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Abstract 
Firms have been increasingly relying on online user communities (OUC) to access external, distant 
knowledge and expertise. Previous research on OUC has largely investigated the influence of individuals' 
social capital on their knowledge sharing behavior. In this study, we propose a spiral view on the 
relationship between social capital and knowledge contribution. We suggest that there are two-way 
interactions between individuals' social capital and their knowledge contribution in online user 
communities. To test our proposition, we collected and analysed participation data of 3,512 users from 
the OUC of BMC, a global leader in innovative software solutions. We discuss the theoretical and 
practical implications of our study for the online user community literature as well as the broader 
context of online community. 
Keywords: Social capital, Knowledge contribution, Online user communities, Two-way relationship, 
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1 Introduction 
Firms have been increasingly relying on online user communities (hereinafter OUC) to access external, 
distant knowledge and expertise (Jeppesen and Frederiksen 2006; Yan et al. 2018). Participants or 
members in OUC are mainly product users of the host firm. They voluntarily engage in the community 
and contribute their knowledge and expertise about existing product support and new product 
development. Much research has focused on understanding why users are willing to cooperate with host 
firms and contribute their knowledge to the community (e.g., Porter and Donthu 2008; Jeppesen and 
Frederiksen 2006). An emergent line of inquiry has emphasized the social capital aspect of community 
engagement (e.g., Wasko and Faraj 2005). Social capital refers to the collective resources emerging from 
and embedded inside a social network, as a result of the interconnected relationships of its members 
(Nahapiet and Ghoshal 1998). Prior studies on social capital in OUC suggested that participants are 
embedded in the social structure of their community and that social capital building goals plays a major 
role in their knowledge contribution behavior.  
Existing empirical IS research have revealed significant effects of social capital on knowledge 
contribution in OUC (e.g., Robert et al. 2008; Nov et al. 2012) but has primarily emphasized and 
theorized a linear relationship between social capital and knowledge contribution. Such a relationship 
falls short of revealing the dynamic interplay or co-evolution between social capital and knowledge 
contribution that might explain why the social capital emerged in the first place or how it can be 
sustained over time. Thus, the goal of this study is to contribute to a better understanding of the interplay 
between social capital and knowledge contribution in OUC. We investigate the interactions between 
users’ knowledge contribution, including both the quantity and the quality dimensions, and their social 
capital, including the structural, cognitive, and relational dimensions. Through a multidimensional, 
dynamic analysis of knowledge contribution and social capital, we seek to provide a robust and complete 
picture of the interplay between social capital and knowledge contribution.  More specifically, we ask 
the following research questions: 1) is there a one-way or two-way relationship between social capital 
and knowledge contribution, and 2) does the causal relationship apply to users with different 
participation levels? 

Investigating the above questions has several theoretical implications. First, existing theories on social 
network have proposed a two-way, dynamic relationship between structural social capital and 
knowledge contribution in both online and offline settings (see Wasko et al. 2004; Perry-Smith and 
Shalley 2003). However, to the best of our knowledge, no published studies have empirically 
investigated such a relationship. Our study therefore takes the first step towards this direction by 
empirically examining a two-way relationship between social capital and knowledge contribution. 
Further, we extend current research by investigating the three dimensions of social capital (structural, 
cognitive and relational) simultaneously. This is important in order to distinguish the impact each 
dimension has in the presence of the other two. From a broader online community perspective, the 
findings of our study should be applied not only to the OUC context but also to other forms of online 
communities. This includes Q&A, open source and various open innovation communities where the 
dynamics of knowledge creation and exchange determine the long-term success of communities (Benbya 
2016; Faraj et al. 2011). 
Second, our study holds implications for other research streams in the online community literature. For 
instance, online community leadership as an emerging research stream focuses on the formation of 
leadership and the role of leaders in online communities (Johnson et al. 2017). It has been found that 
knowledge contribution and social capital of individuals are two key antecedents of leadership in online 
communities (Faraj et al. 2015). Members, for example, with a central network position who contribute 
frequently are more likely to be identified as leaders. Our study suggests that the path to leadership in 
OUC may entail ongoing interactions between individuals’ knowledge contribution and social capital. 
As one changes, so does the other. In other words, while both knowledge contribution and social capital 
affect leadership independently, it is essential to account for the reciprocity between knowledge 
contribution and social capital and examine how such dynamics determine the emergence of leadership 
in online communities. 
Moreover, our findings may help explain how social capital initially emerges from knowledge 
contribution in some online marketplaces (e.g., Amazon reviews) and how social capital translates into 
other capital forms (e.g., game credits) as a result of participation in online games. Answers to these 
questions are still unclear to date (Faraj et al. 2011). Overall, the present paper holds the potential to not 
merely consolidate extant OUC literature but provide extensions by examining a two-way relationship 
between social capital and knowledge contribution. Our findings would also add a layer of explanation 
to the participation and contribution dynamics in many other types of online communities. 
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2 The Interplay between Social Capital and Knowledge 
Contribution 

A large body of extant OUC research has investigated the relationship between knowledge contribution 
and social capital. Studies in this research stream, however, have largely focused on examining the 
effects of users’ social capital on their knowledge contribution. Social capital is typically defined as 
“resources embedded in a social structure that are accessed and/or mobilized in purposive action” (Lin 
2001, p.29). Drawing upon the seminal work of Nahapiet and Ghoshal (1998), this research stream 
typically conceptualizes social capital as consisting of three distinct dimensions: structural, cognitive, 
and relational (e.g., Wasko and Faraj 2005). 

Structural capital refers to the connections and structural links among individuals (Nahapiet and 
Ghoshal, 1998). Research on the structural aspect of social capital has tended to focus on the structural 
position of individuals and how it impacts knowledge exchange in OUC (Huysman and Wulf 2006). 
Whelan (2007), for example, finds that community members’ core/periphery structure and connectivity 
influence their knowledge contribution. Dahlander and Frederiksen (2012)’s research shows that users’ 
position in the core/periphery structure of an OUC is consequential for knowledge contribution. 
Cognitive capital refers to the capability of individuals to understand and apply knowledge when 
connecting with each other (Nahapiet and Ghoshal 1998). Research on the cognitive aspect of social 
capital has largely focused on the cognitive benefits users anticipate from engaging in OUC (Huysman 
and Wulf 2006). For instance, Nambisan and Baron’s research reveals that users’ expectations of 
expertise enhancement and actual experiences in community learning are significantly related to users’ 
participation in value creation and innovation (Nambisan and Baron 2010). Finally, relational capital 
refers to the characteristics of the relationship such as mutual respect, trust and generalized reciprocity 
(Nahapiet and Ghoshal 1998). Several studies on OUC have found that community trust (or the norm of 
collaboration) affects users’ knowledge-sharing intentions with both other users and the host firm (e.g., 
Porter and Donthu 2008; Wasko et al. 2004). And building a norm of reciprocity has significant effects 
on the quality and quantity of knowledge contribution (e.g., Dholakia et al. 2004). 

The discussion above reveals significant effects of social capital on knowledge contribution in OUC. 
However, the relationship between knowledge contribution and social capital can be relevantly 
examined in both directions. It is intuitive to expect that an individual’s knowledge contribution should, 
in turn, influence his/her social capital in the community. For example, for users who extensively 
participate in product support and contribute their knowledge, they receive more connections or ties 
and thereby gain reputational benefits and community status (Phang et al. 2009). This changes their 
structural capital in the community. Therefore, while studies relying on social network and collective 
action theories have shown that network outcomes are affected by network structures (Burt 2004; 
Nahapiet and Ghoshal 1998), a largely ignored dimension is how network outcomes (e.g., knowledge 
exchange) will in turn change network structures. 
Further, users should also develop their expertise and skills by contributing knowledge in the 
community. As a user contributes his/her own knowledge, the user is involved in the knowledge 
exchange process, either actively or passively. The user may, for example, discuss his/her answers with 
others, read and comment on answers of others or simply receive a notification of the marking of a best 
answer. In other words, we suggest that in OUC, knowledge contribution itself motivates the contributor 
to interact with others who share the same practice and thereby learn the knowledge, skills and norms 
of the practice over time. This developed expertise or cognitive capital then drives the user to continue 
to share his/her knowledge in the community. Unlike previous studies largely assuming knowledge 
contribution depends on pre-determined cognitive capital (e.g., Wasko and Faraj 2005), our study seeks 
to examine cognitive capital as a key outcome of knowledge contribution. 

Finally, the norm of collaboration and trust should be cultivated between users who reactively and 
proactively contribute their knowledge in the community. As users receive incoming ties and derive 
expertise and skills resulting from their knowledge contribution, they are willing to develop trust and a 
sense of reciprocity with others (Dholakia et al. 2004). A strong norm of reciprocity and trustworthiness 
in the collective will, in turn, reward individual efforts and ensure continual contributions (Dholakia et 
al. 2004). These combined should impact relational capital between users in the community. Overall, 
we suggest that understanding the interplay between knowledge contribution and social capital is of 
great importance for scholars to advance theories and for practitioners to build a thriving community 
but remains under-investigated.  
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3 Methodology 

3.1 Data 

We collected our data from the OUC of BMC, a global leader in innovative software solutions 
headquartered in Houston, Texas. BMC established its OUC in 2002 for product support and new 
product development and has since developed a successful, long-term relationship with its product 
users. As of January 2016, the community has 26,597 registered members. To create a sample of users 
for the study, we utilized the community’s member list which ranks all members based on their 
community levels (i.e., points earned based on cumulative contributions) and selected a stratified 
random sample of 6,836 users. Doing so allows us to ensure that the dataset represents various 
population members. We then checked the record of recent community activities of each user in our 
dataset and removed those users who did not have any community activities during the last 3 months. 
Members who do not have any login records during the past 3 months were assigned with a status of 
“inactive” by the system. The entire process results in a total of 3,512 users included in our dataset.  

We collected the users’ participation data from their online community profiles. Community profiles 
include each user’s demographic data (e.g., name, company and title), network data 
(following/followers), contribution data (e.g., answers and ideas), reputation data (e.g., points and 
levels), etc. Through the profile menus such as “Content”, “Connections” and “Reputation”, users can 
access more detailed information such as the discussions and threads they have participated in, the 
profiles of people following them, and the entire ranking list of the community. Figure 1 provides an 
example of an online community profile. 
 

 

Figure 1. An Example of Online Profile 

3.2 Variables and Measures 

To examine the dynamics between social capital and knowledge contribution, we focus on three groups 
of variables. They are: 1) users’ initial social capital including structural, cognitive, and relational, 2) 
users’ knowledge contribution including both the quantity and quality dimension, and 3) the changes of 
users’ structural, cognitive and relational capital. We seek to investigate whether the initial social capital 
will predict users’ knowledge contribution, which will, in turn, determine the change in users’ social 
capital. We measured all the variables via each user’s online community profile on a weekly basis from 
March 6th 2016 to July 30th 2016, a total of 21 weeks. 

To measure the initial structural capital each user possesses at the beginning of our research period, we 
utilized the total number of followers a user has in the community. The more followers a user has, the 
more closely the user moves toward the core structure of an online community (Borgatti 2005). To 
measure the initial cognitive capital level of each user, we recorded and coded all the helpful and correct 
answers a user had contributed before March 2016. We coded the answers as follows: an answer would 
receive 3 points if it was marked as “correct”, 2 points if marked as “helpful”, and 1 point if not marked. 
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We then summed up the points for each user and used this cumulative score to represent the initial 
cognitive experience (knowledge and expertise) a user had at the beginning of our research period. We 
measured initial cognitive capital in this way considering that individuals’ level of knowledge and 
expertise is associated with their knowledge contribution in the community (Wasko and Faraj 2005). 
Drawing upon previous studies (Borgatti and Cross 2003), the initial relational capital was measured by 
counting the number of ties where two users followed each other. For example, if a user had 5 
connections where the user and the other user followed each other, the user would receive a relational 
score of 5. Research on social media indicates that when individuals choose to follow each other, they 
tend to trust each other to an extent and are willing to interact for reciprocity (Coleman 1988). 

The variables of knowledge contribution (i.e., quantity and quality) were measured at the end of each 
week (i.e., the beginning of the next week). We measured knowledge contribution using each user’s 
participation data during the current week. Specifically, we again categorized each user’s discussion 
contributions into correct answers, helpful answers and others. A user would receive 3 points if one of 
his/her answers was marked as correct, and 2 points if marked as helpful, and 1 point if it received no 
marks. We then summed up all the points to measure the quantity dimension of the user’s knowledge 
contribution; the quality dimension was measured by only counting the points of correct and helpful 
answers. 
The variables of the changes of structural, cognitive and relational capital were also measured at the end 
of each week using each user’s participation data. For the change of cognitive capital, we measured it by 
identifying whether the correct and/or the helpful answers in the discussions a user participated were 
contributed by the user or others. We suggest that the user should, to some extent, learn from peers’ 
correct and/or helpful answers if such answers appear in the discussion threads1, which should result in 
change of cognitive capital. To quantify the cognitive change, we used the cumulative score of correct 
answers (3 points/each) and helpful answers (2 points/each) contributed by others to reflect the user’s 
change of cognitive capital in the current week. 
The change of structural capital was measured by recording the number of new followers of each user at 
the end of each week. However, whether the new followers resulted from a user’s knowledge 
contribution is unobservable. To overcome this issue, we checked each new follower’s online profile to 
determine whether the follower and the focal user had participated in the same discussion threads. We 
suggest that the following action should, to some extent, result from the knowledge contribution if the 
two users had participated in the same discussions. Based on this criterion, we were able to remove those 
new followers whose motives were “unidentifiable”. We then recorded the number of new ties where the 
focal user and the new follower followed each other as the change of relational capital.  

3.3 Modelling and Estimation Approach 

In this study we are interested in 1) whether there is a one-way or two-way relationship between social 
capital and knowledge contribution, and 2) whether the relationship is applicable to users with different 
levels of participation. To examine the first question, we employed the Granger causality test (Granger 
1969). The Granger test for causality considers the following questions: is it social capital that leads to 
knowledge contribution or is it knowledge contribution that causes changes of social capital, or does 
both causal relationships exist? 

The Granger causality test of two variables is commonly conducted by regressing one variable on its own 
lagged values and on lagged values of the other variable (Greene 2011; Heshmati and Lööf 2008). One 
variable is explained to Granger cause the other variable if the past values of both variables are useful in 
predicting the dependent variable (Greene 2011). Given this, we used the following models to examine 
the Granger causal relationship between social capital (y), social capital change (Dy) and knowledge 
contribution (x): 

D𝑦it = 𝛼0t +∑ αlt Dyi,t-l +(
)*+ ∑ 𝛽lt xi, t-l + 	𝜀it

(
)*+           (1) 

𝑥it = 𝛾0t +∑ γlt xi,t-l +(
)*+ ∑ 𝛿lt yi, t-l + 	𝜀it

(
)*+                 (2) 

where t is the time period (i.e., 21 weeks from March to August), i is the number of observations (i.e., 
3,512 users) in each week, and n is the number of lags selected. Notably, the error term (e) follows a two-

                                                        
1 Having participated (e.g., comments or replies) in a discussion, a user will receive a message (via email and on 
community app) if a helpful or a correct answer is marked by the asker. 
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way error component structure (Baltagi 2001). It consists of an unobservable user specific (l), time 
specific (µ) and a random error term (t), i.e., 𝜀it = 𝜆it + 𝜇it + 𝜏it. 

In terms of the choice of the number of lags, overall, using large lags helps rule out autocorrelation while 
small lags increase degrees of freedom (Greene 2011; Heshmati and Lööf 2008). Our selection of 
number of lags is empirical rather than theoretical. Specifically, for each causality test, we added one lag 
at a time and compare the statistics based on the Schwarz information criterion (SIC), considering that 
our sample size is large (Cavanaugh and Neath 1999). We then used the results from this procedure to 
determine the appropriate lag length for the causality tests. We suggest that the causal effect is transitory 
if it holds only for a few lags and is persistent if the effect holds for multiple, consecutive lags (Greene 
2011; Heshmati and Lööf 2008). 
Our second question concerns whether the causal relationships hold true for users with different levels 
of participation. To this end, we categorized users into different participation levels based on their 
community levels. Given that the community level depends upon users’ earned2 points in the community, 
it reflects how active a user has participated in the community. We divided all the 3,512 users into two 
groups with low and medium participation levels and high participation level, respectively. We chose 
Level 9 (there are a total of 13 levels based on community points earned) as the cut-off level considering 
that according to the community’s reputation system, Levels 9~13 represent highly experienced users 
with a status of “Expert”, “Master”, “Guru”, “Grand Master” and “Emperor”, respectively. Consequently, 
there are 3,330 users (Levels 1~8) in the low and medium group and 182 users (Levels 9~13) in the high 
group. 

Given the above, our empirical study employs two strongly balanced panel models spanning 21 weeks. 
One panel includes 3,330 users (Panel 1) and the other panel has 182 users (Panel 2). We constructed 
both panels based on user-week pairs, resulting in 69,930 observations in Panel 1 and 3,822 
observations in Panel 2. For each user-week pair, variables examined include social capital (i.e., the 
initial social capital level at the beginning of week t), knowledge contribution during week t, and the 
change of social capital during week t (which, in turn, determines the initial social capital level at the 
beginning of week (t+1)). Then each Granger causality test between two variables was conducted using 
vector auto regressive (VAR) with the within estimation method. The use of fixed-effects method allows 
us to account for unobservable user and time specific effects in the error term (Greene 2011). 

3.4 Results 

Tables 1 presents the descriptive statistic and correlations of our panel data. The averages are relatively 
low in Panel 1 because of excess zeros in the observations. The correlation between the quality and 
quantity of knowledge contribution is high (i.e., 0.67) in Panel 2, indicating that users with higher 
participation levels may be more likely to contribute helpful and correct answers. Tables 1 and 2 in the 
Appendix illustrate the results of the lag order selection for each pair of variables. Given the time period 
of 21 weeks in each panel, we were able to include one lag at a time and run the procedure up to 20 lags. 
The SIC criterion, as noted earlier, was employed and the corresponding results in the tables suggest 
using lag structures including 1-lag, 2-lag, 7-lag and 8-lag. We chose the 2-lag structure for the best 
balance of efficiency and accuracy as well as for the consistency in reporting the results of causality tests. 
 

Low and Medium Participation Levels (Panel 1: 3,330 users; 69,930 observations) 
Variable Mean S.D. Min Max 1 2 3 4 5 6 7 8 
SC 1.06 1.93 0 23 1.00        
CC 3.94 5.83 0 68 0.24 1.00       
RC 0.74 1.50 0 26 0.36 0.21 1.00      
DSC 0.43 1.04 -1 24 0.31 0.20 0.29 1.00     
DCC 0.37 0.92 0 31 0.09 0.16 0.08 0.12 1.00    
DRC 0.27 0.74 -1 19 0.26 0.17 0.32 0.29 0.11 1.00   
Quality 0.43 0.95 0 11 0.09 0.15 0.09 0.12 0.34 0.11 1.00  
Quantity 2.92 1.96 0 20 0.04 0.07 0.04 0.05 0.16 0.05 0.49 1.00 
High Participation Level (Panel 2: 182 users; 3,822 observations) 
Variable Mean S.D. Min Max 1 2 3 4 5 6 7 8 

                                                        
2 For example, a user will earn 1 point if the user replies to a discussion question and 5 points and 10 points if the 
answer is marked as helpful and correct, respectively. Users can also earn points through other community activities 
such as posting a status update and creating an idea, among others. 
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SC 1.95 6.80 0 185 1.00        
CC 5.78 7.66 0 165 0.13 1.00       
RC 1.36 4.06 0 115 0.55 0.14 1.00      
DSC 0.95 5.11 0 197 0.55 0.07 0.49 1.00     
DCC 0.20 1.22 0 13 0.04 0.11 0.02 0.05 1.00    
DRC 0.33 5.22 0 53 0.42 0.09 0.46 0.36 0.01 1.00   
Quality 1.22 2.66 0 36 0.07 0.15 0.10 0.10 0.30 0.05 1.00  
Quantity 3.82 3.67 0 51 0.06 0.13 0.08 0.09 0.25 0.05 0.67 1.00 

Table 1. Descriptive Statistics and Correlations Matrix 

3.5 Causality Tests with VAR Estimation 

Tables 2 and 3 report the results of causality tests using 2-lag structure for Panel 1 and Panel 2, 
respectively. Comparing the results between the two tables, we see different patterns of causality. For 
users with low and medium participation levels (Panel 1), the results show that overall, there is a two-
way relationship between social capital and knowledge contribution. Not only does social capital, 
including structural, cognitive and relational, have a positive impact on users’ knowledge contribution 
in terms of quality and quantity, but there is a reverse causal dependence between social capital and 
knowledge contribution: users with higher levels of knowledge contribution are more likely to build up 
their social capital (structural, cognitive and relational) in the community. In contrast, the results based 
on users with high participation level (Panel 2) overall show the absence of a two-way relationship 
between social capital and knowledge contribution. Further, the results only illustrate a one-way 
relationship between cognitive capital and knowledge contribution and between knowledge 
contribution and the change of structural capital. We will discuss and explain these findings in detail in 
the discussion section. 

 
Panel 1 Lags DSC DCC DRC Quality Quantity 
SC L1 --- --- --- 0.0179*** 

(0.0015) 
0.0177*** 
(0.0038) 

L2 --- --- --- 0.0024 
(0.0014) 

0.0071 
(0.0038) 

CC L1 --- --- --- 0.0047*** 
(0.0005) 

0.0056*** 
(0.0012) 

L2 --- --- --- 0.0014** 
(0.0005) 

0.0020 
(0.0012) 

RC L1 --- --- --- 0.0170*** 
(0.0020) 

0.0169*** 
(0.0049) 

L2 --- --- --- 0.0064** 
(0.0020) 

0.0116* 
(0.0048) 

Quality L1 0.0309*** 
(0.0043) 

0.0933*** 
(0.0036) 

0.0238*** 
(0.0035) 

--- --- 

L2 0.0168** 
(0.0051) 

0.0472*** 
(0.0031) 

0.0180*** 
(0.0030) 

--- --- 

Quantity L1 0.0073*** 
(0.0021) 

0.0156*** 
(0.0015) 

0.0043** 
(0.0015) 

--- --- 

L2 0.0036 
(0.0022) 

0.0104*** 
(0.0015) 

0.0036* 
(0.0015) 

--- --- 

*** Sig. at p < 0.001; ** Sig. at p < 0.01; * sig. at p < 0.05 

Table 2. Results of Causality Tests (Low and Medium Participation Levels; 3,330 users) 
 

Panel 2 Lags DSC DCC DRC Quality Quantity 
SC L1 --- --- --- 0.0077 

(0.0056) 
0.0122 
(0.0083) 

L2 --- --- --- 0.0051 
(0.0056) 

-0.0019 
(0.0083) 

CC L1 --- --- --- 0.0133** 
(0.0041) 

0.0127* 
(0.0060) 

L2 --- --- --- 0.0082 
(0.0043) 

0.0109 
(0.0062) 
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RC L1 --- --- --- 0.0057 
(0.0081) 

0.0157 
(0.0119) 

L2 --- --- --- -0.0051 
(0.0090) 

-0.0102 
(0.0133) 

Quality L1 0.1093*** 
(0.0126) 

0.0105 
(0.0068) 

0.0554 
(0.0329) 

--- --- 

L2 0.0331** 
(0.0127) 

0.0022 
(0.0054) 

0.0651 
(0.0426) 

--- --- 

Quantity L1 0.0562*** 
(0.0097) 

0.0043 
(0.0046) 

0.0281 
(0.0239) 

--- --- 

L2 0.0231* 
(0.0099) 

0.0038 
(0.0038) 

0.0218 
(0.0298) 

--- --- 

*** Sig. at p < 0.001; ** Sig. at p < 0.01; * sig. at p < 0.05 

Table 3. Results of Causality Tests (High Participation Level; 182 users) 

4 Discussion 
In this study, we are interested in examining the interactions between users’ social capital and their 
knowledge contribution in the OUC context. Further, we investigate the causal relationships based on 
users with different levels of participation. For users with low and medium participation levels, our 
results (see Table 2) indicate that a two-way relationship exists between their knowledge contribution 
and social capital. However, the causal relationships, either between social capital and knowledge 
contribution or between knowledge contribution and the change of social capital, are not strictly 
persistent. Our explanation to this finding is twofold. First, we suggest that the effect of social capital on 
knowledge contribution is nonlinear. This is because when users’ social capital increases, they may not 
be as motivated to contribute more compared to the time when they only possessed a small amount of 
social capital. For example, an additional 5 incoming ties (i.e., structural capital) should matter more 
for a user who has no ties than for a user who has 100 ties already. In other words, the marginal effect 
of more social capital on knowledge contribution should be decreasing in the long run. The results (see 
Table 3) of users with high participation level (i.e., those who have possessed extensive social capital) 
also echo with this explanation showing that the effects of structural, cognitive and relational capital on 
knowledge contribution are largely insignificant. 
Second, we suggest that community growth and the resulting community size may have an impact on 
the relationship between knowledge contribution and social capital change. A large community provides 
more interaction opportunities, but individual interactions are more likely to remain unnoticed by other 
members (Wang et al. 2013; Wasko et al. 2004). These may impact the emergence, form and loss of 
social capital within a community (Wasko and Faraj 2005; Lin 2001). On the other hand, it may be 
difficult for members to continue to grow their social ties and expertise in a community that grows 
slowly, regardless of their knowledge contribution (Butler 2001; Hsiao and Chiou 2012). Unfortunately, 
in the present study we were not able to examine the influence of community growth and size on the 
causal relationships. Future studies applying comparative analysis based on multi-community data of 
community growth and size would be valuable to deepen and extend our understanding on the 
interactions between social capital and knowledge contribution. 
Regarding users with high participation level, our results indicate that overall, there are no causal 
relationships between social capital and knowledge contribution. Nevertheless, several findings are 
worth discussing. First, the results (upper right in Table 3) show that for this group of users, social 
capital overall does not influence knowledge contribution. This finding may be explained by the concept 
of lead users in the OUC research. We suggest that users with high participation level are largely lead 
users who possess great expertise and community experience and often exhibit different personality 
traits (e.g., locus of control and innovativeness) than non-lead users (e.g., those in Panel 1). Studies have 
shown that users with a high degree of lead user characteristics tend to enjoy revealing their knowledge 
to other users, and their motivation for participation and contribution to the community are largely 
related to a wish to be recognized by the host firm and peers (Jeppesen and Laursen 2009; Jeppesen 
and Frederiksen 2006; Mahr and Lievens 2012). Combined, we suggest that social capital (structural, 
cognitive and relational) should cause knowledge contribution only for non-lead users. 
Second, the effects of knowledge contribution on the change of cognitive and relational capital are 
insignificant (bottom left in Table 3). We measured the change of cognitive capital of a user by 
calculating the number of correct and/or helpful answers contributed by others that the focal user may 
learn from. We suggest that compared to peers, experts and experienced users may be overall more likely 
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to contribute helpful and correct answers when they participate in a discussion. This could lead to no 
cognitive capital changes even though they have contributed in multiple discussions, based on the 
measure. Likewise, we measured the change of relational capital by calculating the connections where 
the focal user and other users followed each other. Such a measure could be problematic where the 
experienced users did not choose to follow back when they received ties after the knowledge 
contribution. Given these limitations in variable measurement, future research employing subjective 
measures via user self-report or survey is needed to confirm and complement our findings. 

5 Conclusion 
The objective of this study was to investigate the interplay between social capital and knowledge 
contribution in OUC. While previous research has overall shown that users’ social capital is a good 
predictor of their knowledge contribution, this study shows that the relationship between social capital 
and knowledge contribution is far more complex than just a one-way causal relationship. We find that a 
two-way relationship exists between social capital and knowledge contribution among users with low 
and medium participation levels. For users with high participation level, our study shows that their 
knowledge contribution is not caused primarily by the social capital they possess in the community, 
while a one-way causal effect of knowledge contribution on the change of structural capital is found. In 
sum, our study demonstrates evidence of significant bi-directional relationships between social capital 
and knowledge contribution and examines the conditions (various participation levels) under which the 
causal relationships will exist. 
With these findings, our study also provides practitioners a valuable guideline for the design of OUC. 
Host firms could integrate the reputation systems with social networking features in the community. 
Our study demonstrates that implementing social network/media features in the reputation systems 
will further motivate contribution by visualizing users’ social capital in the community. The 
following/followers feature used by BMC, for instance, not only helps visualize users’ social ties and 
connections and thereby their positions in the network but allows users to know their mutual friends 
and who knows whom. As a result, users are more likely to be motivated to participate in the community 
as they recognize the changes in their structural and relational capital. Additionally, the bookmark and 
notification features allow users to simultaneously derive information and knowledge without logging 
into the community, facilitating the cognitive capital benefits. Managers and community designers 
should therefore strategically adopt and implement new features and tools that will enhance social 
exchange and connectedness within the communities. 
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 Appendix 
Lag SC-

Quality 
CC-
Quality 

RC-
Quality 

SC-
Quantity 

CC-
Quantity 

RC-
Quantity 

Quality
-DSC 

Quality
-DCC 

Quality
-DRC 

Quantity
-DSC 

Quantity
-DCC 

Quantity
-DRC 

0 5.46 7.10 4.91 7.90 9.54 7.34 4.49 3.07 3.86 6.93 5.52 6.29 
1 5.40 7.03 4.85 7.85 9.47 7.30 4.42 3.03 3.83 6.86 5.50 6.27 
2 5.40 7.03 4.84 7.84 9.48 7.29 4.41* 2.95* 3.82* 6.85* 4.49* 6.26* 
3 5.39 7.02 4.85 7.85 9.47 7.30 4.42 2.96 3.83 6.87 5.50 6.27 
4 5.38 7.01 4.84 7.83 9.47 7.30 4.42 2.96 3.83 6.87 5.51 6.28 
5 5.37 7.00 4.84 7.83 9.46 7.29 4.42 2.97 3.84 6.88 5.52 6.29 
6 5.31 6.98 4.79 7.76 9.44 7.25 4.43 2.97 3.84 6.89 5.52 6.29 
7 3.98* 4.68* 3.38* 6.44* 7.45* 5.83* 4.43 2.98 3.83 6.88 5.53 6.29 
8 3.99 4.69 3.39 6.45 7.46 5.84 4.43 2.99 3.84 6.89 5.54 6.29 
9 3.99 4.69 3.39 6.45 7.46 5.85 4.44 3.00 3.85 6.90 5.55 6.30 
10 4.00 4.70 3.4 6.46 7.47 5.86 4.45 3.00 3.86 6.90 5.56 6.31 
11 4.01 4.71 3.41 6.47 7.48 5.86 4.45 3.01 3.86 6.91 5.56 6.32 
12 4.02 4.72 3.42 6.48 7.49 5.87 4.45 3.02 3.87 6.91 5.57 6.32 
13 4.03 4.72 3.42 6.48 7.49 5.88 4.46 3.03 3.87 6.92 5.58 6.33 
14 4.03 4.73 3.43 6.49 7.50 5.89 4.46 3.03 3.88 6.92 5.59 6.34 
15 4.04 4.74 3.44 6.50 7.51 5.90 4.47 3.04 3.88 6.93 5.59 6.35 
16 4.05 4.75 3.44 6.51 7.52 5.91 4.47 3.05 3.89 6.94 5.60 6.36 
17 4.06 4.76 3.45 6.52 7.53 5.91 4.48 3.06 3.90 6.95 5.61 6.36 
18 4.07 4.77 3.46 6.53 7.54 5.92 4.49 3.07 3.90 6.96 5.62 6.36 
19 4.07 4.77 3.47 6.54 7.54 5.93 4.50 3.07 3.91 6.96 5.64 6.37 
20 4.08 4.77 3.47 6.56 7.55 5.93 4.50 3.09 3.91 6.98 5.65 6.38 

* indicates lag order selected by the criterion 

Table 1. Lag Order Selection Using SIC (Panel 1: 3,330 users) 
 

Lag SC-
Quality 

CC-
Quality 

RC-
Quality 

SC-
Quantity 

CC-
Quantity 

RC-
Quantity 

Quality
-DSC 

Quality
-DCC 

Quality
-DRC 

Quantity
-DSC 

Quantity
-DCC 

Quantity
-DRC 

0 10.91 9.14 6.87 12.34 10.60 8.31 11.03 4.75 5.88 12.46 9.68 7.32 
1 10.72 9.13 6.68 12.24 10.62 8.14 7.45* 4.73* 5.67* 8.92* 6.20* 7.12* 
2 10.81 9.24 6.76 12.33 10.73 8.23 7.56 4.84 5.76 9.00 6.22 7.22 
3 10.06 9.29 6.83 11.60 10.82 8.33 7.61 4.91 5.78 9.06 6.33 7.30 
4 10.16 9.24 6.86 11.71 10.79 8.35 7.70 5.02 5.80 9.12 6.43 7.36 
5 10.24 9.19 6.93 11.80 10.73 8.43 7.73 5.07 5.87 9.20 6.53 7.45 
6 9.16 9.22 7.00 10.74 10.80 8.51 7.75 5.15 5.94 9.26 6.59 7.55 
7 6.55 6.94* 5.92 7.96* 8.52* 7.41* 7.83 5.22 6.01 9.24 6.68 7.55 
8 6.53* 6.99 5.91* 7.98 8.62 7.49 7.82 5.20 6.02 9.32 6.69 7.62 
9 6.63 7.09 5.97 8.05 8.72 7.55 7.92 5.30 6.11 9.42 6.74 7.66 
10 6.64 7.08 5.96 8.16 8.82 7.60 7.94 5.30 6.17 9.50 6.85 7.76 
11 6.60 7.10 6.00 8.17 8.92 7.69 7.97 5.32 6.20 9.60 6.95 7.86 
12 6.58 7.19 6.00 8.16 9.01 7.70 8.04 5.42 6.29 9.67 7.04 7.95 
13 6.61 7.17 6.00 8.22 9.09 7.72 8.10 5.47 6.36 9.76 7.13 8.05 
14 6.70 7.26 6.09 8.33 9.20 7.81 8.20 5.57 6.45 9.87 7.23 8.12 
15 6.76 7.34 6.14 8.43 9.31 7.90 8.24 5.62 6.54 9.92 7.33 8.22 
16 6.81 7.45 6.25 8.47 9.41 8.00 7.99 5.73 6.61 9.77 7.42 8.30 
17 6.89 7.49 6.28 8.52 9.44 8.08 8.07 5.83 6.67 9.86 7.50 8.36 
18 6.99 7.57 6.35 8.62 9.54 8.18 8.15 5.94 6.75 9.96 7.58 8.47 
19 7.07 7.67 6.44 8.68 9.64 8.28 8.22 6.03 6.79 10.06 7.69 8.51 
20 7.12 7.75 6.51 8.78 9.71 8.37 8.24 6.13 6.90 10.12 7.88 8.59 

* indicates lag order selected by the criterion 

Table 2. Lag Order Selection Using SIC (Panel 2: 182 users) 


