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a b s t r a c t
The impact of research work is related to a scholar’s reputation and future promotions. Greater research
impact not only inspires scholars to continue their research, but also increases the possibility of a larger
research budget from sponsors. Given the importance of research impact, this study proposes that utilizing social capital embedded in a social structure is an effective way to achieve more research impact. The
contribution of this study is to deﬁne six indicators of social capital (degree centrality, closeness centrality,
betweenness centrality, proliﬁc co-author count, team exploration, and publishing tenure) and investigate how these indicators interact and affect citations for publications. A total of 137 Information Systems
scholars from the Social Science Citation Index database were selected to test the hypothesized relationships. The results show that betweenness centrality plays the most important role in taking advantage of
non-redundant resources in a co-authorship network, thereby signiﬁcantly affecting citations for publications. In addition, we found that proliﬁc co-author count, team exploration, and publishing tenure all
have indirect effects on citation count. Speciﬁcally, co-authoring with proliﬁc scholars helps researchers
develop centralities and, in turn, generate higher numbers of citations. Researchers with longer publishing tenure tend to have higher degree centrality. When they collaborate more with different scholars,
they achieve more closeness and betweenness centralities, but risk being distrusted by proliﬁc scholars
and losing chances to co-author with them. Finally, implications of ﬁndings and recommendations for
future research are discussed.
© 2013 Elsevier B.V. All rights reserved.

1. Introduction
For academic scholars, maintaining high levels of research
productivity is essential to their careers. After a long and arduous research process, scholars commonly expect to publish their
ﬁndings and have some degree of impact on the knowledge community. Greater research impact brings citations to and establishes
the reputation of a scholar. That reputation not only provides a
scholar with opportunities for sponsored programs (grants) but
also inspires the scholar to continue his or her research efforts.
However, each person has his or her own limited cognitive capabilities and bounded rationality (Simon, 1976). To cross the boundary,
it is better for a scholar to conduct research in collaboration
with other scholars. Such research collaboration allows scholars
to work together and achieve a common goal by sharing research
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workloads (Hauptman, 2005), speciﬁc expertise or particular skills
(Soderbaum, 2001), and equipment or resources (Bammer, 2008).
Studies have shown that research collaboration can bring coauthors greater research productivity (Katz and Martin, 1997; Lee
and Bozeman, 2005) and research impact (Gazni and Didegah,
2011; Sooryamoorthy, 2009). Whereas co-authorship is a form of
collaboration in which collaborators publish their research outcomes through paper or electronic media, not all collaborators
publish an article together (Katz and Martin, 1997). That is, coauthorship is an “explicit product” of scientiﬁc collaboration (He
et al., 2011, 2012). Whenever a scholar publishes a co-authored article, he or she has created an individual co-authorship network. The
co-authorship of an article reveals only those scholars who made
direct contributions to the content of the article. It depicts the oneto-many relationships of a scholar with his or her co-authors. When
individual co-authorship networks are threaded together based on
the co-authors, they form a large network, which is the collective
of the individual co-authorships (Ding, 2011; Liu et al., 2005; Lu
and Feng, 2009; Otte and Rousseau, 2002). This network exhibits
many-to-many relationships among scholars; with numbers of
them being co-authors of co-authors who indirectly contributed
their knowledge to published articles. Such an interconnected chain
of relationships constitutes a social network in which valuable
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resources are shared in the forms of information, understanding,
and knowledge through the conduct of social interactions. This
network can provide members with collectively owned capital –
known as social capital (Nahapiet and Ghoshal, 1998). This capital has been proven to positively inﬂuence knowledge creation
(McFadyen and Cannella, 2004), knowledge transfer (Inkpen and
Tsang, 2005; Walter et al., 2007), and knowledge contributions
(Wasko and Faraj, 2005). Through social interactions, members in a
collective can beneﬁt from social capital and widen their horizons of
understanding and, in turn, achieve better outcomes (Abbasi et al.,
2011; Liao, 2011; Yan and Ding, 2009).
According Nahapiet and Ghoshal (1998), there are three dimensions of social capital: structural, relational, and cognitive, each of
which will be discussed in detail in the next section. In this study,
these three dimensions of social capital are referred to respectively as structural, relational, and cognitive capital. Past studies
have applied social network analysis (SNA) to explain the dynamics of co-authorship networks (e.g., Acedo et al., 2006; Lu and Feng,
2009; Otte and Rousseau, 2002; Yan and Ding, 2009). However, they
considered only the structural facet from social capital theory, overlooking the other two dimensions: relational and cognitive capitals
(Inkpen and Tsang, 2005; Nahapiet and Ghoshal, 1998).
In reviewing the burgeoning literature on the topic, much evidence exists supporting the importance of social capital (e.g.,
Inkpen and Tsang, 2005; Wasko and Faraj, 2005). Despite the great
interest exhibited by various researchers in the interrelationships
among the three dimensions of social capital (e.g., Nahapiet and
Ghoshal, 1998; Tsai and Ghoshal, 1998), prior studies have largely
focused on the consequences of these dimensions independently
without considering how they interact (Robert et al., 2008; Wasko
and Faraj, 2005). Those studying the interrelationships generally
treat structural capital as the predictor of relational and cognitive
capitals (Liao and Welsch, 2005; Tsai and Ghoshal, 1998). Notwithstanding that the literature sheds light on the resources that can
be derived from social-capital dimensions, it pays little attention
to how people are proactive in changing and extending their social
capital. Consider, in the context of a co-authorship network, that
an author who does not occupy an advantageous position may try
to increase his or her structural aspect of social capital by expanding his or her circle of social contacts. How, then, does an author
change his or her social interactions and acquire a more desirable
position within a larger co-authorship network? Clearly, the literature has hitherto devoted great attention to the consequences of
structural capital but provides little insight into how this capital can
be enhanced by relational and cognitive capitals. To ﬁll the void in
the literature, this study extends the understanding of prior studies
from a more comprehensive perspective by applying social capital
theory to co-authorship networks and examines the associations
among a scholar’s different dimensions of social capital and their
effects on the research impact of the scholar. The objectives of this
study are:
• Deﬁne the indicators of a scholar’s social capital in a coauthorship network.
• Examine the effects of the indicators of social capital on the
research impact of a scholar.
• Explore the impact of relational capital on structural capital.
• Investigate the effect of cognitive capital on structural capital.
• Assess the inﬂuence of cognitive capital on relational capital.
2. Background
2.1. Research collaboration, social capital, and research impact
Generally speaking, research impact is a recorded or otherwise auditable occasion of inﬂuence from research on actors in

academia, business, government, or civil society (LSE Public Policy
Group, 2011). In academia, research impact is commonly regarded
as the extent to which a scholar’s work has been used by other
researchers (Bornmann et al., 2008). A popular objective measure
of research impact is the citation count provided by ISI’s Web of
Knowledge (Thomson Reuters, 2011). It has been validated and
widely used in the natural and social sciences for evaluating the
research contributions of articles, journals, institutions, and individuals (Brown and Gardner, 1985). Nevertheless, the citations
in the Web of Knowledge include those from other authors and
the authors themselves. The latter are self-citations that must be
excluded when evaluating research impact. In essence, the citation count without self-citations can be used as a surrogate for
research impact that indicates the extent to which a scholar’s article
inﬂuences other scholars (Liao, 2011).
Past studies have shown that research collaboration produces
higher research impact than a single researcher in terms of number
of publications (Katz and Martin, 1997; Lee and Bozeman, 2005) and
citations (Gazni and Didegah, 2011; Sooryamoorthy, 2009). This is
probably because a single researcher cannot effectively mobilize
the resources necessary for conducting research (Kling and McKim,
2000). Through research collaboration, a scholar can share his or her
resources, such as equipment, workload, expertise, and knowledge,
with other scholars (Abramo et al., 2011; Katz and Hicks, 1997;
Lee and Bozeman, 2005). Such resources, which are embedded in
personal ties and useful for the development of individuals, are
regarded as “social capital” (Tsai and Ghoshal, 1998). The social
relationships, norms, and values attached to social capital determine the performance of individuals, groups, and organizations
that are parts of a socially or economically connected network
(Okoli and Oh, 2007). Such networks normally provide participants with opportunities for ﬁnding social support, exchanging
social capital (including ﬁnancial resources, goods, or services), and
exploring and employing knowledge transfer (Lea et al., 2006). As
a result, social capital has been broadly deﬁned as the beneﬁt that
actors derive from their social relationships or network (Burt, 1992;
Coleman, 1988).
Nahapiet and Ghoshal (1998) propose three dimensions of
social capital that facilitate the development of intellectual capital: structural, relational, and cognitive. Each of these dimensions
constitutes an aspect of the social structure and facilitates combining and exchange of knowledge among individuals within that
structure (Wasko and Faraj, 2005). Several studies suggest that
social capital theory provides valuable perspectives for understanding how participants leverage resources or knowledge by
gaining value or advantages from social structure (Okoli and Oh,
2007; Tsai and Ghoshal, 1998; Walter et al., 2007). In the same vein,
this study adopts the three dimensions of social capital to identify various ways by which a scholar obtains his or her resources
or knowledge from social structure in a co-authorship network.
These dimensions of social capital are discussed in the next three
sections.
2.2. Structural capital of a co-authorship network
Structural capital refers to structural embeddedness
(Granovetter, 1985), such as the network ties, conﬁguration,
and density of connections among individuals. It describes the
“impersonal” conﬁguration of linkages between and among people
or units and indicates the overall pattern of connections between
actors (Nahapiet and Ghoshal, 1998, p. 244), providing information
about who you reach and how your reach them (Burt, 1992). In a
social network, centrality is an important structural attribute that
indicates an actor’s formal power or prominence in the network
relative to others (Burkhardt and Brass, 1990). If an actor is in a
central position in the network, that actor has many connections
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with other actors and occupies a strategically signiﬁcant position
in the overall structure of the network (Troshani and Doolin, 2007).
According to the social network literature, there are three common measures of centrality: degree, closeness, and betweenness
(Borgatti, 2005; Freeman, 1979; Otte and Rousseau, 2002). In this
study, we regard them as three different centralities. Degree centrality is deﬁned as the number of direct connections that a given
actor (or node) has with other actors, without taking into account
the strength of connection (i.e., repeating frequency of a connection). In the context of this study, each direct connection is a unique
co-authorship. Being a central actor with high degree centrality, a
scholar has collaborated with many colleagues (Otte and Rousseau,
2002). Closeness centrality is deﬁned as the mean shortest distance
by which a given actor is separated from all other nodes in a network (Lu and Feng, 2009). It is measured by the average of the
total reciprocal distance of that actor away from each of the other
actors in the network. In this network, a message originating in the
most central position (i.e., the actor with the highest closeness centrality) would spread throughout the entire network in minimum
time (Freeman, 1979). Therefore, closeness centrality is a surrogate measure of an actor’s efﬁciency in communicating with other
actors in the network. In the context of a co-authorship network, a
scholar with high closeness centrality indicates that he or she could
access or obtain needed resources owned by others in the network
more efﬁciently than any other scholar. Finally, betweenness centrality is deﬁned as the proportion of the shortest paths between
all pairs of nodes that pass through a given actor in the network
(Borgatti, 2005). The betweenness centrality of an actor represents
that actor’s ability to control the ﬂow of resources or information
in the network, which enables the actor to broker information and
resources to other actors (Freeman, 1979). Thus, an author with
high betweenness centrality means he or she plays the role of “middleman” or “bridge” (Lu and Feng, 2009; Otte and Rousseau, 2002)
and could gain different resources or information from different
groups in the co-authorship network.
Past studies have adopted the number of social interaction ties,
or degree centrality, as a surrogate of structural capital to examine its effect on knowledge contributions (Wasko and Faraj, 2005),
combining and exchange of resource (Tsai and Ghoshal, 1998), and
citation counts (Liao, 2011), among others. Recently, Abbasi et al.
(2011) measured all three facets of centrality to assess their impact
on research performance. Based on the deﬁnitions and measurement methods of the three centralities, each seems to capture a
distinct aspect of an actor’s role in a social network. Therefore, we
apply all three centralities to measure different facets of structural
capital in a co-authorship network.
Since the three centralities are measuring the same construct
(i.e., structural capital), they are expected to have moderate
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correlations with each other (Cattell, 1965; Nunnally, 1978). Table 1
exhibits the correlations reported in several studies (e.g., Abbasi
et al., 2011; Brass and Burkhardt, 1993; Cho et al., 2007; Ding et al.,
2009; Geletkanycz et al., 2001; Hou et al., 2008; Leydesdorff, 2007;
Yan and Ding, 2009). Indeed, half of the reported correlations are
at the moderate level between .3 and .7. However, some paired
measures exhibit a ﬂuctuating pattern, being high in one study and
low in another. That is, a scholar with a lot of ties (i.e., high degree
centrality) may or may not have a central or broker position (i.e.,
high closeness or betweenness centrality), and vice versa. A similar inconsistency applies to the association between closeness and
betweenness centralities. This may be attributed to the differences
in research contexts, data sources, and sample sizes of the studies. Apparently, the distinctive aspects and ﬂuctuating associations
of the three centralities have prevented past studies from predicting any causality and interrelationships among them. As such, we
do not assume any causality among the three centralities in this
study.
2.3. Relational capital of a co-authorship network
Relational capital refers to the assets people create and leverage through ongoing personal relationships, and with which they
change behaviors and fulﬁll social motives, such as sociability,
approval, and prestige (Coleman, 1988; Nahapiet and Ghoshal,
1998). It exists when members have a strong identiﬁcation with
the collective, trust others within the collective, perceive an obligation to participate in the collective, and recognize and abide by
its cooperative norms (Wasko and Faraj, 2005). Therefore, past
studies have operationalized relational capital as trust, commitment, and reciprocity within the collective (Tsai and Ghoshal, 1998;
Wasko and Faraj, 2005). According to social exchange theory, people tend to repeat an action when they are fairly rewarded for
their actions (Homans, 1958); that is, a long-term relationship (or
trust) is sustained by the fairness of exchanges (Murphy et al.,
2007). In the context of a co-authorship network, when two authors
trust each other, they are more willing to collaborate and share
resources without worrying that they will be taken advantage of
by their counterpart. Therefore, when trust exists, meaningful communication begins (Hazleton and Kennan, 2000) and combining or
exchange of resources happens (Tsai and Ghoshal, 1998). In this
case, it is important to assess whether any trust exists between two
scholars. More speciﬁcally, Moorman et al. (1993) indicated that
behavioral intention is a critical facet of the trust concept because,
if someone believes a partner is trustworthy, he or she will intend
to collaborate with that partner again. In this vein, a plausible way
of measuring trust among scholars is to examine whether they had
repeated co-authorships. Only when they co-authored two or more

Table 1
Correlations of degree, closeness, and betweenness centralities.
Correlation source

Degree centrality and
closeness centrality

Degree centrality and
betweenness centrality

Closeness centrality and
betweenness centrality

Abbasi et al. (2011), N = 1809a
Brass and Burkhardt (1993), N = 75b
Cho et al. (2007), N = 31b

.247**
.46**
.645** (time 1)
.641** (time 2)
.771**
.86*
.461**
.651**
.201**
.176*

.406**
.13
.452* (time 1)
.269 (time 2)
.980**
.94*
.685**
.509**
.656**
.302**

.162**
.87**
.316 (time 1)
.406 (time 2)
.745**
.80*
.406**
.210**
.194**
.436**

Ding et al. (2009), N = 108a
Geletkanycz et al. (2001), N = 460b
Hou et al. (2008), N = 125b
Leydesdorff (2007), N = 7379b
Yan and Ding (2009), N = 10,579a
This study, N = 137b
a
b
*
**

Spearman rank correlation.
Pearson correlation.
p < .05 (2-tailed).
p < .01 (2-tailed).
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times have they demonstrated a trustworthy relationship and the
willingness to share resources.
Furthermore, the level of one’s relational capital in a coauthorship network is relative in nature and depends largely on
the richness of resources resulting from trustworthy relationships.
That is, if the co-author of a scholar possesses rich resources, the
relational capital of that scholar will be enhanced, assuming a
trustworthy relationship exists. In a research community, proliﬁc
scholars are usually well-known and possess a large volume of
valuable resources. They are the important sources of relational
capital. Having trustworthy relationships with proliﬁc scholars is
an effective way of developing relational capital. Therefore, we use
the number of proliﬁc scholars with whom a person has repeated
co-authorships (hereafter called “proliﬁc co-author count”) as the
indicator of relational capital in this study.
2.4. Cognitive capital of a co-authorship network
Cognitive capital refers to those resources an individual
develops over time as he or she interacts with others sharing
understanding and expertise; learning the skills, knowledge, and
specialized discourse; and forming the norms of practices within
the collective (Wasko and Faraj, 2005). Engaging in a meaningful exchange of knowledge requires at least some level of shared
understanding between parties, such as a shared language and
vocabulary (Nahapiet and Ghoshal, 1998), expertise and longer
tenure in the shared practice (Wasko and Faraj, 2005), and a shared
vision (Tsai and Ghoshal, 1998). In this regard, socialization theory (Moreland and Levine, 1982) serves as a key theoretical basis
for understanding the development of cognitive capital through
team composition and publishing tenure. Socialization refers to
“the process by which persons acquired the knowledge, skills, and
dispositions that makes them more or less able members of society”
(Brim and Wheeler, 1966, p. 3). Although prior studies on socialization have primarily considered assimilation of newcomers (e.g.,
doctoral students) to the academic community (Weidman et al.,
2001; Weidman and Stein, 2003), it is equally important for scholars to enhance their knowledge of related disciplines and revisit
the norms and values of scholarly practice through continuous
socialization during their careers. In the context of a co-authorship
network, the co-authors may not come from the same discipline.
They might develop their cognitive capital from their own disciplines before they become co-authors. Different disciplines have
their own shared visions, traditions, codes, languages, knowledge,
interpretations, systems of meanings, social networks, and collectively owned social capital. Each operates as a research community
that consists of a large number of scholars contributing resources
and sharing social capital; and a scholar may be a member of
several research communities at the same time. In contrast, a coauthorship network is a much smaller community wherein an
author can acquire cognitive capital (shared understanding and
expertise) through interactions with network members from one
or more disciplines. As time goes by and tenure in the discipline
increases, the author can accumulate more cognitive capital and
further share it with new co-authors. Therefore, the tenure of a
scholar in a discipline is useful for that scholar in promoting his or
her shared language, understanding, and expertise of the discipline
in a co-authorship network. That is, a scholar with longer tenure is
likely to attain more cognitive capital through better understanding
of how his or her expertise is relevant to knowledge in the discipline and, thus, is better able to apply the knowledge (Wasko and
Faraj, 2005). In this vein, we use length of tenure publishing in a
discipline (hereafter called “publishing tenure”) as an indicator of
cognitive capital.
Another way to accumulate cognitive capital is from team
composition of co-authors. As interest in organizational learning

and competitive dynamics grew in the 1990s, composition of
organizational members became the fundamental ambidexterity
in organizational adaptation (Miller et al., 2006). March (1991)
introduced the concept of exploration and exploitation to represent the dichotomy of organizational-learning orientations. While
exploration leans toward discovery, risk-taking, and innovation,
exploitation emphasizes efﬁciency, reﬁnement, and productivity.
Organizational research usually applies this dichotomy to indicate the degree of diversity among team members (Lavie and
Rosenkopf, 2006; Perretti and Negro, 2006). In an organization,
different members usually have their own speciﬁc expertise and
knowledge that, collectively, affects the ﬁnal outcome of organizational performance (Lavie and Rosenkopf, 2006; Wadhwa and
Kotha, 2006). These organizational members can be classiﬁed into
two types: newcomers and old-timers. Newcomers, who are more
likely to contribute new knowledge, tend to foster exploration
because they can provide a fresh perspective for a team and a novel
interpretation of problems, thus generating creative solutions
(Perretti and Negro, 2006; Reichers, 1987). In contrast, old-timers,
who are more familiar with knowledge already reﬂected in their
organization, tend to enhance exploitation. They are also more
adapted to the team’s norms and values because they have had
more time to observe, accept, and adopt the team’s predominant
norms and values. Teams with many experienced members have
better communication and, thereby, are more likely to fulﬁll their
goals (Taylor and Greve, 2006). Therefore, mixing and matching
different members to form new conﬁgurations (i.e., balancing
exploration and exploitation) are important decisions when
designing teams (Chen, 2005; Perretti and Negro, 2006).
In the context of a co-authorship network, member diversity represents a “micro-organizational setting” consistent with
March’s (1991) dichotomy of exploration and exploitation (Perretti
and Negro, 2006). In this context, exploration refers to coauthorships with different scholars, while exploitation means
co-authorships with the same scholars. Both exploration and
exploitation of team composition enable co-authors to obtain cognitive capital (i.e., shared understanding and expertise), but in very
different scopes. While exploration extends shared understanding and applies new knowledge of the discipline to an enlarging
collective, exploitation deepens shared understanding and known
knowledge within the same collective. The former strategy helps a
scholar acquire a broader perspective of the discipline and expand
the network size; whereas the latter conﬁnes the scholar in a
narrower perspective and a smaller group. For the purpose of
expanding the sources of cognitive capital, a scholar should adopt
an exploration strategy and co-author with new scholars. Based on
the discourse above, we use the degree of exploration in team composition (hereafter called “team exploration”) as another indicator
of cognitive capital.

3. Research model and hypotheses
3.1. Research model
Social capital is the value a scholar derives from integrating
social relations in the forms of preferential treatment, cooperation
between individuals and groups, shared knowledge, and resources
from peers. It helps the scholar break the barrier of individual
bounded rationality (i.e., cognitive capability) and further improves
his or her research impact. As social relations of a scholar change
over time, social capital also evolves and the three dimensions of
social capital affect and reinforce each other iteratively. Indeed,
Nahapiet and Ghoshal (1998, p. 243) were the ﬁrst to recognize
the interactions between different dimensions of social capital,
and stated that, “although we separate these three dimensions
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analytically, we recognize that many of the features we describe
are highly interrelated.” For instance, Tsai and Ghoshal (1998)
demonstrated that structural capital, manifesting as network ties,
positively affects both relational capital (as trust and trustworthiness) and cognitive capital (as shared vision) in the context of
intraﬁrm networks. Strong social interaction permits members to
know and understand each other, share resources and expertise,
and earn trust from other members in the network.
Relational and cognitive capitals should also affect structural
capital. First, relational trust and commitment are characterized
by an individual’s intrinsic motivation to persist in a long-term
relationship. This motivation directs one to engage in continuous
social interactions with trustworthy members, thus enhancing the
strength of structural capital. Therefore, relational capital affects
and reinforces structural capital. Second, shared understanding
and expertise in a discipline can bridge the communication gap
between members in the same discipline and helps attract new
members into the co-authorship network, thus strengthening the
structural capital of a scholar. As such, cognitive capital also affects
and reinforces structural capital. Strictly speaking, structural capital refers to the impersonal overall pattern (or shape and size) of
social connections between actors (Nahapiet and Ghoshal, 1998);
it provides only the start-up resource upon which relational and
cognitive capitals can thrive. The actual resources accumulated for
relational and cognitive capitals, given the same structural pattern,
depend largely and collectively on the cognitive efforts and proactive behaviors of the individual actors, namely, understanding the
peers and the system, trusting and helping each other, expanding
and nurturing relations, and sharing knowledge and resources.
Taking a co-evolution perspective, in the ﬁrst phase, being in
better structural positions (i.e., having more structural capital)
increases the possibility of extending current shared understanding
among more peers in the discipline (i.e., more cognitive capital) and
strengthening trustworthy relationships with co-authors (i.e., more
relational capital). Then, in the second phase, having more shared
understanding and trustworthy relationships will most likely help
scholars expand social connections with additional scholars and
improve their structural positions in the network. As this evolution
process continues, individuals with insufﬁcient structural capital
are likely to improve their social networks by investing in their
relational and cognitive capitals. In this vein, it is of paramount
importance to understand the causality from relational and cognitive capitals to structural capital. Surprisingly, there is a scarcity of
research looking into this causality. Therefore, we propose such
causality in our research model, overlooking the conventional

Relational capital
- Prolific co-author count
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direction from structural capital to relational and cognitive capitals.
Nevertheless, the goal of this proposed model is not to substitute
but to complement current understanding regarding the interactions among the dimensions of social capital.
Fig. 1 summarizes our proposed model regarding the associations among the three dimensions of social capital and their
inﬂuence on research impact. In this model, the dimension of relational capital consists of one indicator: proliﬁc co-author count. The
dimension of structural capital contains three indicators: degree,
closeness, and betweenness centralities. The third dimension is
cognitive capital, which consists of two indicators: team exploration and publishing tenure. Finally, the dependent variable of
research impact is on the right side, which is assessed by citation
count (excluding self-citations).
3.2. Associations between structural capital and research impact
Prior studies have illustrated that scholars may increase
research impact from co-authorship using the three centrality
measures of structural capital. More speciﬁcally, Yan and Ding
(2009) applied the three measures and PageRank (which is a variant
of eigenvector centrality) to co-authorship networks and examined
their correlations with citation count. The results showed the four
measures are signiﬁcantly correlated with citation count. Abbasi
et al. (2011) conducted a similar study and applied the normalized
version of the three measures, as well as eigenvector centrality,
average tie strength, and efﬁciency of co-authorship network. They
found that degree centrality has a signiﬁcant positive effect on
research performance as measured by g-index, but closeness and
betweenness centralities do not. Liao (2011) examined the impact
of degree centrality on research performance (measured by journal
impact factor, citation count, and research award). He also revealed
that degree centrality has a signiﬁcant positive effect on research
performance.
In a social network, a person who is directly linked with many
others (i.e., high degree centrality) is likely to be in the mainstream
of information ﬂow within the network (Freeman, 1979). Indeed,
Chi et al. (2007) address interactive ﬁrm behaviors in e-business
and suggest that degree centrality reﬂects a ﬁrm’s direct engagement in various collaborative operations and access to external
assets of connected partners, such as technology, money, and managerial skills. High degree centrality can lead to greater volume and
speed of resource ﬂows. In the context of a co-authorship network,
a scholar with high degree centrality means he or she is highly
connected with other colleagues; therefore, the scholar can beneﬁt

H2

H4

H6

Structural capital
- Degree centrality
- Closeness centrality
- Betweenness centrality

H1

Research impact
- Citation count

H5
H3
Cognitive capital
- Team exploration
- Publishing tenure

Affiliation
(Control variable)

Fig. 1. Conceptual framework.
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from structural capital and receive more information, knowledge,
and resources. The impact of these beneﬁts is likely to be reﬂected in
improved quality of publications. Hence those publications would
garner more citations from other scholars. Another rationale is that
he or she is more likely to attract citations from other scholars due
to having a central position in the social structure (i.e., high centrality). Because of this centrality, his or her publications are more
likely to be cited by other scholars who work on related research
topics and who are directly or indirectly linked in his or her coauthorship network. Thus, we predict that scholars who are highly
connected with other members (i.e., high degree centrality) in a
co-authorship network can beneﬁt from structural capital, which
in turn leads to higher research impact as measured by citation
count.
H1a. Scholars with higher degree centrality in a co-authorship
network have higher citation count.
Closeness centrality means an actor is related to all others
through a small number of paths (Otte and Rousseau, 2002), and it
depicts the mean distance of the actor’s node from all other nodes
(Lu and Feng, 2009). A central actor controls either resources or
information and possesses a status that makes him or her capable
of inﬂuencing the behaviors of others in the network (Liu et al.,
2005). In the context of a co-authorship network, a scholar with
high closeness centrality means that he or she can reach all scholars in the network faster than anyone else. Taking advantage of
high closeness centrality, he or she can acquire needed resources
more efﬁciently and improve the quality of his or her publications.
Since publication quality increases citations count, as noted in H1a,
we predict that scholars who are closer to other members (i.e., high
closeness centrality) in a co-authorship network can access more
structural capital, which in turn leads to more citations for their
publications.
H1b. Scholars with higher closeness centrality in a co-authorship
network have higher citation count.

Przednowek, 1976). Based on this ﬁnding, we believe that when
actors establish trustworthy relationships with prominent scholars
and collaborate on research, their co-authored articles will attract
more citations because the articles tend to be regarded as highquality work – the so-called “halo effect.” Because proliﬁc scholars
are prominent in their disciplines, we predict that scholars who
have more trustworthy relationships with proliﬁc scholars and coauthor more with them will beneﬁt from larger relational capital
that, in turn, leads to more citations for publications.
H2. Scholars with higher proliﬁc co-author counts have higher
citation count.
3.4. Associations between cognitive capital and research impact
As mentioned earlier, member diversity in team composition
(i.e., exploration and exploitation) facilitates accumulation of cognitive capital. We believe that exploration is more helpful in
producing competitive cognitive capital than exploitation because
it can bring different or new understanding for the collective. Teams
with members who share diverse knowledge generate new combinations of knowledge by incorporating distinct knowledge areas
(Wadhwa and Kotha, 2006) thereby engendering higher levels of
team creativity and increase the quality of group decision-making
(De Dreu and West, 2001). That is, high team exploration may
enhance the quality of scholars’ research publications through
novelty and insights; thereby, they may receive more citations
from other scholars. Another rationale is that teams with diverse
memberships bring forth varied research issues and enrich their
perspectives, leading to more attention and citations from other
scholars. Accordingly, we predict that scholars who co-author with
more diverse members in a co-authorship network (i.e., higher
team exploration) will accumulate larger cognitive capital and
increase publication quality, which in turn leads to more citations
for their publications.
H3a. Scholars with higher team exploration have higher citation
count.

Betweenness centrality represents the position in the network
that controls resources or information passed from one actor (or
group) to another (Freeman, 1979). It reﬂects an actor’s relative
position in spanning the structural holes in a network. A structural
hole between two clusters in a network does not mean that actors
in the two clusters are unaware of one another. It simply means
they are so focused on their own activities that they have paid
little attention to the activities in the other cluster. A structural
hole indicates that clusters on the two sides of the hole operate
with different knowledge ﬂows. Individuals who bridge these holes
attain an advantageous position that yields information and control
beneﬁts (Abbasi et al., 2011; Burt, 1992). Thus, an actor with high
betweenness centrality is likely to obtain rich knowledge that is
non-redundant but, rather, additive (Chi et al., 2007). Consequently,
we predict that scholars having high betweenness centrality can
enhance their research by taking advantage of non-redundant
knowledge and resources. This will improve their publication quality and, in turn, lead to higher citation count.

Furthermore, scholars with longer publishing tenure are likely
to have better understanding of, and expertise in, their disciplines
and know how to apply that knowledge to research investigations.
They are better able to select interesting topics, apply appropriate methodologies, and judge the quality of research outputs.
Empirical studies have shown that experience (or tenure) correlates strongly with performance in individual learning (Pajares
and Miller, 1994; Potosky, 2002) and organizational management
(Wood and Bandura, 1989). In this vein, the tenure an individual has
accumulated in the discipline may inﬂuence the ﬁnal outcome of
research collaboration. In the context of a co-authorship network,
senior scholars might achieve greater research impact than junior
scholars because they have much more experience and cognitive
capital with which to conduct high-quality research. We, therefore,
predict that scholars with longer publishing tenure will accumulate
larger cognitive capital and increase publication quality, which in
turn leads to more citations for their publications.

H1c. Scholars with higher betweenness centrality have higher
citation count.

H3b. Scholars with longer publishing tenure have higher citation
count.

3.3. Association between relational capital and research impact

3.5. Association between relational capital and structural capital

Based on the literature of relational capital, a trustworthy relationship is an important asset because it enables an actor to
integrate and leverage resources accessible from the relationship.
Prior studies have revealed that the work of prominent scholars,
such as Nobel Prize laureates, tends to receive wide attention and
high numbers of citations (Brown and Gardner, 1985; Inhaber and

Prior studies have shown that relational trust and commitment is essential to continuous social interactions (Huang et al.,
2009; Kreijns et al., 2003). In a co-authorship network, nurturing trustworthy relationships or co-authoring more with proliﬁc
scholars will increase the likelihood of social interactions and ties
with other different scholars, leading to higher structural capital
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and changes in degree, closeness, and betweenness centralities
(Freeman, 1979; Otte and Rousseau, 2002). Furthermore, when a
scholar establishes repeated co-authorships with proliﬁc scholars,
he or she can get acquainted with other scholars or research groups
in the network through referrals from these proliﬁc co-authors. This
increases the individual’s chances of collaborating with different
scholars and helps him or her shift into advantageous positions
in the network by linking with many scholars (i.e., degree centrality), directly or indirectly connecting with more scholars in
the other research groups (i.e., closeness centrality), or spanning
more holes between research groups (i.e., betweenness centrality). Consequently, it enhances the three centralities of the scholar.
Therefore, we postulate:
H4a. Scholars with higher proliﬁc co-author counts have higher
degree centrality.
H4b. Scholars with higher proliﬁc co-author counts have higher
closeness centrality.
H4c. Scholars with higher proliﬁc co-author counts have higher
betweenness centrality.
3.6. Associations between cognitive capital and structural capital
Members in an organization with shared understanding and
expertise (i.e., cognitive capital) are more likely to take collective
actions (Donnellon et al., 1986) and engage in more social interactions (Rogoff, 1990). Therefore, we predict that cognitive capital
will elicit an actor’s willingness to embrace social interaction in a
co-authorship network. Speciﬁcally, when a scholar collaborates
with different co-authors (i.e., explorative team composition), he
or she is more likely to engage in brainstorming and gain a shared
understanding, knowledge, and expertise from them. Most importantly, such extended understanding and expertise can enhance his
or her reputation in the discipline, thereby increasing the potential for expanding social relationships with additional scholars. If
social relationships change, the level of structural capital will certainly change. In essence, scholars adopting a higher degree of team
exploration may see positive changes in their structural capital (i.e.,
centralities) because they are more likely to expand their networks
and include new members. Hence, we postulate:
H5a. Scholars with higher team exploration have higher degree
centrality.
H5b. Scholars with higher team exploration have higher closeness
centrality.
H5c. Scholars with higher team exploration have higher betweenness centrality.
Similarly, publishing tenure helps scholars produce shared
understanding and expertise, as well as engage in meaningful
exchanges of knowledge with other scholars in the discipline. This
will improve the quality of social interactions and increase the
likelihood of research collaboration. For example, a senior scholar
with long publishing tenure is regarded as having a high level of
shared understanding and expertise. During that tenure, he or she
had more opportunities to meet with other scholars at social gatherings or academic conferences and establish social relationships
with them. This is very likely to bring the scholar greater respect
and an enhanced reputation, thereby attracting research collaboration from other scholars who undertake studies related to his
or her research streams. Just as changing social relationships will
shift the level of structural capital for a scholar, longer publishing
tenure will also positively affect the span of social relationships and
increase the scholar’s structural capital in the network. Therefore,
we postulate:
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H5d. Scholars with longer publishing tenure have higher degree
centrality.
H5e. Scholars with longer publishing tenure have higher closeness centrality.
H5f. Scholars with longer publishing tenure have higher betweenness centrality.
3.7. Associations between cognitive capital and relational capital
In line with the research ﬁndings by Tsai and Ghoshal (1998),
we propose that cognitive capital will positively affect relational
capital based on socialization theory and social exchange theory as discussed in the Background section. The former theory
explains how socialization helps a scholar build social ties and
create cognitive capital, while the latter explains how social
exchange fosters trusting relationships and engenders relational
capital for the scholar. In the context of a co-authorship network,
opportunities for socialization reside in academic activities when
they interact with different co-authors. Research in organizational
behavior shows that top management’s socialization activities can
span corporate boundaries and lead to higher ﬁrm performance
(Geletkanycz and Hambrick, 1997). Adding new external contacts
not only conveys information about the environment and its changing contingencies, but also shapes frames of reference through
which individuals understand the external context. In this vein,
while existing co-authors provide scholars with opportunities for
socialization, new co-authors allow the scholars to maximize their
learning and complement their knowledge of up-to-date practices.
Likewise, scholars with long publishing tenures are more likely than
junior scholars to be familiar with the academic norms and values
shared in the discipline due to having had more socialization with
journal editorial boards and reviewers. Accumulated collective values and norms, which are the major manifestations of cognitive
capital, facilitate conditions for scholars to develop repeated coauthorships (i.e., trusting relationships) with proliﬁc co-authors.
When team members hold similar values, they tend to draw common interpretations, grasp compatible perceptions, and ultimately
reach effective decisions (Cannon-Bowers and Salas, 2001), encouraging team members to continue the collaboration. Also, as noted
by Ouchi (1980, p. 138), “common values and beliefs provide the
harmony of interests that erases the possibility of opportunistic
behavior.” Taken together, we argue that cognitive capital manifested as team exploration and publishing tenure should positively
affect relational capital. Hence, we make the following hypotheses:
H6a. Scholars with higher team exploration have higher proliﬁc
co-author counts.
H6b. Scholars with longer publishing tenure have higher proliﬁc
co-author counts.
4. Methodology
4.1. Data collection
All data for this study were collected and derived from the
Social Science Citation Index (SSCI) database provided by ISI’s Web
of Knowledge. In order to identify the effects of social capital on
citation count, we take into consideration the time lag effect of
citations after an article is published because the citations for an
article is usually low during the ﬁrst few years after its debut.
In our data collection design, social capital data for a scholar are
computed from the articles he or she published during the 5-year
period between 1999 and 2003. Then the citation data for an article
are collected ﬁve years after the article was published. For example, if an article was published in 2003, citation data from 2008
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Table 2
Citation window of articles.
Publication year

Citation window (4 years)

1999
2000
2001
2002
2003

2004–2007
2005–2008
2006–2009
2007–2010
2008–2011

and beyond are retrieved. Past research suggests that a meaningful bibliometric study should have a ﬁxed citation window of at
least 3 years in length (van Raan, 2006). We, therefore, adopt a 4year citation window. For proliﬁc co-author count, we select those
who published three or more research articles from 1999 to 2003
in premier Information Systems (IS) journals as proliﬁc scholars.
The rationale is that, if a scholar can published a top journal article on average every two years or less, he or she is qualiﬁed as
being proliﬁc. The citation windows for these publishing years are
provided in Table 2. Speciﬁcally, we examine the social capital of a
co-authorship network created between 1999 and 2003, and investigate its inﬂuence on citations during the period between 2004 and
2011. The time periods of independent variables and dependent
variable do not overlap. This ﬁxed-lag and ﬁxed-window approach
to citation count may overlook the immediate research impact
derived by a high-quality article during the ﬁrst 5 years. Yet, it
allows us to avoid the timing problem and ensure that past social
capital affects future citations.
Regarding premier IS journals, the selection procedure is
as follows. First, we select six recent studies in the literature
(Ferratt et al., 2007; Katerattanakul et al., 2003; Lowry et al., 2004;
Mylonopoulos and Theoharakis, 2001; Peffers and Ya, 2003; Rainer
and Miller, 2005) that provide rankings of IS-related journals since
2000. Second, we exclude journals not reported in three or more
of the six studies because they lack enough evidence of quality.
Third, we calculate the mean ranking for each journal as shown
in Table 3. Fourth, we exclude those journals that are not “pure”

IS journals, according to the grouping method used by Rainer
and Miller (2005). Finally, we select the top ﬁve pure IS journals,
including MIS Quarterly (MISQ), Information Systems Research (ISR),
Journal of Management Information Systems (JMIS), Information &
Management (I&M), and Decision Support Systems (DSS). Note that
Communications of the ACM (CACM), Management Science (MS),
Decision Sciences (DS), and Harvard Business Review (HBR) are
excluded because they are not “pure” IS journals.
From the total 704 articles published in these ﬁve premier IS
journals during 1999–2003, we identify 1169 unique authors who
published one or more articles. Among them are 101 proliﬁc scholars who published 3 or more articles during the same period,
as shown in Table 4. Regarding the 1068 scholars who are nonproliﬁc, we only consider those who published two or more articles
(N = 140) for the purpose of measuring relational capital, because
those who published one article (N = 928) invariably have zero as
the value of relational capital according to the selection criterion in
this study. Including these 928 zeros in the dataset will result in a
severely skewed distribution of relational capital and create significant bias in model estimation (Gu and Wu, 2003; Hair et al., 1998).
Moreover, those who published two articles but did not co-author
twice with any proliﬁc scholar (N = 104) also have a nil value of relational capital, leaving only 36 non-proliﬁc scholars who are usable
subjects. Similar to the 101 proliﬁc scholars, these 36 scholars may
or may not have co-authored with the same proliﬁc scholars twice,
thus the values of their relational capital may or may not be zero.
Therefore, we analyze our research model using a total of 137 subjects (i.e., 101 proliﬁc and 36 non-proliﬁc scholars).
4.2. Measurement
To assess the structural capital of a co-authorship network, prior
studies applied social network analysis (SNA) to measure centralities (e.g., Acedo et al., 2006; Lu and Feng, 2009; Otte and Rousseau,
2002; Yan and Ding, 2009). SNA is the mapping and measuring of
relationships and ﬂows among people, groups, organizations, computers, or other information or knowledge processing entities. It

Table 3
Prior journal ranking studies from 2001 to 2007.
Journals

[A]

[B]

[C]

[D]

[E]

[F]

MISQ
ISR
CACM
JMIS
MS
DS
HBR
I&M
DSS
EJIS
ACM T
CAIS
SMR
IEEE TSE
Database
JAIS
OS
ISJ
ACM CS
JSIS
IEEE Computer
ASQ

1
3
2
4
5
8
7
10
9
11
13
18
12

1
2
3

2
3
1
6
7
5
4
9
11
8
18
10
17
24
14
20
22
23
16

1
2
5
3
4
6
15
9
7
11
10

1
3
2
5
4
7
6
12
8
13
9
23
16
10
30

2
1

14
20
14
10

5
14
30
15
16
24
20
19
21

17
12
22
16

19
15

22
12
14
13
18
25

20
28
19
24

4

9
8
10
6

5
3

7

Mean rank

Rank of means

1.33
2.33
2.6
4.4
5
6.5
8
10.5
10.5
11.17
12
14.25
15
15.25
15.75
16.25
17
17.25
18
19
19.6
20

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22

Prior studies: [A]: Mylonopoulos and Theoharakis (2001); [B]: Katerattanakul et al. (2003); [C]: Peffers and Ya (2003); [D]: Lowry et al. (2004); [E]: Rainer and Miller (2005);
and [F]: Ferratt et al. (2007).
Journal abbreviations:
MS, Management Science; DS, Decision Sciences; HBR, Harvard Business Review; EJIS, European Journal of Information Systems; ACM T, ACM Transactions; CAIS, Communications of the AIS; SMR, Sloan Management Review; IEEE TSE, IEEE Transactions on Software Engineering; JAIS, Journal of the Association for Information Systems;
OS: Organization Science; ISJ, Information Systems Journal; ACM CS, ACM Computing Surveys; JSIS, Journal of Strategic Information Systems; ASQ, Administrative Science
Quarterly.
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Table 4
Publication counts of scholars selected from premier IS journals (1999–2003).
Scholar

MISQ

ISR

JMIS

I&M

DSS

Scholar

MISQ

ISR

JMIS

I&M

DSS

Benbasat, I
Jiang, JJ
Klein, G
Kauffman, RJ
Whinston, AB
Grover, V
Sambamurthy, V
Zmud, RW
Agarwal, R
Chau, PYK
Dennis, AR
Kumar, A
Tam, KY
Wei, KK
Ba, SL
Basu, A
Clemons, EK
Gupta, A
Hu, PJH
Keil, M
Lee, S
Markus, ML
Nunamaker, JF
Purao, S
Straub, DW
Tan, BCY
Barki, H
Bhattacherjee, A
Chen, HC
Gallupe, RB
Han, I
Irani, Z
Karahanna, E
Kim, YG
Kohli, R
Lee, AS
Lee, B
Lee, YW
Lim, KH
Love, PED
Majchrzak, A
Malhotra, A
McHaney, R
Menon, NM
Mukhopadhyay, T
Nazareth, DL
Pakath, R
Palvia, PC
Raghunathan, S
Rice, RE
Riemenschneider, CK

5
1
1
1
0
1
4
6
5
0
1
0
0
2
2
0
0
0
0
3
0
3
0
0
2
1
1
1
0
0
0
0
2
0
0
2
0
0
1
0
3
3
0
0
0
0
0
0
0
1
0

4
0
0
2
4
1
3
1
2
0
2
3
1
1
1
3
0
2
0
0
0
1
0
1
2
1
2
0
0
2
0
0
0
0
1
1
1
0
1
0
0
0
0
1
2
0
0
0
1
0
0

3
2
2
6
1
3
1
1
0
2
2
2
4
0
0
0
5
2
2
2
0
1
5
2
0
0
1
2
2
1
0
1
0
1
1
0
1
2
1
1
0
0
0
1
1
1
0
0
1
1
1

0
9
9
0
0
3
0
0
0
4
0
0
1
2
0
0
0
0
2
0
4
0
0
1
1
2
0
0
0
1
3
3
1
2
1
1
0
1
0
2
0
0
3
0
0
1
1
3
0
1
2

1
0
0
0
4
0
0
0
0
1
1
1
0
1
2
2
0
1
1
0
1
0
0
1
0
1
0
1
2
0
1
0
1
1
1
0
1
0
0
0
0
0
0
1
0
1
2
0
1
0
0

Lee, H
Lyytinen, K
Marakas, GM
Marsden, JR
Massey, AP
Montoya-Weiss, MM
Rai, A
Reich, BH
Sabherwal, R
Santhanam, R
Sethi, V
Watson, HJ
Wixom, BH
Wu, DJ
Zhao, JL
Aiken, M
Benaroch, M
Bendoly, E
Blanning, RW
Byrd, TA
Chatterjee, D
Davis, FD
Davison, R
Dehning, B
Devaraj, S
George, JF
Goodhue, DL
Hardgrave, BC
Hiltz, SR
Hitt, LM
Holsapple, CW
Huff, SL
Jain, HK
Kwok, RCW
Lai, VS
Lederer, AL
Ross, JW
Salisbury, WD
Strong, DM
Sussman, SW
Thong, JYL
van der Aalst, WMP
Venkatesh, V
Walsham, G
Watson, RT
Weill, P
Wheeler, BC
Wu, IL
Yoo, Y
Zhuge, H

0
2
1
0
1
1
1
2
0
1
0
2
2
0
0
0
1
0
0
0
2
1
1
1
0
1
1
0
0
0
0
1
0
0
0
0
2
0
0
0
0
0
2
2
0
3
2
0
1
0

1
1
2
0
0
0
1
1
2
1
1
0
0
0
1
0
1
0
2
0
0
1
0
0
1
0
0
0
0
2
0
1
0
0
0
0
0
1
0
2
0
1
1
1
1
0
1
0
2
0

0
1
0
2
2
2
0
1
1
1
0
0
1
2
1
0
1
0
0
1
1
1
0
0
2
0
0
2
2
1
0
0
1
1
0
1
1
0
1
0
3
2
0
0
0
0
0
0
0
0

4
0
1
0
0
0
2
0
1
0
3
1
1
0
0
3
0
1
0
2
0
0
1
2
0
0
2
1
0
0
1
1
1
1
2
1
0
1
2
1
0
0
0
0
0
0
0
2
0
3

1
0
0
2
1
1
0
0
0
1
0
1
0
2
2
0
0
2
1
0
0
0
1
0
0
2
0
0
1
0
2
0
1
1
1
1
0
1
0
0
0
0
0
0
2
0
0
1
0
0

has been used in sociology, anthropology, information systems,
organizational behavior, and many other disciplines (Liebowitz,
2005). This study uses the SNA software – UCINET (Borgatti et al.,
1999) to calculate the three measures of degree, closeness, and
betweenness centralities. More speciﬁcally, it derives these measures as follows. First, there are 101 proliﬁc scholars selected in
this study and they published a total of 308 articles in premier IS
journals. Based on the collaborative relations in these 308 articles,
330 peripheral co-authors (i.e., those who are not proliﬁc scholars) are identiﬁed. The 36 non-proliﬁc scholars selected in the last
section belong to this peripheral group. The relationships among
these 431 scholars (i.e., 101 proliﬁc scholars and 330 peripheral
co-authors) form a social network for analysis. Second, this study
develops a program to create a relation matrix (431 × 431) as input
data in UCINET. Each cell of the relation matrix represents the
number of collaborations between any two given scholars. Finally,
the normalized degree, closeness, and betweenness centralities
of the 137 target scholars are calculated by dividing the original

value of degree centrality by (N − 1), that of closeness centrality by
1/(N − 1), and that of betweenness centrality by (N − 1)(N − 2)/2,
where N = 431 (Freeman, 1979).
To examine relational capital for each of the 137 scholars, this
study analyzes the graphic output of UCINET and derives the proliﬁc co-author counts of individual scholars. The graph depicts
the relations among the proliﬁc scholars, excluding their peripheral co-authors (see Fig. 2). Furthermore, because trustworthiness
among co-authors is an important attribute of relational capital, we
include only those authors who co-authored at least twice, thinking that they must trust each other enough to collaborate again.
For example, in Fig. 2, the relational capital of “Straub, DW” is one
because he co-authors with one proliﬁc scholar (i.e., “Karahanna,
E”) two or more times in the network, excluding “Watson, RT” and
“Boudreau, MC” with whom he co-authors only once. Note that the
proliﬁc co-author counts of the scholars displayed on the left side
of Fig. 2 (i.e., “Bhattacherjee, A”, “Kim, YG”, etc.) are all zeros in this
dataset.
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Fig. 2. The collaborative relations of 101 proliﬁc and 36 non-proliﬁc scholars.

To measure member diversity of team composition (i.e.,
explorative versus exploitative), this study develops a collaboration diversity
 index (CDI), as indicated in Eq. (1), where

coauthori − duplicate
i stands for the total of non-duplicated,
unique co-authors and
relationi refers to total collaborative
relations of all published journal articles. When the value of CDI
is equal to 1, team composition is completely explorative; that
is, the number of non-duplicated co-authors equals the number of collaborative relations, meaning that scholars collaborate
with different co-authors on each article. In contrast, a value near
zero indicates extreme exploitation; that is, the total number of
collaborative relations is much higher than the total number of
non-duplicated co-authors, meaning scholars collaborate with the
same co-authors. When a scholar did not co-author with anyone,
the value is zero, indicating full exploitation. Therefore, the range
of this index is from zero to one, showing a spectrum of member

diversity in team composition. Table 5 shows an example in which
author A published 12 articles and had 11 collaborative relations
with 5 unique co-authors. Following Eq. (1), the value of CDI for
author A is .455.



Collaboration diversity index
i = 1, 2, . . . n article

=

coauthori −





duplicatei

relationi
(1)

Publishing tenure is measured as the time between 2011 and
the year the scholar ﬁrst published an article in the IS discipline,
which addresses the cognitive capital he or she accumulated. This
variable is derived from the SSCI database. For example, if a scholar
published his or her ﬁrst IS-related article in 1978, the value for
publishing tenure would be 33.
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Table 5
An example of calculating collaboration diversity index of Author A.
Article no.

Author list

Relation of A

Co-authors

Duplicate

1
2
3
4
5
6
7
8
9
10
11
12

A, B
A
A, B
B, A
A
A, C
C, A
B, A, D
C, A
A
E, A, F
A, B

AB
–
AB
AB
–
AC
AC
AB & AD
AC
–
AE & AF
AB

B
–
B
B
–
C
C
BD
C
–
EF
B

–
–
Yes
Yes
–
–
Yes
Yes
Yes
–
–
Yes

11

11

6

Total

Collaboration diversity index = (11 − 6)/11 = 5/11 = .455.

Citation count is also collected from the SSCI database, as it provides not only records of an author and his or her publications,
but also the citations for each publication (Oh et al., 2005). However, the citation data in the SSCI database include self-citations,
which render a biased estimate for research impact of an article
(Nederhof, 2006). To avoid this bias, we manually tally the citations
without self-citations for each article, using the 4-year windows in
Table 2. Any citations coming from an author or co-authors of an
article are regarded as self-citations and excluded from the citation count of the article. Speciﬁcally, the citation count of a scholar
is derived by aggregating the citations of all the articles published
during 1999–2003 in the 5 premier journals by that scholar and
subtracting the total number of self-citations.
A control variable in this study is the afﬁliations of the 137 target scholars. Long et al. (1998) found that the status of academic
afﬁliation has a positive association with research productivity in
terms of the number of publications in top journals and citations
for publications. Thus, we incorporate afﬁliation into our model as
a control variable. Following the approach by Long et al. (1998), the
status of academic afﬁliation is determined by an overall ranking
for each institution as well as status rankings (i.e., high, middle, and
low status). However, we found that some authors’ afﬁliations are
not classiﬁed by Long et al., such as University of Notre Dame, University of Hong Kong, and National University of Singapore. These
afﬁliations are classiﬁed into the category of “others.” In addition,
some scholars switched their afﬁliations during the 1999–2003
period, thus we choose the last one as his or her afﬁliation. Because
the status of academic afﬁliation is on a nominal scale, it is treated
as a dummy variable in this study.
5. Analyses and results
Descriptive statistics, the values of variance inﬂation factor (VIF), and the correlation matrix of estimated variables are
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illustrated in Table 6. All VIF values are less than the common
threshold of 5.0, indicating there is no signiﬁcant multicollinearity
among these variables. We further conﬁrm that the bias from
self-citations is signiﬁcant by testing the difference in the means of
citation counts with and without self-citations (t = 7.621; p < .001).
Therefore, this study uses citation count without self-citations as
the dependent variable.
To test the hypothesized associations, we consider two
approaches to estimating the parameters of a structural equation model (SEM), namely, the covariance-based approach and
component-based (or variance-based) approach (Fornell et al.,
1990). While the covariance-based approach uses the solution
process for simultaneous equations to ﬁnd the estimates, the
component-based approach performs a multiple regression analysis independently for each endogenous variable with a re-sampling
estimation process (Hair et al., 2012). As suggested by Hair et al.
(2011, p. 140), covariance-based SEM, exempliﬁed by software such
as LISREL and EQS, should be used if the research objective is theory testing and conﬁrmation. In contrast, if the research objective is
prediction and theory development, then the appropriate method is
variance-based SEM, such as partial least squares (PLS). Because the
aim of this study is to predict the inﬂuence of social capital theory
on research impact, using the PLS approach is appropriate. Moreover, the PLS procedure is able to model latent constructs under
conditions of non-normality and small to medium sample sizes
(Chin et al., 2003). However, with smaller ratios of sample size
to number of indicators, the known bias in PLS for overestimating measurement loadings and underestimating structural paths
among constructs may occur (Chin et al., 2003). Thus, a general
rule is that the ratio should never fall below 5–1. Strictly speaking,
the desired level of the ratio is between 15 and 20 observations
for each independent variable (Hair et al., 1998). There are 137
observations and six independent variables in this study, so the
ratio is 22.8–1 which is above the desired level, thus indicating
there is little concern of small-sample bias. To examine the speciﬁc
effect of each indicator, this study ﬁrst conducts path analysis for all
variables (see Fig. 3). Overall, one of the three dimensions of structural capital, betweenness centrality, positively affects citations for
publications (H1a: ˇ = −.009, p > .05; H1b: ˇ = −.077, p > .05; H1c:
ˇ = .685, p < .001), so H1 is partially supported. However, the direct
effects of relational capital (proliﬁc co-author count) and cognitive
capital (team exploration and publishing tenure) on citation count
are not signiﬁcant (H2: ˇ = .037, p > .05; H3a: ˇ = .062, p > .05; H3b:
ˇ = .015, p > .05), indicating that neither H2 nor H3 is supported.
For relational capital, the results show that expanding trustworthy relationships with proliﬁc colleagues is beneﬁcial for improving
structural capital, thus H4a (ˇ = .492, p < .001), H4b (ˇ = .353,
p < .01), and H4c (ˇ = .269, p < .05) are supported. For cognitive capital, team exploration is not signiﬁcantly associated with degree
centrality (H5a: ˇ = .273, p > .05), while other hypothesized associations (i.e., team exploration with closeness and betweenness
centralities) are signiﬁcant (H5b: ˇ = .566, p < .001; H5c: ˇ = .456,

Table 6
Descriptive statistics, VIF, and correlation matrix (N = 137).
ID
1
2
3
4
5
6
7
*
**

Degree centrality
Closeness centrality
Betweenness centrality
Proliﬁc co-author count
Exploration CDI
Publishing tenure
Citation count
p < .05 (2-tailed).
p < .01 (2-tailed).

Mean

S.D.

VIF

1

2

3

4

5

6

.122
.383
1.886
.73
.775
17.72
109.58

.078
.137
3.644
.723
.207
7.162
165.1

1.429
1.416
1.428
2.215
2.309
1.177
N/A

1
.176*
.302**
.328**
−.009
.353**
.200*

1
.436**
−.014
.335**
.065
.260**

1
−.021
.298*
.202*
.665**

1
−.647**
.038
−.019

1
.126
.217*

1
.153
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Affiliation

Prolific co-author count
R2=.434

Control
variable

.037
.492***

Degree centrality

.353**
.269
***

-.663

Closeness centrality

Team exploration

.273
.566

R2=.184

***

.456***
.121
Publishing tenure

.301

.012

R2=.265

*

Betweenness centrality
***

-.009

Citation count

-.077

R2=.448

.685***

R2=.158

-.018
.135

.015

.062

*p<.05; **p<.01; ***p<.001 (2-tailed).
Fig. 3. Tests for the hypothesized associations (N = 137).

According to Cohen (1992), an effect size of .02 ≤ f2 < .15 is small;
.15 ≤ f2 < .35 is medium; and f2 ≥ .35 is large. Table 7 reveals the
effect sizes of all signiﬁcant hypothesized associations. It is conﬁrmed that betweenness centrality has a large effect size (f2 = .589)
on citation count, while proliﬁc co-author count and publishing tenure have medium (f2 = .186) and small (f2 = .118) effect
sizes, respectively, on degree centrality. Likewise, team exploration
and proliﬁc co-author count have medium (f2 = .219) and small
(f2 = .087) effect sizes, respectively, on closeness centrality. Moreover, team exploration has a large effect size on proliﬁc co-author
count (f2 = .765). For the betweenness centrality, the effect sizes
are small exerted by both team exploration (f2 = .138) and proliﬁc
co-author count (f2 = .049). Although some independent variables
exert small effect sizes, the ˇ values indicate that their effects are
important, but to a lesser extent.

p < .001). Contrary to the results of team exploration, longer publishing tenure is favorable for developing degree centrality in the
network (H5d: ˇ = .301, p < .001), but its effects on closeness centrality (H5e: ˇ = −.018, p > .05) and betweenness centrality (H5f:
ˇ = .135, p > .05) are not signiﬁcant. With respect to the impact
of cognitive capital on relational capital, the result is contrary to
our expectation; publishing tenure is not signiﬁcantly associated
with proliﬁc co-author count (H6b: ˇ = .121, p > .05), whereas team
exploration affects signiﬁcantly but negatively this count (H6a:
ˇ = −.663, p < .001).
In order to assess the effect size of a particular independent variable on a dependent variable, the squared multiple (or multiple
partial) correlation (R2 ) is used to calculate Cohen’s f2 (1992). The
formula of effect size (f2 ) is as follows.
Cohen’s f 2 =
2
Rfull

2 − R2
Rfull
reduced
2
1 − Rfull

6. Discussion and implications
R2

where
is the value of
from the least-square model that
2
includes all independent variables; Rreduced
is the value from that
includes all but one particular set of independent variables.

This study is the ﬁrst to examine the effects of social capital on
research impact using the three dimensions in social capital theory.
The effects from each dimension are discussed below.

Table 7
Effect sizes of signiﬁcant hypothesized associations.
Hypothesis
H1c: Betweenness centrality → citation count
H4a: Proliﬁc co-author count → degree centrality
H4b: Proliﬁc co-author count → closeness centrality
H4c: Proliﬁc co-author count → betweenness centrality
H5b: Team exploration → closeness centrality
H5c: Team exploration → betweenness centrality
H5d: Publishing tenure → degree centrality
H6a: Team exploration → proliﬁc co-author count
a
*
**
***

ˇ
***

.685
.492***
.353**
.269*
.566***
.456***
.301***
−.663***

The overall effect sizes f2 ≥ .02, .15, or .35 are regarded as small, moderate, and large effects, respectively.
p < .05 (2-tailed).
p < .01 (2-tailed).
p < .001 (2-tailed).

Cohen’s f2

Effect sizea

.589
.186
.087
.049
.219
.138
.118
.765

Large
Medium
Small
Small
Medium
Small
Small
Large
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6.1. The effects of structural capital
For the effects of structural capital, this study found that
betweenness centrality positively affects citation count and has the
largest beta coefﬁcient and a large effect size (f2 = .589), but degree
and closeness centralities do not have any signiﬁcant effect. This
ﬁnding for betweenness centrality is consistent with the study by
Yan and Ding (2009). It reveals that spanning the structural holes is
critical in the context of a co-authorship network. That is, acquiring non-redundant resources from other research groups is much
more important than just obtaining needed resources from neighboring peers since it renders a competitive advantage based on
the resource-based view (Peteraf, 2006). According to this ﬁnding,
we suggest that research institutions should encourage research
activities that involve co-authorship with different scholars from
different research groups or centers, or even different disciplines
(Leydesdorff, 2007). One possible measure is to give more performance evaluation points or more research funding to scholars with
such co-authorships. Institutions with limited funding may offer
small seed grants to initiate inter-group research projects and subsequently enlarge these grants based on their inter-group research
performance.
Contrary to our expectations, degree and closeness centralities do not lead to higher citation count. Although the ﬁnding
about closeness centrality is consistent with the study of Abbasi
et al. (2011), we suspect a suppressor effect might exist because
the zero-order correlations are signiﬁcant between betweenness
centrality and closeness centrality, as well as betweenness centrality and citation count. A suppressor variable is a variable that
has a signiﬁcant zero-order correlation with the dependent variable, but is also correlated with one or more predictor variables
(Wasko and Faraj, 2005). When one of predictor variables has a
negative weight on the dependent variable in path model, this situation is called negative suppression (Maassen and Bakker, 2001).
Suppression particularly occurs when the beta coefﬁcient of the
initial predictor reverses sign, whereas the beta coefﬁcient for the
suppressor variable increases relative to its initial validity coefﬁcient (Conger, 1974). A classical examination of suppressor effect is
based on a comparison between zero-order correlations and path
coefﬁcients following the Conger’s deﬁnition (see Hicks and Patrick,
2006; Maassen and Bakker, 2001). Accordingly, we found that two
independent variables, namely, closeness centrality (r = .260) and
betweenness centrality (r = .665), exhibit positive zero-order associations with dependent variable (citation count). Including both
closeness and betweenness centralities in the PLS model, however,
resulted in a reversal of the sign for closeness centrality (ˇ = −.077)
and an increase in the validity coefﬁcient of betweenness centrality (ˇ = .685). This additional analysis conﬁrms our suspicion about
the suppression effect in this model. Previous study by Abbasi et al.
(2011) reported the association between these two centralities and
the g-index that seems to exhibit a similar suppressor effect. Since
the omission of any suppressor will lead to either an underestimation or an overestimation of the relationships between independent
and criterion variables (Cohen and Cohen, 1983), future research
should avoid using merely zero-order correlations to estimate the
effects of centralities on research impact and analyze the joint
effects of all three centralities in an estimation model.
6.2. The effects of relational capital
Despite the results showing no direct effect of relational capital on citation count, it exerts positive and signiﬁcant inﬂuence
on the three centralities. Since betweenness centrality has a signiﬁcant and positive effect on citation count, relational capital,
consequently, has an indirect effect on citation count through
betweenness centrality, but with a small effect size (f2 = .049). This
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suggests that co-authoring with proliﬁc scholars may not produce
a halo effect for the authors who are also prominent researchers
in the ﬁeld. In other words, while one prominent author projects
a positive signal on the quality of published article, the addition
of more prominent co-authors can only marginally increase the
signaling effect. Nevertheless, co-authoring with proliﬁc scholars
may help individual authors strengthen their positions in the network because it is more likely for them to gain connections with
authors who are newly entering the network through these proliﬁc
co-authors than through their regular colleagues (Moody, 2004).
This enables the authors to expand their networks and increase
the opportunities for disseminating their work in the networks.
Thus, relational capital beneﬁts individual authors’ citation counts
indirectly through its effects on structural capital.
According to this ﬁnding, we should encourage researchers to
expand their relationships with proliﬁc scholars, although it is easier said than done. One plausible way to increase the likelihood for
researchers to become acquainted with proliﬁc scholars could be
through participation in international conferences or symposiums
featuring these proliﬁc scholars. In addition, research institutions
could actively identify proliﬁc scholars in the target discipline and
invite them to join multiyear research projects funded by grant
agencies, such as National Science Foundation in the U.S., National
Science Council in Taiwan, and Framework Programme in the
European Union, among others. This will expand the relationships
between their faculty members and the proliﬁc scholars, thereby
increasing their relational capital.
6.3. The effects of cognitive capital
Consistent with the ﬁnding of relational capital, cognitive capital
also has no direct effect on citation count. Neither team exploration nor publishing tenure affects citation count. The ﬁnding
about team exploration is consistent with that of Liao (2011). Moreover, prior study shows that collaboration with more scholars helps
researchers to share workloads, but it also increases communication and coordination costs when they work together (see Lee
and Bozeman, 2005). It implies that expanding relationships with
other scholars might decrease the quality of work and impede the
research impact. This dissipating effect is very likely a consequence
of having access to many non-redundant ties (different co-authors),
which requires researchers to deal with a higher volume of more
diverse information. Such access consumes time and resources that
cannot be allocated to absorbing and integrating already-obtained
novel insights (Gilsing et al., 2008). Accordingly, we suspect that the
association between team exploration and research impact might
level off at a certain threshold, which explains the insigniﬁcant
effect of team exploration. To explore the possible curvilinearity
of the association between team exploration and citation count,
we conducted an additional test using PLS and found that neither team exploration (ˇ = .784, t = 1.582, p > .05) nor its square
(ˇ = −.622, t = 1.192, p > .05) has a signiﬁcant effect on citation
count. Therefore, there is no signiﬁcant curvilinearity in the association between team exploration and citation count. Regarding the
other constructs, we also tested the possible existence of curvilinear associations between them and citation count. Speciﬁcally, no
signiﬁcant curvilinearity was found for proliﬁc co-author count (i.e.,
relational capital), degree and closeness centralities (i.e., structural
capital), or publishing tenure (i.e., cognitive capital).
Moreover, team exploration is positively associated with closeness and betweenness centralities with medium (f2 = .219) and
small (f2 = .138) effect sizes, respectively. This interesting ﬁnding
suggests that if researchers collaborate with different colleagues, it
will help them link with people from other research groups, meaning they can more efﬁciently acquire needed resources from other
groups in the network. Therefore, research institutions should
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encourage their faculty members to co-author with different scholars because it helps to expand the collaboration networks of their
members. They should value not only single-authorship but also
co-authorship during the process of performance evaluation. As
for degree centrality, the ﬁnding shows that it is not signiﬁcantly
inﬂuenced by team exploration. Through the same curvilinear test,
we found using PLS that the association between team exploration
and degree centrality has a curvilinear pattern; team exploration has positive effect on degree centrality (ˇ = 1.173, t = 2.668,
p < .01), while its square has negative impact on degree centrality
(ˇ = −1.201, t = 2.733, p < .01). That is, high team exploration might
hinder the development of degree centrality. Therefore, we suggest
that future researchers who seek to co-author with new scholars
should be aware of the possibility of losing their old partners. Too
much effort in managing too many new partners is very likely to
irritate and turn away the old partners. Maintaining an appropriate
degree of team exploration might be a good approach to optimize
the three centralities in structural capital.
Regarding publishing tenure, this study found it is positively
related to degree centrality with a small effect size (f2 = .118). As
expected, longer publishing tenure can result in a good reputation and help researchers become well-known scholars or opinion
leaders in their co-authorship networks. Further, it may attract
their surrounding scholars to collaborate with them. However,
publishing tenure does not positively inﬂuence closeness and
betweenness centralities. That is, long publishing tenure by no
means is enough to attract people from other research groups
because these groups might already have prominent scholars. Due
to competition among prominent scholars, long publishing tenure
cannot help a researcher acquire and maintain a central position
and bridge between different research groups. According to the
positive effect of publishing tenure on degree centrality, we recommend that research institutions consider recruiting senior scholars
to take advantage of their inﬂuence in co-authorship networks (i.e.,
high centralities), thereby improving research impact for their faculties’ publications.
The ﬁnding that publishing tenure and team exploration have
complementary effects on structural capital is rather intriguing.
Speciﬁcally, the former affects degree centrality and the latter
inﬂuences closeness and betweenness centralities. As a result, we
recommend that junior scholars adopt an exploration strategy (i.e.,
co-authoring with different scholars) for acquiring closeness and
betweenness centralities. In contrast, senior scholars could take
advantage of their inﬂuence in co-authorship networks to disseminate their research outputs and increase their research impact.
Regarding the causality from cognitive capital to relational capital, we found that team exploration is negatively associated with
relational trust of proliﬁc scholars, with a large effect size (f2 = .765).
Although this result contradicts our expectation, it reveals an
important signal that when authors strive to change research partners, it is harmful to develop relational trust because they do not
spend enough effort establishing long-term relationships with their
co-authors. This ﬁnding reveals that team exploration is a doublededged sword; it improves closeness and betweenness centralities,
but hinders building relational trust. As such, we recommend
future researchers maintain a balance of team exploitation and
exploration with meaningful effort to nurture relational trust of
co-authors. To our surprise, publishing tenure is not signiﬁcantly
related to relational trust of proliﬁc scholars. That is, a senior scholar
may have higher shared understanding, code of conduct, and expertise in the research community, but this does not necessarily enable
him or her to have trustworthy relationships with more proliﬁc
scholars. A plausible explanation is that expanding such trustworthy relationships is more difﬁcult and complex than one commonly
expects; it usually takes substantial time and effort to build bonds
through social interactions.

Finally, the CDI developed in this study contributes to the extant
literature from a new perspective in measuring patterns of coauthorship. Prior studies, especially bibliometric studies, usually
examined the research performance of collaborations in terms of
co-authorships from different nations (e.g., domestic versus international collaboration), disciplines (e.g., single-discipline versus
cross-discipline collaboration), and institutions (Garg and Padhi,
2001; Mattsson et al., 2008; Oh et al., 2005; Rinia et al., 2001). The
CDI measurement allows us to examine research performance in
terms of member diversity in co-authorships. It will be useful to
future researchers in examining the effect of team composition on
various research outcomes.
7. Conclusions
This study explains what and why social capital can be used for
scholars in a co-authorship network to improve research impact.
More speciﬁcally, it deﬁnes six indicators with speciﬁc characteristic in the network according to the three dimensions in social capital
theory, and investigates how these indicators interact and affect
citation count. Most importantly, it provides future researchers
who want to enhance the impact of their publications with several strategies for leveraging social capital. In brief, it found that
the three dimensions of social capital directly or indirectly inﬂuence citation count. If researchers can analyze their structural
positions in the network, surely they can shift into broker positions
(i.e., high betweenness centrality) via collaboration with colleagues
from different research groups, thereby increasing citation counts.
If not, expanding relationships with proliﬁc colleagues might be a
good choice as it helps researchers in developing structural capital.
Finally, this study found that team exploration contributes to developing closeness and betweenness centralities in structural capital
while publishing tenure helps increase degree centrality. This ﬁnding suggests that a scholar can identify his or her structural position
in the network and formulate a co-authorship strategy according to
the future position where he or she wants to be. Nevertheless, one
caveat is that collaborating with too many different scholars might
put a researcher at risk of being distrusted by proliﬁc scholars and
losing chances to co-author with them.
8. Limitations and future research
Although this study offers several implications for research policies, there are four limitations that should be noted. First, this study
merely focuses on six indicators based on social capital theory.
While the concept of structural capital is very well explained by
the three centrality measures, there may be other indicators that
better capture the dimensions of relational and cognitive capitals.
For relational capital, the duration and frequency of co-authorship
may reﬂect the degree of trust a scholar has with a particular proliﬁc co-author. However, this study estimates a scholar’s relational
capital by the number of repeated co-authorships with different
proliﬁc scholars, rather than the degree of trust with each proliﬁc co-author. Using the co-authorship network in Table 5 as an
example and assuming authors A, B, C, and D are proliﬁc scholars,
if scholar A co-authored 5 times in 5 years with proliﬁc scholar
B, and 3 times with proliﬁc scholar C within 2 years, the proliﬁc
co-author count of scholar A is only “2” (i.e., 2 scholars, ignoring
the one-time co-authorship with scholar D). In this vein, the proliﬁc co-author counts for Scholars B and C are both “1”. Neither
repeated frequency nor repeated duration is considered in the estimation process. Future studies may incorporate these two variables
into the measurement of relational capital and examine the extent
to which the degree of trust in relationships with proliﬁc scholars
affects research impact.

E.Y. Li et al. / Research Policy 42 (2013) 1515–1530

Regarding cognitive capital, the CDI developed in this study
merely reﬂects the number of new members in team composition.
Other types of member diversity in terms of different demographic
factors, such as nation, ethnicity, institution, and discipline, language, etc., may also affect cognitive capital. Future research could
develop a more comprehensive measure of cognitive capital by
incorporating these factors.
Second, this study only examines the dynamics of a coauthorship network in the IS discipline using ﬁve target journals
in the 1999–2003 period. The ﬁndings from this dataset may not
be generalized to other time periods or disciplines. Future studies
could generalize the ﬁndings by replicating the study in multiple
disciplines with a larger dataset from a longer period. Panel data
across different time windows could also be collected to examine
how social capital evolves and its effects on research impact over
time. As regards the citation window, the 4-year uniform period
for each published article might be too short for some disciplines.
Because top journals commonly have a cited half-life index of over
10 years, extending this window to 10 years in future studies might
improve the accuracy of estimating research impact.
Third, inter-disciplinary research is increasingly in demand
in academia. In a co-authorship network, collaborators are not
necessarily from the same discipline and some research projects
require collaborators with different disciplinary knowledge. This
study does not examine issues arising from research activities
that involve scholars from different disciplines. Future studies are
needed to examine the differences in social capital created by intradisciplinary versus inter-disciplinary co-authorship networks; and
compare the effects on research impact exerted by the social capital from these two types of networks. Fourth, the three dimensions
of social capital are highly interrelated, as pointed out by Nahapiet
and Ghoshal (1998). In our opinion, they affect and reinforce each
other over time. The proposed model herein is a restricted causal
model based on cross-sectional data; it does not examine how their
interactions evolve over times. Future researchers are encouraged
to conduct a longitudinal study to explore how the associations
and reciprocal effects change over time. Finally, another variable
to consider in future studies is the order of authors, which has
been shown to relate positively with citation count (He et al., 2012).
Future studies may simply include it as a control variable to mitigate its co-variance with citation count or incorporate it into the
measurement of relational capital.
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