

  Out-degree Popularity-Alter -0.085 0.023 <.001*** 

  In-In degree Assortativity       0.060 0.016 <.001*** 

  Out -Out degree Assortativity       -0.037 0.017 <0.05* 

  Out-In degree Assortativity       0.005 0.012 <.001*** 

Tenure Effects    

  Tenure -Alter 0.019 0.010 0.057 

   

Influence: Contribution Quality as Outcome   

Rate Function    

  Rate of Contribution Quality Change 1 42.159 8.664 <.001*** 

  Rate of Contribution Quality Change 2  51.051 9.352 <.001*** 

  Rate of Contribution Quality Change 3  48.211 8.128 <.001*** 

  Linear Shape  0.041 0.019 <0.05* 

  Quadratic Shape  0.002 0.0020 0.034 

  Contribution Quality - In-degree  0.003 0.0005 <.001*** 

  Contribution Quality - Out-degree  -0.007 0.002 <.001** 

  Contribution Quality Total Similarity 0.049 0.043 0.258 

      *p <0.05; **p <0.01; ***p <0.001                                                                            



 125 

 

 

Table 6. 10 Summary of Parameter Estimation Results for Network Selection 

and Behavioral Influence Coevolving Effects 

Hypotheses Expected Results 

Endogenous Effects 

H1 In-degree popularity-Alter + + 

H2 Out-degree popularity-Alter + _ 

H3 Reciprocity + + 

H4 Transitive Triplet + Not Supported 

H5a In-In Degree Assortativity       + + 

H5b Out -Out Degree Assortativity       _ _ 

H5c In-Out Degree Assortativity       _ Not Supported 

H5d Out-In Degree Assortativity       + + 

Tenure Effects 

H6a Tenure-Alter + 
Supported at 

p=0.1 

H6b Tenure-Ego _ Not Supported 

H6c Tenure-Similarity + Not Supported 

Contribution Quantity Effects 

H7a Contribution Quantity-Alter + + 

H7b Contribution Quantity-Ego + Not Supported 

H7c Contribution Quantity -Similarity + Not Supported 

H8a Contribution Quantity - In-degree Alter + + 

H8b Contribution Quantity- Out-degree  + Not Supported 

H8c Contribution Quality –Total Similarity + + 
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Contribution Quality Effects 

H9a Contribution Quality-Alter + + 

H9b Contribution Quality -Ego _ Not Supported 

H9c Contribution Quality-Similarity + Not Supported 

H10a Contribution Quality - In-degree  + + 

H10b Contribution Quality - Out-degree  _ _ 

H10c Contribution Quality –Total Similarity + Not Supported 
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CHAPTER 7       DISCUSSION OF FINDINGS 

 This chapter provides discussion of the results presented in the previous chapter. 

This chapter is divided into three sections.  The first section discusses theoretical 

implications and the second section provides managerial implications of the dissertation 

research. The last section describes limitations of this study and future research. 

7.1 Theoretical Implications  

 This dissertation applies social selection and behavioral influence paradigms to 

investigate the co-evolution of the advice network and the knowledge contribution 

behaviors (i.e., contribution quantity and quality) in the context of virtual financial 

communities. 

 

 

Firgure 7. 1 Representation of Network Selection and Behavioral Influence 

Effects 
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Study 1: Endogenous Network Effects 

 

 The objective of Study 1 is to examine what endogenous network effects influence 

the process of the advice network evolution. This research examine whether social 

selection preference (i.e., advice tie selection)  can be explained by five potential network 

structural effects such as reciprocity, popularity of alter, activity of alter, transitive 

triplets, and degree-degree assortativity.  

 

 The estimation results of Study 1 support Hypotheses 1 and 2 (i.e., positive 

Popularity-Alter Effect and positive Reciprocity Effect), whereas Hypothesis 4 (i.e., 

Transitive Triplets) is not confirmed. Thus, there exists a strong tendency of individuals 

to seek advices from those who themselves sought advices from them and to establish an 

advice tie with popular alters within a network. 

 

 H2 (Out-degree Popularity-Alter Effect or Activity of Alter Effect) is not supported. 

Rather, Activity of Alter Effect goes in the opposite direction. Individuals with high out-

degree are unlikely to attract extra incoming ties. On the contrary, individuals with high 

in-degree are more likely to attract extra incoming ties. Community members may 

perceive others with high in-degree as resourceful individuals.  
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 The estimation results support Hypotheses 5a, 5b, and 5d. Among four degree-

degree assortativity effects, three assortativity effects (positive In-In Degree, negative 

Out-Out Degree, and positive Out-In Degree Assortativity Effects) are supported. 

Individuals with high popularity at a given point in time are more likely to be sought by 

others both with higher popularity and with higher activity as an information exchange 

partner or advisor. As theory of social capital suggests individuals’ social capital within 

the virtual financial community play a pivotal role to influence the advice network 

evolution.  In summary, there is sound statistical evidence that the advice network 

evolution s is driven by individual’s network position or social capital. 

 

Study2: Tenure Effect 

 

 The objective of Study 2 is to evaluate whether individuals’ community tenure 

influences the process of the advice network formation. None of the effects in 

Hypotheses 6a-6c is statistically significant at p < 0.05. Hence, we do not find any 

statistically significant effects between tenure and network structure. However, Tenure-

Alter effect is significant at a 10 percent level of significance, indicating that individuals 

with a longer tenure in the community are more likely to be sough as an advisory than 

members with shorter tenure. 
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Study3: Network Selection and Contribution Quantity Influence Co-evolving 

Effects 

 

 The objective of Study 3 is first to examine whether individual contribution 

quantity activity influence the process of the advice network formation and then to test 

whether individuals’ contribution behaviors can be regarded as an outcome of network 

structure.   The estimation results in the selection part support Hypotheses 7a 

(Contribution Quantity-Alter Effect). The higher the quantity of contributions an 

individual makes to the community, the more likely he is sought as an advice partner for 

repeated advice. 

 

 The estimation results in the influence part support Hypotheses 8a (positive 

Contribution Quantity-In-degree Effect) and 8c (positive Contribution Quantity-Total 

Similarity Effect). We found statistically significant effects between contribution quantity 

and network structure. Thus, we can claim that individuals’ contribution behaviors are 

regarded as an outcome of network structure. Structural social capital plays a significant 

role of promoting individuals’ contribution activity. Furthermore, an individual’s 

contribution in terms of the number of message posting will become similar to that of the 

others he seeks as an advice partner. 
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Study 4: Network Selection and Contribution Quality Influence Co-evolving Effects 

 

 Similar to the previous study, Study 4 is to examine whether individual 

contribution quality influence the process of the advice network formation and then to 

test whether individuals’ contribution behaviors can be regarded as an outcome of 

network structure.  The estimation results in the selection part support Hypotheses 9a 

(Contribution Quality-Alter Effect). The higher the quality of contributions an individual 

makes to the community, the more likely he is sought as an advice partner for repeated 

advice. 

 

 The estimation results in the influence part support Hypotheses 10a (positive 

Contribution Quality-In-degree Effect) and 8b (positive Contribution Quantity-Out-

degree Similarity Effect). We found statistically significant effects between contribution 

quality and network structure. Thus, we can conclude that individuals’ contribution 

behaviors are regarded as an outcome of network structure. Structural social capital 

enhances the level of contribution quality of individuals. 
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7.2 Practical Implications  

 In addition to the theoretical insights, the research also provides some insights for 

practitioners. The dissertation work applies the stochastic actor-based model to 

understand the interplay between knowledge contribution behaviors and structural 

position within a network. A longitudinal perspective and analysis of advice network 

offers opportunities to capture the dynamic evolution of advice network and to 

understand the underlying social process mechanisms. The analysis results indicate that 

theories regarding endogenous effects can be transferred from a real-world context to 

Virtual Financial Communities. The findings from this dissertation work are particularly 

important for managers of VFCs who are interested in community sustainability or 

growth, community design, opinion leader identification, and user-generated rating 

mechanism. 

 

The findings suggest that network structural effects play a pivotal role for advice 

network formation in Virtual Financial Communities. Managers of VFCs should 

capitalize on the detailed information about the advice network structure to sustain their 

community or to grow their membership size. Although individuals are geographical 

dispersed and prefer anonymity in VFCs, reciprocated relations and social presence are 

key drivers for community growth.   Individuals with high out-degree are unlikely to 

attract extra incoming ties. On the contrary, individuals with high in-degree are more 

likely to attract extra incoming ties. Community members may perceive others with high 
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in-degree as resourceful individuals. Structural social capital plays a significant role of 

promoting individuals’ structural position within the advice network. Without proper site 

design considerations, community members are not allowed to find a right partner for the 

purpose of trading idea exchange or opinion sharing. Community designer should provide 

interfaces for displaying both active and contributing members so others can easily search 

them and add them in their advice network. The findings show that individuals are 

learning from individuals with higher performance in the community. 

 

7.3 Limitations and Future Research 

 Regarding our sample, I use data from one of the largest VFCs in Australia. Sample 

data comes from one community site located in one country. Study results may vary 

considerably from one culture or country to another. Thus, the findings may have 

generalization issues in other cultures. Future studies should explore these cultural issues 

through a multinational comparison.  

 

 Regarding our sampling approach, snowball sampling method is used to capture 

advice network form VFCS. However, only 707 active community members are selected 

for this study. Different sampling method may lead to different network sample with 

different topological characteristics. Future studies should explore these sampling issues 

and may require multiple sampling approaches for the diverse set of advice network data. 
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 Regarding our methodology, the stochastic actor-oriented model applied in this 

study has several assumptions. The model is based on such assumptions that all 

individuals act conditionally independent from each other, cannot change their 

characteristics or behaviors and social relations during the same micro step. Consequently, 

individuals have the opportunities to change their structural position or to change their 

behaviors during each micro step. They cannot change both at the same time. 

 

 VFCs’ viability and sustainability depends largely on contributions from 

community members in terms of time, resources, and knowledge. Yet, few studies have 

been performed to investigate the role of both advice and adversarial networks on the 

individual’s knowledge contribution behavior. In the next phase of our research, we will 

investigate the interplay between dynamics of adversarial networks and knowledge 

contribution behaviors over time through a lens of social selection and influence process. 
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APPENDIX A 

                    Table A. 1  Information for Convergence Diagnosis for Model 1 

Initial parameter values are  
 
   0.1  Rate parameter                         5.2190 
   0.2  Rate parameter                         5.8362 

0.3  Rate parameter                         6.1362 
  1. eval:  outdegree (density)                           -0.5625 
  2. eval:  reciprocity                                              0.0000 
  3. eval:  transitive triplets                                 0.0000 
  4. eval:  indegree - popularity (sqrt)              0.0000 

5. eval:  outdegree - popularity (sqrt)            0.0000 
 

 

Observed values of target statistics are 

Number of ties   36221.0000 

Number of reciprocated ties 14492.0000 

Number of transitive triplets 47236.0000 

Sum of indegrees x sqrt(indegree)      197806.2449 

Sum of indegrees x sqrt(outdegree)     157086.7297 

 

 Averages 
Standard 

Deviations 

t-ratios for 
deviations from 

targets 

Number of ties   17.1841 152.7171 0.1125 

Number of reciprocated ties 2.8780 32.6718 0.0881 

Number of transitive triplets 8.0890 366.0258 0.0221 

Sum of indegrees x 
sqrt(indegree)      

20.1050 271.3003 0.0741 

Sum of indegrees x 
sqrt(outdegree)     

21.1440 173.4012 0.1219 

 

Note 1: Good convergence is indicated by the t-ratios being close to zero. 

Note 2: Stochastic approximation algorithm runs the total of 3436 iterations. Parameter estimates 

based on 1436 iterations, basic rate parameters as well as convergence diagnostics, covariance and 

derivative matrices based on 2000 iterations. 
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Table A. 2  Covariance Matrix of Estimates for Model 1 

 

 1 2 3 4 5 

1.Out-degree 0.023  
   

2.Reciprocity 0.061 0.002    

3.Transitive Triplets 0.147 -0.065 0.000   

4. Popularity-Alter 0.166 0.154 -0.267   0.000 
 

5. Activity-Alter -0.136 0.034 -0.127 -0.136 0.002 
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 Table A. 3 Summary of Endogenous Effects and Exogenous Effects 

 

 

 

 

  Endogenous Network Effects 

Parameter Time t Time t+1 Description Definition 

Out-degree 
(density) 

 
 

 Tendency towards 
outgoing ties 

 

Reciprocity 
 

 

Tendency towards 
reciprocation 

 

Network 
Closure 

 

 

Tendency towards 
transitive triplets 

 

In-degree 
Popularity 

 

(Popularity-
Alter) 

 
 Tendency for 

popular alters to 
attract more 
incoming ties 

 

Out-degree 
Activity 

 

(Activity-
Alter) 

 

 

Tendency for active 
alters to attract 

more incoming ties 

 

ijj
x

ij jij
x x

, ij ih jhj h
x x x

ij jj

ij hjj h

x x

x x







 

ij jj

ij jhj h

x x

x x
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Exogenous Actor-specific Covariate (Tenure) Effect 

Parameter Description Definition 

Tenure-Alter 
Effect 

Actor i’s utility function increases by  
actor j’s tenure if  actor i seeks to  

actor j as an advisory 

 

 
Tenure-Ego 

Effect 

Actor i’s utility function decreases by 
the value of actor i’s tenure for each 

tie that  actor seeks to another  actor j 

 
 

Tenure Similarity Effect 
 

(Homophily) 

Tendency for egos to seek alters if 
both have a similar tenure 

 

Contribution Quantity Effects 

Contribution Quantity 
Performance-Alter 

Effect   

Tendency for alters with higher 
contribution quantity to attract more 

incoming ties 

 

Contribution Quantity 
Performance -Ego  

Effect 

Tendency for ego  with higher 
contribution quantity to create more 

outgoing ties 
 

Contribution Quantity 
Performance - 

Similarity Effect 

Tendency for egos to seek alters if 
both have a  similar level of 

contribution quantity 

 

ij jj
x tenure

i ijj
tenure x 

( )tenure tenure

ij ij ijj
x sim sim

ij jj
x Qty

i ijj
Qty x

( )QtyQty

ij ij ijj
x sim sim
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Parameter Description Definition 

Contribution Quantity 
Performance-Alter Effect   

Tendency for alters with higher 
contribution quantity to attract 

more incoming ties 

 

Contribution Quantity 
Performance -Ego  Effect 

Tendency for ego  with higher 
contribution quantity to create 

more outgoing ties 

 

Contribution Quality Effects 

Contribution  Quality 
Performance-Alter Effect   

Tendency for alters with higher 
contribution quantity to attract 

more incoming ties 

 

Contribution  Quality 
Performance -Ego  Effect 

Tendency for ego  with higher 
contribution quantity to create 

more outgoing ties 

 

Contribution  Quality 
Performance - Similarity 

Effect 

Tendency for egos to seek 
alters if both have a  similar 

level of contribution quantity 

 

Contribution Quality 
Performance - 

Alter Effect  

Tendency for ego with high in-
degrees to contribute more 

useful postings 

 

Contribution Quality 
Performance - Ego Effect 

Tendency for ego with high 
out-degrees to contribute more  

useful postings 

 

Contribution  Quality  
Performance - Similarity 

Effect 
 

(Homophily) 

Tendency for contribution 
quality to become similar 

 

ij jj
x Qty

ij jj
x Quality

i ijj
Quality x

( )QualityQuality

ij ij ijj
x sim sim

i ijj
ContQualityPerf x

i jij
ContQualityPerf x

( )contQualityPerf contQualityPerf

ij ij ijj
x sim sim

i ijj
Qty x
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