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ABSTRACT: Advances in information technology bring changes to the nature of work
by facilitating companies to go beyond the wisdom of their workforce and tap into
the “wisdom of the crowd” via online crowdsourcing contests. In these contests,
active and motivated individuals collaborate in the form of self-organized teams that
compete for rewards. Using a rich data set of 732 teams in 52 contests collected from
the crowdsourcing platform, Kaggle.com, from its launch in April 2010 to July
2012, we studied how the allocation of members’ social and intellectual capital
within a virtual team affects team performance in online crowdsourcing contests.
Our econometric analysis uses a rank-ordered logistic regression model, and sug-
gests that the effect of a member’s social and intellectual capital on team perfor-
mance varies depending on his or her roles. Though a team leader’s social capital
and a team expert’s intellectual capital significantly influence team performance, a
team leader’s intellectual capital and a team expert’s social capital do not. Further,
we found that the alignment of a member’s social and intellectual capital within a
team has a significant influence on team performance. Moreover, the intensity of the
competition moderates the impact. When a contest is highly competitive, the social
and intellectual capital alignment negatively affects team performance, and when the
competitive intensity is low, this alignment positively affects team performance. Our
findings provide insights into improving performance in team-based competitions in
crowdsourcing communities.

KEY WORDS: AND PHRASES: crowdsourcing, crowdsourcing contests, econometrics,
intellectual capital, social capital, social network analysis, team competition, virtual
teams.

Information technology (IT) has enabled socially connected “crowds” to become
partners of choice to find creative solutions for a variety of problems. Individuals in
these crowds are often interacting and collaborating with people of similar interest
through online communities. Organizations leverage some of these online commu-
nities, such as crowdsourcing platforms, to access expertise of the general public
around the globe to seek solutions [38].
Crowdsourcing means “to publicly invite a large group of people to take a task

that was traditionally performed by an employee or contractor in the form of an
open call” [31, p. 1]. Online platforms, such as Kaggle.com for predictive
modeling projects, IdeaStorm.com for idea generation, Threadless.com for pro-
duct design, InnoCentive.com for research and development (R&D), and
TopCoder.com for software development projects, often facilitate crowdsourcing.
Evidence of the value of using online crowdsourcing communities to solicit the
“wisdom of the crowd” in business practices abounds. For instance, about 51,000
people from 86 countries took the Netflix $1M challenge, and the winning
solution improved the accuracy of their movie recommendation algorithm by 10
percent [62]. Also, more than 57,000 online gamers, most of whom did not have
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a molecular biology background, contributed to the identification of the structure
of a particular protein within three weeks, even though the same problem has
puzzled researchers at the University of Washington for years [54]. According to
a survey conducted by the Marketing Executive Networking Group in 2009, 75
percent of company executives think that crowdsourcing is highly effective with
respect to new product and service development [60]. Ten out of the eleven top
global brands use crowdsourcing communities to find solutions for their business
problems [18].
Given the importance of crowdsourcing communities, there is a growing interest in

studying how to improve the performance of crowdsourcing contests. The extant
literature has focused extensively on contest design [10, 40, 61, 65] or the effects of
individual behavior on contest outcomes with the goal of maximizing the payoff [1,
6, 32, 46, 64]. These studies have demonstrated the advantages of crowdsourcing,
such as lower cost [32], lower risk [10], higher quality solutions [24], and multiple
alternative solutions [61]. All these studies have been conducted either at the
individual or the contest level.
With the popularity of virtual teams in crowdsourcing content, there is an

increasing interest in understanding team performance as opposed to individuals.
In online crowdsourcing, members usually form groups or teams of motivated
individuals looking to achieve common goals. Compared with the general work-
place settings, crowdsourcing contests tend to involve greater complexity, a higher
degree of innovation, more intense competitive pressure, and stricter time con-
straints. Therefore, crowdsourcing encourages teamwork. Web and social technol-
ogies bring changes not only to the ways a project workforce is sourced but also to
the ways that a workforce is organized and coordinated. Digital media also allow
individuals located in any geographic area to form self-organized “virtual teams”
and coordinate with team members to work collectively to win the contest. Such
virtual team members can share information, exchange ideas, brainstorm and
negotiate alternative solutions, and make decisions together. Anecdotal evidence
indicates that teams fare better in crowdsourcing contests. For example, the leading
performers in the Netflix contest mentioned earlier were all teams, not individuals,
and the size of the winning team increased over time from three in 2007 [48] to
seven in 2009 [47].
It is well-known that team performance is not merely an aggregation of individual

performance [16, 36]. Teams can generate positive synergy and outperform indivi-
duals when solving more difficult problems [16, 63]. To the best of our knowledge,
no prior studies have considered teams and their performance in crowdsourcing, and
the role of participants’ social capital (as “advantage created by a person’s location in
a structure of relationships” [12, p. 5]) is also underinvestigated in the crowdsour-
cing literature (Table 1, presented later in the paper). In addition, crowdsourcing
differs from most online communities (e.g., open source communities) in that
crowdsourcing relies on competition among teams to engender the best solution
[55], whereas teams in online communities are collaborative in nature. Thus, the
existing online community literature does not apply directly to crowdsourcing either.
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To fill in these gaps, we inspect the social network structure within self-organized
virtual teams that compete in online crowdsourcing contests involving rewards.
We collected data for 732 teams participating in 52 contests on the crowdsourcing

platform Kaggle.com, from its launch in April 2010 to July 2012. Using a rank-
ordered logistic regression model, we first empirically examined how the social
capital (SC) and intellectual capital (IC)of the team leader and team expert affect
team performance. Intellectual capital refers to task-related skills, whereas social
capital refers to their social connections within the team. In fact, our econometric
analysis shows that social capital is more important for team leaders, whereas
intellectual capital is more important for team experts. Next we adopted the concept
of SC-IC alignment (i.e., the coefficient of correlation of SC and IC) [36] to further
explore how the allocation of intellectual capital and social capital among team
members affects team performance in crowdsourcing contests. We found that the
alignment between members’ social capital and intellectual capital (SI alignment)
negatively affects team performance. This effect, however, is positive in a less
competitive environment. That is, in highly competitive contests, teams perform
better if the members with higher intellectual capital are not at the center of the
group’s social network. This finding supports the argument for giving team members
different roles based on skill sets [21]. It suggests that under intense competition
teams should have members with high intellectual capital concentrate on innovative
work and allow members with high social capital to take charge of ensuring effective
communication within the team. This provides new evidence to inform our under-
standing of the ideal team structure for crowdsourcing competitions. The results are
robust to alternative measures of social capital and intellectual capital.
This article provides unique contributions to theory and practice. First, while all the

prior studies in crowdsourcing context have been conducted either at an individual or
contest level, to our knowledge, this study is the first that considers teams and their
performance in crowdsourcing. As teams increasingly become key participants in
crowdsourcing contests, our results provide key insights to crowdsourcing participants.
Our data sample collected from the popular crowdsourcing website, Kaggle.com, sug-
gests that a self-organized virtual team is a common way of participating in crowdsour-
cing projects: 16 percent (12 percent) of the teams have members from different
countries (continents). Our sample also showed that teams have 6 percent higher odds
of winning than individual participants (1 percent). Thus, individuals may wish to
participate in a team in order to maximize the likelihood of winning in crowdsourcing.
Second, this article adopts a social network positioning to further explore the

composition of team members with different social capital, while prior literature in
crowdsourcing has mainly investigated the implications of solvers’ intellectual
capital (Table 1). Third, it also contributes to the growing literature on online
communities by investigating value creation of a special online community with
competing teams, whereas the online communities explored in prior literature have
been mostly collaborative in nature.
Last, this study presents new empirical evidence on the effect of allocation of team

resource on team performance in crowdsourcing contests, an important but hitherto
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neglected topic in crowdsourcing research. It heeds the call for more research on
resource alignment within teams in a broader context [36]. Specifically, we extended
the Kane–Borgatti model of social capital and intellectual capital alignment to
crowdsourcing communities by considering the moderation impact of environmental
competition. We found that the alignment has a negative effect in highly competitive
contests and a positive one in less competitive contests. Our result extended earlier
studies suggesting that alignment has a positive effect in noncompetitive environ-
ments. The findings provide new empirical evidence on the theory of division of
labor in the online crowdsourcing environment with competitive virtual teams [21]
and insights on team management. That is, in a competitive setting, with everything
else equal, a team with negative alignment of intellectual capital and social capital
among its members will perform better than a positively aligned one.

Literature Review

Crowdsourcing Contests

In general, three parties are involved in a typical crowdsourcing contest. Seekers are
typically companies looking for solutions; solvers refer to the open crowd or the
members of a crowdsourcing community who provide the solutions, and platform
providers offer an interface that allows interaction between seekers and solvers. As a
new business model, crowdsourcing has the potential to transform work for organi-
zations. Brabham [11, p. 76] claimed that crowdsourcing is a “problem-solving
model . . . that can have profound influence on the way we solve our world’s most
pressing social and environmental problems.” This Web-based business model
allows companies to work with individuals outside geographical and organizational
boundaries. Each crowdsourcing community focuses on a certain type of problem
and solves them mainly through contests. Seekers request solutions to platform
providers who then set up contests for solvers or crowdsourcing community mem-
bers. As an incentive, winners earn some form of reward from the seeker.
Community members compete among themselves individually or as teams. In
some instances, companies directly post their problems to open crowds without
going through platform providers [66].
Table 1 summarizes the literature on crowdsourcing. Previous studies have inves-

tigated the impact of contest and contestant characteristics on the outcomes of
crowdsourcing contests, including the quality of the output [10], the solver’s project
completion rate [65], the solver’s probability of winning the contest [46, 64], and the
number of solvers participating in a contest [65]. Empirical evidence indicates that
factors such as solver skill [1], solver effort [46], contest reward structure and
amount [1], the total number of solvers [1, 10], and the solvers’ skill distribution
[10] influence performance and the chances of winning. Furthermore, contest char-
acteristics, such as the reward, duration, and complexity of the project, influence
both the number of solvers who participate and the completion rates [65].
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To our knowledge, the crowdsourcing literature does not include any studies on
teams, even though the latter represents a common way to participate in crowdsour-
cing community contests. A rare exception is Mo et al. [46], who examined the
effect of social interactions in a crowdsourcing contest on a solver’s chance of
winning; however, they still focused on individual participants. Our work comple-
ments the literature in that we examined teams and the effect of resource allocation
within a virtual team on its performance.

IT and Virtual Team Performance

There is growing evidence that recent advances in IT dramatically change the nature
of work within organizations. It is no longer necessary for employees to work in the
same physical location. Digitally mediated collaboration techniques facilitate pool-
ing expertise within and/or beyond the organization by eliminating geographical
barriers [22]. Rapid developments in IT make it easier, faster, and more efficient to
distribute work across geographic boundaries [30]. As a result, virtual teams have
become popular among organizations. Johnson et al. [34, p. 29] noted that “we have
moved away from working with people who are in our visual proximity to working
with people around the globe.” Other studies have shown that using virtual team-
work to replace some co-located work can bring organizations several benefits,
including enhanced responsiveness and flexibility [50], reduction of relocation
time and cost [7], and better results through attracting the best individuals [43].
Despite these benefits, virtual teams also face substantial challenges due to

potential miscommunication, lack of trust, and attrition. Virtual teams may delay
or misinterpret communication due to geographic separation, which may exacerbate
conflict, decrease trust and cohesion [33], drive up costs, and reduce project quality
[14]. To mitigate such negative factors, virtual teams often involve more knowledge
sharing [19] and require a central coordinator or leader [49].
Virtual or co-located general organizational teams are noncompetitive or colla-

borative in nature. Ebrahim et al. [22, p. 2654] defined virtual teams as “groups of
geographically, organizationally, and/or time dispersed workers brought together by
information technologies to accomplish one or more organization tasks.” In addition
to these general virtual team characteristics, crowdsourcing teams are self-organized
and competitive in nature. Specifically, they use the Internet to form teams and
distribute their work.
In terms of studies, some have investigated the behavior of voluntarily organized

virtual teams in the context of open source development communities. The literature
has focused on the impact of team characteristics, such as prior collaboration ties
[27] and diversity [20], on the decision to join a team. In this study, we focus on the
impact of intellectual and social capital on team performance in virtual teams
participating in crowdsourcing contests. Unlike teams in open source projects,
they compete against one another. To the best of our knowledge, the effect of
allocation of team members’ intellectual and social capital on team performance
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has not yet been investigated in crowdsourcing communities. This study takes the
first step in doing so.

A Social Network Perspective of Teams

Scholars have applied social network theory to investigate team behavior in many
different contexts. Chen and Lim [13] developed a behavioral economics model
that assessed whether contestants are averse to being responsible for the team’s
loss. A team-based contest can yield better effort than an individual-based contest.
Singh and Tan [56] investigated network formation in open source software
(OSS) teams to characterize stable and efficient structures. Several inefficient
stable structures may exist, and an efficient stable structure may not always
exist. Magni et al. [41] studied the influence of team network structure influences
on an individual’s technology use and reported that internal closure has a
U-shaped effect. Balkundi and Harrison [4] conducted a meta-study to investigate
the causal effect of a network structure on team performance in a general setting.
They found that teams with densely configured interpersonal ties have higher task
performance, and teams with leaders who are central in the teams’ intragroup
networks and teams that are central in their intergroup network tend to perform
better. Sarker et al. [53] argued that a member’s centrality in trust and commu-
nication networks enhances his or her performance. Hahn et al. [27] applied the
social network perspective to study why and how past collaborative ties among
developers affect their choice of new projects in OSS.
Kane and Borgatti [36] made an important contribution to the literature by

integrating structural and resource perspectives on team networks. They showed
that within a health-care organization, a group always performs better when the more
proficient members are highly centralized in the communication and workflow
network. This article extends Kane and Borgatti’s [36] research on alignment
between skill and network positions to a competitive virtual team setting that
demands both innovative work and extensive communication within the team. We
find more extensive results and explain how the competitive intensity moderates the
relationship between the SI alignment and team performance.

Research Model

Team’s Intellectual Capital and Social Capital

Team members bring two types of capital to their teams: social capital and intellec-
tual capital. Intellectual capital refers to their task-related skills and knowledge
gained from experience, learning and education [37], whereas social capital refers
to the “advantage created by a person’s location in a structure of relationships” [12,
p. 5]. Following the literature, we operationalized these relations as ties that a team
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member has with other members within a team [58]. These two kinds of capital are
known to influence the collective’s actions and its effectiveness [37].
The literature on team performance identified a team’s intellectual capital or

skills as an essential ingredient to team effectiveness and performance. Specifically,
in software development teams, members with high intellectual capital play critical
roles in the success of information systems projects [26]. Studies conducted in the
context of open contests have shown that solvers’ intellectual capital is a signifi-
cant factor that determines their performance [1, 61] and their probability of
winning in crowdsourcing competitions [10, 46, 64]. Salas et al. [52] indicated
that effective utilization of members’ task-related expertise contributes to high
outcomes in expert teams.
Besides intellectual capital, prior research [2, 59] has also emphasized team

members’ social skills, that is, their ability to work in teams effectively. In particular,
researchers have addressed the impact of the structural position of members within a
network or social capital [9] on team performance. Sarker et al. [53] indicated that a
member’s centrality in trust and communication networks enhances member perfor-
mance. Cross and Cummings [17] found evidence that betweenness centrality in
information and awareness networks influences an individual’s performance in
knowledge-intensive work. Baldwin et al. [3] and Reagans and Zuckerman [51]
have shown that more ties increase team performance. Mehra et al. [45] indicated
that density of social network ties within a team enhance team performance.
Our context deals with predictive analytics tasks that are very intellectual in

nature. We based intellectual capital on a solver’s analytics skills and experience
in analytics projects and tools. Members with high intellectual capital provide the
necessary knowledge to solve the problems to which a seeker wants the solution in a
crowdsourcing contest. Next, we based social capital on past collaboration ties with
members within the team, as these ties indicate the likelihood that the team members
can work well with one another. The model with the overall social ties within the
entire community is tested later. Members with high social capital provide the
necessary coordination within the team to allocate work and facilitate communica-
tions and information sharing. Thus, we propose:

Hypothesis 1a (The Team Intellectual Capital Hypothesis): A team’s intellec-
tual capital positively influences team performance.

Hypothesis 1b (The Team Social Capital Hypothesis): A team’s social capital
positively influences team performance.

Leader’s and Expert’s Intellectual and Social Capital

As previously discussed, studies have shown that a team’s intellectual and social
capital positively influences team performance. This raises the question of whether
each is equally important for all the roles within a team. To further explore this
question we considered two extreme roles: leader and expert.
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Kanawattanachai and Yoo [35] indicated that awareness of the expertise location
influences team performance. More broadly, social connections allow team members
to better coordinate and match tasks with expertise within a team. This coordination
and matching task falls primarily on the team leader who serves as the center of
communication and coordination. The literature reports that social network ties of
team leaders have a significant and positive impact on team performance in offline
settings [4, 44]. We expect it to hold for online crowdsourcing teams as well.
Moreover, Mehra et al. [45] showed that a team leader’s centrality within a team’s
social network is positively related to team performance.
In this context, the team leader forms a team, serves as a point of contact to the

platform provider, and leads communication and coordination within the team. Thus,
the leader’s social capital proves valuable in forming a strong team in the first place.
Second, it is important to allocate tasks based on member expertise and effectively
manage team communication and coordination. Furthermore, our study looked at
very competitive and time-sensitive contests. Thus, members often have a limited
capacity to do multiple tasks. Even though both social capital and intellectual capital
are important for team performance, we argue that as the center of the communica-
tion, the leader’s social capital has more of an impact on team performance than his/
her intellectual capital.
On the other hand, experts or team members with high intellectual capital

provide the necessary technical knowledge to solve the task at hand. It is important
to have them allocate the limited time they have to solving technical aspects of the
problem. Hence, we argue that the intellectual capital of the team expert has a
higher impact on team performance than his or her social capital. Thus, we
propose:

Hypothesis 2a (The Leader Social Capital Hypothesis): A team leader’s social
capital matters more to team performance than intellectual capital.

Hypothesis 2b (The Expert Intellectual Capital Hypothesis): A team expert’s
intellectual capital matters more to team performance than social capital.

Social-Intellectual (SI) Alignment

The team intellectual capital and social capital may be more than simple average of
the individuals’ social and intellectual capital combined. Besides the team leader’s
social capital and the team expert’s intellectual capital, another important factor is
the alignment between the two types of capital within a team, which is measured by
the correlation coefficient of the two kinds of capital, ranging from negative to
positive alignment [36]. A positive alignment suggests that members with a high
level of knowledge or intellectual capital also have more network connections or
social capital in the virtual team, while a negative alignment indicates separation of
labor, such that members with high intellectual capital do not necessarily have high
social capital, and vice versa. Kane and Borgatti [36] noted that a positive alignment
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may facilitate learning transfer and exert peer influence in standalone teams, thereby
improving team performance.
We applied the theory of the division of labor from Adam Smith, who identified

several advantages of division of labor including reducing switching costs and
improving performance through familiarization and learning (Smith 1937). The
same principle has been applied to teams, regardless of their size, for example,
Häussler and Sauermann (2014), and Lin [39]. In our context, while both social
capital and intellectual capital are important to team performance, a member often
has a limited capability to perform well both socially and intellectually in a compe-
titive environment. The experts or members with high task-related skills bring neces-
sary technical knowledge required for developing efficient algorithms that help in
effectively analyzing and classifying large amounts of data. However, group commu-
nication and coordination can take a significant amount of time and distract members
with high intellectual capital from focusing on solving the problem. For the same
reason, members with high social capital can play a better role as facilitators of team
coordination and communication. They can use their social connections and knowl-
edge about members to recruit better individuals, allocate tasks based on member
expertise, effectively handle communication and coordination within the group as well
as between group and platform provider, and consolidate work in a timely manner.
Therefore, we argue that in a competitive environment, like crowdsourcing con-

tests, a division of labor that allows members with high intellectual capital to focus
on activities directly related to the task and members with high social capital to
handle coordination and communication among team members positively influences
team performance. The effect is likely to be intensified in a more competitive
environment. Thus, we propose:

Hypothesis 3 (The Team SI Alignment Hypothesis): Negative alignment
between social capital and intellectual capital (SI alignment) positively influ-
ences team performance in crowdsourcing contests.

Hypothesis 4 (The Competitive Intensity Hypothesis): Competitive intensity
moderates the relationship between SI alignment and team performance, such
that the influence of negative alignment becomes stronger as the competitive
intensity increases.

Figure 1 summarizes the research model. We have not included “The Leader
Social Capital (H2a) Hypothesis” and “The Expert Intellectual Capital (H2b)
Hypothesis” because these are individual-level measures.

Data Collection and Variable Definitions

Data Collection

We used web crawlers to obtain data from a specialized crowdsourcing community
platform that focuses on data analytics projects: Kaggle.com (see Figure 2). This

18 DISSANAYAKE, ZHANG, AND GU

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
C

al
if

or
ni

a,
 S

an
ta

 C
ru

z]
 a

t 0
0:

00
 1

0 
Fe

br
ua

ry
 2

01
6 



community consists of more than 100,000 data scientists from over 100 countries
and 200 universities. They are experts in various quantitative fields, such as com-
puter science, statistics, economics, math, and physics. Over the past few years,
Kaggle has served many companies, including General Electric, Allstate, Merck,
Ford, and Facebook, to improve sales forecasting, increase customer retention,
reduce operating costs, accelerate product development, and gather information
from social media.
Companies, government, and researchers provide data sets to Kaggle along with

their problems and the amount of reward they are willing to pay the winners. In our
data set, the reward amounts range from $100 to $100,000, with an average of
$16,050. Based on the requests, Kaggle sets up contests for the crowdsourcing
community. Each participant or participating team can submit multiple solutions
before the contest deadline. In our data set, contest durations range from 1 to 120
days, with an average of 74 days. Kaggle evaluates all submissions in real time using

Figure 1. Research Model

Competitions

Leaderboard

Figure 2. Screenshots of the Data Source: Kaggle.com
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a test data set and provides instant feedback, which includes information on the
prediction accuracy of their model and their relative positions (e.g., rank) in the
contest. The accuracy score and ranking represent unique and objective measures of
the project quality, which is unavailable in most other crowdsourcing initiatives or
team performance studies.
Teams that participate are self-selected teams. The team leader initiates the team’s

formation and is the only person who has authority to add new people to the team.
Also, the team leader is the primary contact for Kaggle. The team leader usually has
a higher number of prior connections with the team members.
For this study, we collected data on all of Kaggle’s public contests since the launch

of the community platform in April 2010 through July 2012. After eliminating
contests without monetary rewards, teams with a single member, and an outlier
with extremely high monetary reward, our final sample consists of 732 teams that
participated in 52 contests. Our data set suggests that the chance of winning as a
team is 4.8 times higher than as an individual after accounting for participation
ratios. The participants’ online profiles suggest that team members are geographi-
cally dispersed. Team members come from different countries or sometimes even
different continents, which demonstrates that IT supports virtual team collaborations.
The variables are described in Table 2 and explained in the following subsections.

Dependent and Independent Variables

Team Rank. We used team rank as a measure of team performance, the main
dependent variable. The former refers to the relative ordinal position of a team in

Table 2. Variable Definitions

Variable Definition

Contest
characteristics

Duration
Award

Duration of the contest
Monetary reward to which the winning

contestant(s) are entitled
Teams in each

contest
# of participating teams

Rank of each team

# of submissions

Team Size
Team Leader
Team Expert

Total number of teams/individuals
participating the contest

Real-time relative rank of each team in
a given contest

Number of submissions made to date
by each team in a given contest

Number of participants in a team
Leader of the team
Member with the highest profile score

Contestants
profile

Profile Score Individual’s profile score. This is a
cumulative score based on the
individual’s relative performance in
all the contests that he/she has
competed.

20 DISSANAYAKE, ZHANG, AND GU

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
C

al
if

or
ni

a,
 S

an
ta

 C
ru

z]
 a

t 0
0:

00
 1

0 
Fe

br
ua

ry
 2

01
6 



a given contest. Because Kaggle provides real-time performance evaluation of
solutions and ranks them based on their prediction accuracy, and a team may submit
multiple solutions, we used their final ranking as the team’s performance measure.
Our primary independent variables are intellectual capital (IC), social capital

(SC), and social-intellectual (SI) alignment. These team-level measures are based
on individual-level intellectual capital and social capital.
Individual’s Intellectual Capital. We used individual skill scores from a person’s

profile as a proxy for an individual’s intellectual capital. Kaggle uses a formula to
calculate each individual’s skill score based on their performance in prior competi-
tions. The maximum achievable score in a competition is derived from the total
number of participants and the content level of difficulty. According to Kaggle, “the
current formula for each competition splits the points among the team members,
decays the points for lower finishes, adjusts for the number of teams that entered the
competition, and linearly decays the points to 0 over a two-year period from the end
of the competition.” Kaggle updates each individual’s skill scores after each compe-
tition. The individual skill scores in our data set ranged from 0 to 563,500, with a
mean of 21,362.
Individual’s Social Capital. We operationalized social capital as ties that team

members have to other members within the team. Following Hahn et al. [27], these
ties are based on prior collaborations, that is, whether the members of a given team
had worked in the same team in prior contests. We used two types of commonly
used centrality measures based on ties to measure social capital: degree centrality
and eigenvector centrality. The degree centrality ranges from 0 to 22 and eigenvector
centrality ranges from 0 to 1.
Degree Centrality. In a network, degree centrality is defined as the number of ties

incident upon a node [8, 23]. In this section, we consider only the connections within
the internal network of a team in a given contest [27, 41]. In a later section, we
extended the social capital to the connections within the overall Kaggle network. We
defined an individual’s degree centrality as the number of prior ties he/she has had
with other team members prior to the formation of the current team. If two members of
a given team had collaborated in a virtual team in a previous contest, then they have a
tie. A high degree centrality indicates a member has a large number of social connec-
tions (familiarity) with other team members based on past collaborations. Using
subscripts i and j for team members, n for team size, t for contest, and tieijt ¼ 1 if
members i and j have been in a team in any contest prior to t and 0 otherwise, the
degree centrality of participant i in contest t is denoted as:

Degree Centralityit ¼
Xn

j¼�i
tieijt: (1)

To investigate whether a member with more ties is the center of communication
and coordination of the team’s network, we considered the leader role. Our data
showed that the team leader has a significantly higher degree of centrality than
the rest of the team members (see Table 3). Hence, team leaders are commonly
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the ones who have collaborated previously with most of the other group
members.
Eigenvector Centrality. We entered team internal social network data (adjacency

matrices) based on past collaborative ties into UCINet, which was used to calculate
an individual’s eigenvector centrality scores. Formally, eigenvector centrality is “the
principal eigenvector of the adjacency matrix defining the network” [7, p. 62]. It
assigns relative scores to all team members such that a member’s score is higher
when he or she is connected to someone with higher degree centrality. In other
words, the “node’s centrality is proportional to sum of centralities of its contacts”
[36, p. 1067].
For a social network with an adjacency matrix A ¼ av;t

� �
, where av;t ¼ 1if vertex v

is linked to vertex t, and av;t ¼ 0otherwise, the eigenvector centrality x is given by:

Ax ¼ λx: (2)

where λ is the eigenvalue associated with eigenvector x.
The additional requirement that all the entries in the eigenvector be positive

implies by the Perron–Frobenius theorem that only the greatest eigenvalue results
in the desired centrality measure. The vth component of the related eigenvector gives
the centrality score of the vertex v in the network.
Following the literature, we also accounted for average levels of intellectual capital

in the group [4]. As we mentioned earlier, Kaggle maintains a skill score for each
team member based on past performance. We calculated the team intellectual capital
(IC) by taking the average of profile scores of all the members. Similarly, team
social capital (SC) is calculated by taking the average of degree or eigenvector
centralities of all the members in a team.
Social-Intellectual (SI) Alignment. Following Kane and Borgatti [36], we defined

the social-intellectual (SI) alignment of a given team as the correlation coefficient
between the members’ intellectual capital (skill) and their social capital (centrality)
in the team social network. We used two types of centrality measures based on ties in
our calculation of SI alignment: degree centrality and eigenvector centrality. This
correlation measure has been used as an independent variable to measure perfor-
mance in different contexts [36].

Table 3. Paired T-Test for Leader’s and Others’ Social Capital

Mean Std. error Std. deviation 95% confidence interval

Leader’s SC .3078 .0413 1.1163 .2267 .3889
Others’ SC .2941 .0401 1.0839 .2154 .3728
diff .0137 .0066 .1783 .0008 .0266
mean(diff) = mean(Leader’s SC – Others’ SC) t = 2.0772
Ho: mean(diff) = 0 df = 730
Ha: mean(diff) < 0 Ha: mean(diff) != 0 Ha: mean(diff) > 0
Pr(T < t) = 0.9809 Pr(|T| > |t|) = 0.0381 Pr(T > t) = 0.0191
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Moderating and Control Variables

Competitive Intensity. We investigated the moderation impact of level competition
by using the Herfindahl Index (HHI) to measure the level of competition (compe-
titive intensity) in a contest. We adopted it from the marketing literature, where it has
been commonly used to measure market competition. A higher HHI indicates a
lower level of competitive intensity, and vice versa. In our context, HHI measures
teams’ intellectual capital in relation to the contest; we calculated it by taking the
sum of the squares of weighted intellectual capital for all teams in the contest. Using
subscript i for team and j for contest, the competitive intensity measure for contest j
was calculated with the equation:

Competition HHIj ¼
Pn

i¼1TeamIC
2
ijPn

i¼1TeamICij

� �2 ; (3)

where n is the total number of teams, including single-member teams, participating
in contest j.
To control for individual contest heterogeneity (e.g., contest rewards and duration),

we included contest-specific fixed effects in the model. Based on the literature on
crowdsourcing, we also controlled for team size and the number of submissions each
team made (see Table 1).
Submissions. This is the number of solutions a team submitted in a given

contest. Kaggle allows participants to submit multiple solutions throughout the
duration of the contest. Prior studies [46] have shown that the number of
submissions affects team performance. This figure ranges from 1 to 256, with
a mean of 23.
Team Size. This is the number of members. Previous studies [15, 25] indicated that

team size also affects team performance. It ranges from 2 to 40, with a mean of 2.9.
Table 4 presents the descriptive statistics of the variables. To remove the scale

effects, we took the natural log of all of the variables and added one. Table 5 reports
the correlation matrix of the log-transformed variables.

Table 4. Descriptive Statistics

Variable Mean Std. deviation Min. Max.

Team Rank 129.9590 166.7877 1 865
Team SC 0.2970 1.0866 0 22
Team IC 24,295.40 58,587.39 0 411,573
SI Alignment 0.0213 0.1560 –1 1
Submissions 22.9850 33.9122 1 256
Team Size 2.8538 2.2894 2 40
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Results

To address the measurement scale issue, we used rank-ordered logistic regression
[28, 42] to test our models and ran them on Stata 11.2. Since a low rank represents a
high performance order, we used the reverse preferential order option. We also
controlled for a contest’s specific characteristics (e.g., reward, duration) using con-
test-fixed effects. First, “The Intellectual Capital Hypothesis (H1a)” and “The Social
Capital Hypothesis (H1b)” are validated. Second, “The Leader Social Capital
Hypothesis (H2a)” and “The Expert Intellectual Capital Hypothesis (H2b)” are
tested. Last, “The SI Alignment Hypothesis (H3)” and “The Competitive Intensity
Hypothesis (H4)” are validated.

The Impact of a Team’s Social Capital and Intellectual Capital on
Team Performance

In the first-stage analysis, we investigated how a team’s social capital and intellec-
tual capital influenced team performance. When addressing group capabilities, the
common method is to use average or summed abilities of individual members [5].
Hence, we used team members’ average social and intellectual capital.

logitðTeamPerformanceijÞ ¼ α0 þ α1TeamICij þ α2TeamSCij

þ α3Submissionsij þ α4TeamSizeij þ δj þ εij (4)

where αk k ¼ 0 . . . 4ð Þ represents the coefficients of the variables, δj is the coefficient
for the contest fixed effect, subscript i is for the team, and subscript j is for the
contest.
Table 6 summarizes the results of the first-stage analysis. Models 1 and 2 test the

direct impact of the team’s intellectual capital and social capital on team perfor-
mance. Supporting Hypotheses 1a and 1b, both intellectual capital (α1 = 0.22, p <
0.01) and social capital (α2 = 0.27, p < 0.05) show positive and significant influence
on team performance in Models 1 and 2, respectively. Our results suggest that both
are important to good team performance, and thereby support “The Intellectual
Capital Hypothesis (H1a)” and “The Social Capital Hypothesis (H1b).”

Table 5. Correlation Matrix

1 2 3 4 5 6

1 Team Rank 1.0000
2 Team SC –0.1557 1.000
3 Team IC –0.1540 0.2617 1.0000
4 SI Alignment –0.0152 0.1723 0.0539 1.0000
5 Submissions –0.3529 0.0768 0.3960 0.0154 1.0000
6 Team Size –0.0255 0.1831 –0.0377 0.2154 0.1401 1.0000
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The Impact of a Team Leader’s SC and IC, and an Expert’s SC and IC
on Team Performance

The team leader is responsible for communication and coordination activities within
the team. Hence, we investigated how the leader’s social capital and intellectual
capital affect team performance in the context of crowdsourcing contests. As the
center of the communication, the leader must have good social skills and become
familiar with team members in order to communicate effectively and allocate tasks
and resources based on the skills and capabilities of the team members. We derived a
complete model (5) based on model (4):

logitðTeamPerformanceijÞ ¼ α0 þ α1LeaderICij þ α2LeaderSCijþ
α3Submissionsij þ α4TeamSizeij þ δj þ εij

; (5)

where αk k ¼ 0 . . . 4ð Þ represents the coefficients of the variables, δj is the coefficient
for the contest fixed effect, subscript i is for the team, and subscript j is for the
contest.
The results in Table 7, Model 1 show that the leader’s social capital (α2 = 0.29, p <

0.05) has a positive and significant influence on team performance, while the
leader’s intellectual capital does not. Hence, “The Leader Social Capital
Hypothesis (H2a)” is supported. One possible explanation is that the leader has a
significantly higher number of ties when compared to other members in the team.
Thus, the social capital brought by the leader helps in the formation of a better team
through recruiting individuals with the necessary skills, the delegation of tasks based
on member expertise, and the effective management of coordination.
Similarly, we investigated the effect of the expert’s social capital and intellectual

capital on team performance. As shown in Table 7, Model 2, an expert’s intellec-
tual capital has a positive and significant influence on team performance (α1= 0.19,
p < 0.01), while the expert’s social capital proves insignificant in terms of
performance. Hence, “The Expert Intellectual Capital Hypothesis (H2b)” is sup-
ported. Thus, the results suggest that although both kinds of capital are important

Table 6. Rank-ordered Logistic Regression Results (Team IC and SC)

Reversed Team Rank Model 1 Model 2

Team IC 0.2251***
Team SC 0.2709**
Submissions 0.8470*** 0.9471***
Team Size 0.2924* –0.0017
Log likelihood –1,314.02 –1,351.11
Sample size 732 732

***p < 0.01; **p < 0.05; *p < 0.1.
Note: All independent and control variables are in natural log form.

TASK DIVISION FOR TEAM SUCCESS IN CROWDSOURCING CONTESTS 25

D
ow

nl
oa

de
d 

by
 [

U
ni

ve
rs

ity
 o

f 
C

al
if

or
ni

a,
 S

an
ta

 C
ru

z]
 a

t 0
0:

00
 1

0 
Fe

br
ua

ry
 2

01
6 



on average, they vary in different roles. As the results indicate, social capital is
more important for leaders and intellectual capital is more important for experts.
However, our current empirical data limit our capability to deepen our under-
standing of how the actual collaboration happens in the team.
In Table 7, Model 3a, we included both the leader’s and the expert’s social

capital and intellectual capital, and assessed the impact on team performance. The
findings demonstrate that the expert’s intellectual capital has a significant positive
impact on team performance (α1= 0.19, p < 0.01), and the leader’s social capital
has a significant impact on team performance (α2 = 1.01, p < 0.05). Model 3b
retested the model after removing experts who are also team leaders and produced
consistent results.

The Impact of SI Alignment on Team Performance

logitðTeamPerformanceijÞ ¼ α0 þ α1SIij þ α2TeamICij þ α3TeamSCijþ
α4Submissionsij þ α5TeamSizeij þ δj þ εij

(6)

where αk k ¼ 0 . . . 5ð Þ represents the coefficients of the variables, δj is the coefficient
for the fixed effects, subscript i is for the team, and subscript j is for the contest.
Table 8 summarizes the results of the rank-ordered logistic regression of Equation

6. The effect of SI alignment based on degree centrality is given in Model 1, whereas
the effects based on eigenvector centrality is given in Model 2. The effect of SI
alignment is significant and negatively associated with team rank in both Model 1
(α1= –0.61, p < 0.05) and Model 2 (α1= –0.63, p < 0.05). Thus, “The SI Alignment
Hypothesis (H3)” is supported. Our results suggest that teams perform poorly when
high intellectual capital and high social capital were concentrated among a few
members.

Table 7. Rank-ordered Logistic Regression Results (Leader and Expert)

Reversed Team Rank
Model 1
Leader

Model 2
Expert Model 3a Model 3b

Leader IC 0.0072 –0.0041 0.0360
Leader SC 0.2929** 1.0114** 0.8237*
Expert IC 0.1910*** 0.1886*** 0.2947***
Expert SC –0.1000 –1.0601** –0.8901*
Submissions 0.9458*** 0.8592*** 0.8580*** 0.8321***
Team Size –0.0096 0.1491 0.1388 0.1960
Log likelihood –1,347.88 –1,318.71 –1,316.31 –961.52
Sample size 731 731 731 589

***p < 0.01; **p < 0.05; *p < 0.1.
Note: All independent and control variables are in natural log form. Model 3b did not consider those
teams whose leaders are experts.
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The Moderation Impact of Competitive Intensity on Team
Performance

We further investigated how competitive intensity affected the relationship between
SI alignment and team performance by considering the moderating effect of the
former on the latter.
Testing the model using different values of competition HHI, we noticed that

when competition HHI increases, the coefficient of SI alignment changes from
negative to positive. We sorted the data based on the HHI values and divided
them into two equal number groups. We considered the group with lower com-
petition HHI (i.e., higher competitiveness) as the base group. Then we introduced
a dummy variable to represent a higher competition HHI (i.e., lower competitive-
ness) group.

logitðTeamPerformanceijÞ ¼ α0 þ α1SIij þ α2TeamICij þ α3TeamSCij

þ α4SIij � CompetitionHHIj þ α5CompetitionHHIjþ
α6Submissionsij þ α7TeamSizeij þ δj þ εij 0

(7)

where αk k ¼ 0 . . . 7ð Þ represents the coefficients of the variables, δj is the coefficient
of the fixed effects, subscript i is for the team, and subscript j is for the contest.
The results are summarized in Table 9. The coefficient of SI alignment is negative

and significant (α1= –1.15, p < 0.01), which means negative alignment enhances
performance in highly competitive environments. Moreover, the interaction effect of
SI alignment and competition HHI is positive and significant as well (α4 = 1.18, p <
0.05). Thus, “The Competitive Intensity Hypothesis (H4)” is supported. The results
suggest that the negative impact of SI alignment on performance will become
weaker or may even become positive as the competitive intensity decreases.
Hence, the impact of SI alignment on performance is different for competitive and

Table 8. Rank-ordered Logistic Regression Results (Team SI Alignment)

Degree Centrality Eigenvector Centrality

Reversed Team Rank Model 1 Model 2

SI Alignment –0.6123** –0.6334**
Team SC –0.1048 –0.2148
Team IC 0.2363*** 0.2336***
Submissions 0.8495*** 0.8508***
Team Size 0.4038** 0.2979
Log likelihood –1,313.42 –1,313.58
Sample size 732 732

***p < 0.01; **p < 0.05; *p < 0.1.
Note: Independent and control variables are in natural log form.
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noncompetitive environments. Since we used a rank-ordered logistic regression
model grouped by contests option, we cannot estimate the coefficients for the
contest-specific variables. Thus, we do not report the direct impact of competitive
intensity in Table 9.

Robustness Tests

In addition to the above main results, we also conducted various supplementary
tests, including endogeneity tests of the social capital and intellectual capital with
performance, and alternative measures of social capital and intellectual capital. All
these checks consistently demonstrated that the results are robust.

Endogeneity Tests

It is possible that the member’s uncaptured individual characteristics play a role in
their intellectual capital, thereby making the latter an endogenous variable due to
omitted variables. Further, because we derived social capital based on past colla-
borations, and past performance can affect current and future collaborations, social
capital is an endogenous variable as well. Hence, we used the Hausman test to
determine whether both are, in fact, endogenous. Tables 10 and 11 report the
endogeneity test results for team intellectual capital and team social capital,
respectively.
To test whether team intellectual capital is endogenous, we used the adjacent

opponent team’s intellectual capital as an instrumental variable. The adjacent
opponent team’s intellectual capital has a significant and direct impact on the
potentially endogenous variable for team intellectual capital (α = 0.37, p < 0.01, t
= 12.2 > 3.3). Hence, the instrumental variable satisfies the relevant condition.
Then we ran the first-stage regression and estimated the residuals of Model 1 in

Table 9. Rank-ordered Logistic Regression Results (Competitive Intensity)

Reversed Team Rank Competitive Intensity

SI Alignment –1.1488***
SI * Competition HHI 1.1851**
Team IC 0.2282***
Team SC –0.0893
Submissions 0.8523***
Team Size 0.3722**
Log likelihood –1,311.56
Sample size 732

***p < 0.01; **p < 0.05; *p < 0.1.
Note: Independent and control variables are in natural log form.
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Table 10 (vhat), included Model 2, and found that the coefficient of vhat is
insignificant (p > 0.10). Therefore, in the absence of evidence to the contrary,
we assume that team intellectual capital is exogenous. Further, in Model 3 in
Table 10, we report the coefficients of two-stage least squares regression (2SLS)
using the opponent team’s intellectual capital as the instrumental variable for team
intellectual capital. In Model 3, 2SLS produces the same coefficient estimates as
the OLS coefficient estimates in Model 2, thereby confirming that we properly
performed regression testing for endogeneity. Since we have one instrumental
variable for team intellectual capital, the model is exactly identified. Thus, we

Table 10. Hausman Test for Endogeneity of Team IC

Model 1
OLS

Model 2
OLS

Model 3
2SLS

DV Team skill Team Rank Team Rank

Team IC –5.4928** –5.4928**
Opponent IC 0.3688***
Submissions 0.6878*** –53.1103*** –53.1103***
Team Size –1.0883 *** 17.6934 17.6934
vhat 2.722

***p < 0.01; **p < 0.05; *p < 0.1.
Notes: All independent and control variables are in natural log form. Opponent IC is the instru-
mental variable for team IC. The residuals obtained from Model 1 is vhat; vhat is insignificant in
Model 2. In the absence of evidence to the contrary we assume that team IC is exogenous. We also
control for contest-specific effects.

Table 11. Hausman Test for Endogeneity of SC

Model 1
OLS

Model 2
OLS

Model 3
2SLS

DV Ties Team Rank Team Rank

Team SC –124.2429** –124.2429**
Thanks Received 0.0674***
Submissions –0.0123 –59.6173*** –59.6173***
Team Size 0.2551*** 35.0403* 35.0403*
vhat 93.7572

***p < 0.01; **p < 0.05; *p < 0.1.
Notes: All independent and control variables are in natural log form. Number of thanks received is
the instrumental variable for ties. The residual values obtained from Model 1 are values of vhat;
vhat is insignificant in Model 2 though. In the absence of evidence to the contrary, we assume that
the variable ties are exogenous. We also control for contest-specific effects.
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cannot conduct an overidentification test to validate the exogeneity assumption of
the instrumental variable.
In Kaggle, each contest has a forum where solvers share information and knowl-

edge. Other solvers can appreciate the post by sending “thanks” to the contributor. In
this context, “thanks” is similar to “likes” in other online social media platforms. It is
an indication of social connections. Consequently, we used the total number of
thanks received as an instrumental variable for social capital to conduct the
Hausman test. Thanks received has a significant direct impact on potential endo-
genous variable ties (α = 0.07, p < 0.01, t = 5.6 > 3.3) and satisfies the relevant
condition. Following the same procedure as above, we took the residuals of Model 1
in Table 11 (vhat), included Model 2, and found that the coefficient of vhat is
insignificant (p > 0.1). This means we did not find evidence indicating a violation of
an OLS assumption by assuming social capital is exogenous. Model 3 also reports
the 2SLS results with thanks received as an instrumental variable for team social
capital. As we have only one instrumental variable for team social capital, the model
is exactly identified once again. Thus, once again, we cannot conduct an over-
identification test to check the efficiency of the instrumental variable.
We also plotted the fully connected teams over time to check whether the majority

of teams connected to the same people or team composition remains sticky across
contests. As shown in Figure 3, this does not seem to be an issue based on our
current set of data.

Alternative Measures of Individual Intellectual Capital

As Kaggle’s formula for intellectual capital is based on a contestant’s prior perfor-
mance, the measure may underestimate the intellectual capital of new contestants.
Thus, we developed an alternative measure to allow for a robustness check. Based
on a regression model with relatively mature solvers, and assuming that their profile
scores truthfully reflect their intellectual capital, we first estimated individual intel-
lectual capital as an expression of their profile, for example, experiences or number
of projects completed, average ranking in past projects, tools, and the average of an
adjacent opponent’s intellectual capital, with:
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Figure 3. Plot of Team Composition over Time
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ICi ¼ α0 þ α1#Contestsi þ α2AvgRanki þ α3#Toolsi
þ α4AvgOpponentScorei: (10)

Then we retested our main model. The results are shown in Table 12. As expected,
SI alignment has a negative and significant impact (α = –1.57, p < 0.01) on team
rank, whereas the interaction effect between SI alignment and competitive intensity
has a positive and significant impact (α = 2.16, p < 0.01) on team rank. Table 13
summarizes the results for teams with more than two members. The coefficient of SI
alignment is negative and significant (α = –1.63, p < 0.01) and the coefficient of the
interaction effect of SI alignment and competition HHI is positive and significant (α

Table 12. Rank-ordered Logistic Regression Results (Alternative Measure of IC)

Degree Centrality

Reversed Team Rank Model 1

SI Alignment –1.5670***
SI * Competition HHI 2.1613***
Team SC –0.0821
Team IC 0.2057***
Submissions 0.9031***
Team Size 0.1522
Log likelihood –1,296.64
Sample size 732

***p < 0.01; **p < 0.05; *p < 0.1.
Note: All independent and control variables are in natural log form.

Table 13. Rank-ordered Logistic Regression Results (Alternative Measure of IC,
Team Size>2)

Degree Centrality

Reversed Team Rank Model 1

SI Alignment –1.6283***
SI * Competition HHI 1.8889***
Team SC 0.0266
Team IC 0.2268***
Submissions 0.8606***
Team Size 0.4761
Log likelihood –306.75
Sample size 258

***p < 0.01; **p < 0.05; *p < 0.1.
Note: All independent and control variables are in natural log form.
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= 1.89, p < 0.01), which indicates that the results are robust when the team size is
greater than 2.

Alternative Measures of Individual Social Capital

As an alternative measure of individual social capital, we used weighted ties. We
weighted them based on the number of times team members collaborated in previous
contests. We reestimated the degree centrality and eigenvector centrality using these
weighted ties. Table 14 summarizes the results of the rank-ordered logistics regres-
sion. Models 1 and 2 show the effect of SI alignment based on degree centrality and
eigenvector centrality, respectively. The effect of SI alignment is significant and
negatively associated with team rank in both Model 1 (α = –0.90, p < 0.01) and
Model 2 (α = –0.92, p < 0.01), whereas the interaction effect of SI alignment and
competition HHI is positively associated with team rank in both Model 1 (α = 0.91,
p < 0.10) and Model 2 (α = 0.93, p < 0.10). The findings emphasize consistency
when using an alternative measure of individual social capital.
Moreover, we investigated how the overall social capital (i.e., the collaboration

ties of team members within the entire Kaggle platform) affects team performance.
As shown in Table 15, results suggest that overall social capital positively influences
team performance. However, the SI alignment based on the overall social capital of
team members is not significantly related to team performance. This shows that
internal social capital contributes more to communication and interactions within a
team than overall social capital. Further, the interaction effect of competitive inten-
sity and SI alignment based on overall social capital is not significant, either.
In addition to the aforementioned robustness tests, we tested the model with yearly

and quarterly dummy variables separately to control for time effects and did not find
evidence of the latter.

Table 14. Rank-ordered Logistic Regression Results (Weighted Ties)

Degree Centrality Eigenvector Centrality

Reversed Team Rank Model 1 Model 2

SI Alignment –0.8969*** –0.9162***
SI * Competition HHI 0.9140* 0.9347*
Team SC 0.0215 0.0353
Team IC 0.2231*** 0.2181***
Submissions 0.8514*** 0.8546***
Team Size 0.3546** 0.3256**
Log likelihood –1,312.27 –1,311.93
Sample size 732 732

***p < 0.01; **p < 0.05; *p < 0.1.
Note: All independent and control variables are in natural log form.
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Conclusion

Key Findings

Given the rapid development of crowdsourcing technologies and practices, more
data and evidence have become available to support closer scrutiny of design and
managerial issues in crowdsourcing. This study takes an important step forward by
examining how the stock of team members’ social capital and intellectual capital
affects team performance in crowdsourcing contests. We have some interesting and
unique findings.
We started by examining how teams benefit from the intellectual capital and

the social capital of members, and showed that teams benefit if their members
have higher task-related skills or more connection ties with the other members.
In addition, we studied how the relationships involving social capital and

intellectual capital with team performance differ with the roles of the members.
The team leader and team expert are the extreme roles in the team with the
greatest social capital and intellectual capital, respectively. On the one hand, we
found that the team leader’s social capital has more impact on team performance
than the leader’s intellectual capital, suggesting that a team performs better when
coordination and communication roles are centralized to the member with the best
connections with the other team members. On the other hand, our results indicate
that experts’ intellectual capital has a higher impact on team performance than
does their social capital. In fact, their social capital has a weak, and even
negative, impact on performance. This supports our argument that teams generally
perform better when the experts are not centralized in the network in crowdsour-
cing contests.
To get a full picture of the research question, we extended the study to consider the

roles in the entire team, that is, the alignment between intellectual capital and social

Table 15. Rank-ordered Logistic Regression Results (Overall SC)

Degree Centrality

Reversed Team Rank Model 1

SI Alignment –0.0852
SI * Competition HHI –0.2901
Team SC 0.3523*
Team IC 0.2306***
Submissions 0.8377***
Team Size –0.1264
Log likelihood –1,313.17
Sample size 732

***p < 0.01; **p < 0.05; *p < 0.1.
Note: All independent and control variables are in natural log form.
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capital. We found that, after controlling for average levels of intellectual capital and
social capital in the team, SI alignment has a negative effect on team performance.
This implies that when everything else is the same, a team will perform better if the
members who are more intellectually capable are not centralized in the network
structure. Furthermore, our results also show that competition in these open contest
environments drives the negative impact of SI alignment on performance. When
competitive intensity is high, teams in which members with high intellectual capital
focus on the main task fare better.
Our results are robust to various endogeneity tests, alternative measures, and

alternative models. We used the closest-ranked neighbor’s intellectual capital and
the “thanks received” as instrument variables of team intellectual capital and social
capital, respectively, and conducted endogeneity tests. The Hausman test failed to
reject the exogeneity assumption of the variables.
We also addressed another concern about a team’s choosing a difficult contest and

losing the opportunity to achieve better performance in an easier contest, leading to
an endogenous influence on the skill scores that are used to calculate the intellectual
capital. First, the formula for calculating intellectual capital (skill-score) used by
Kaggle.com has accounted for the total number of participating teams in the contest
besides team ranking and experiences. Basically, a team performing well in a more
complex and competitive contest will earn more skill points than if achieving a
similar rank in a less competitive and complex contest. Thus that should have
partially addressed this concern.
Second, we further and more formally investigated the impact of selected project

complexity on our hypotheses by retesting the model in two ways: (1) with teams
that have only selected more complicated (high award) contests, and (2) with teams
stratified into groups of high and low past reward levels (a proxy for the complexity
of the contest) with matched IC. All our main hypotheses were still supported,
demonstrating that our conclusion is robust to a team’s past contest selection.
To contrast the internal social capital concept that we used with the overall social

capital beyond the team, we also tested the main model with overall social capital as
a replacement. The results suggest that overall social capital was positively related to
team performance because it increases the team’s likelihood of choosing better
members through broader global social ties. However, the alignment of overall
social capital and intellectual capital did not significantly affect team performance,
implying that overall social capital does not play a direct role in team coordination,
as internal social capital does.

Theoretical Implications

The literature in management has a long stream of studies on teamwork. However,
due to limitations in data collection and the measurement of performance, there is a
lack of research on the allocation of intellectual and social capital among members,
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within a self-organized virtual team on team performance in the competitive setting.
This research fills the gap by making the following theoretical contributions.
First of all, our study leveraged unique data from a leading predictive analytics

crowdsourcing platform, Kaggle, that provides objective performance evaluation on
every participating team in a contest. This rich data set allowed us to control for
contest heterogeneity, and to use within-contest performance variations to assess the
relationship between team social network structure and performance.
Second, as far as we know, this is the first study that focuses on team structures in

crowdsourcing. These teams are of a special type that is self-organized and coordi-
nated by individual members, who may come from geographically dispersed loca-
tions, without centralized controls. Thus, social skills in sharing and communicating
information, as well as coordinating the entire team, become indispensable capital
for such teams, in addition to task-related problem solving skills. These types of
teams differ from the virtual teams inside a firm, and have not been extensively
studied in the literature.
Third, we contribute to the growing literature on online communities by investi-

gating team performance in a specific type of online community: the crowdsourcing
community. Unlike the online communities in the prior literature that were colla-
borative in nature, crowdsourcing communities are competitive among teams. We
showed that the relationship of SI alignment with performance varies with compe-
titive intensity.
Last, we complement the research on online social networks by extending the

concept of SI alignment to a competitive environment. Our results indicated that SI
alignment significantly and negatively affects team performance in crowdsourcing
contests. The highly competitive nature of crowdsourcing contests, in which hun-
dreds of teams compete for the win, plays a role in the aforementioned effect. The
competitive external environment made the division of the central network positions
from high intellectual members critical in our setting. The results also suggested that
in environments with low competitive intensity, the effect of SI alignment could be
low or even opposite. Hence, our findings are consistent with the findings in the
literature related to noncompetitive environments.

Managerial Implications

Understanding our results concerning how the alignment of intellectual capital and
social capital affects team performance, and how competition moderates this rela-
tionship, promises benefits for practitioners. The main insights offered by our study
relate to dividing tasks and allocating roles within the team for better performance.
This principle can be generalized beyond online crowdsourcing to any team manage-
ment and community design settings. Given the average level of skills of the
members, our results suggest that the ideal would be for each member to have his
or her own strength in different dimensions of the skill sets that happen to be
required by a certain task. In such a case, a team’s resources should be allocated
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to match the tasks with the skill strengths of team members in mind. As a result,
every team member should be assigned a task that he or she is most proficient at, so
everyone can contribute to the team project or goal of the community.
Our findings offer guidelines to participants in crowdsourcing contests as well as to

contest organizers to improve the performance of virtual teams. As the results suggest,
negative alignment of intellectual capital and social capital is beneficial in a crowdsour-
cing contest setting. Hence, digital platform providers can encourage this by offering
advice to participants, making interface design changes, and directly managing team
formation, rather than leaving it to the contestants to form their own teams.
Since we have found that competition affects performance in crowdsourcing

communities, a similar approach can be adapted to organizational teams where
applicable.

Limitations and Future Research

This research has a number of limitations that can lead to future research. First, our
study is based on data from a data-mining crowdsourcing community website. It will
be useful to generalize our study to other types of crowdsourcing communities, as
well as to general team competition scenarios. Second, our data include only
information that is publicly available on the website, which limits our ability to
capture the actual interactions among members within a team. In our leader and
expert models, we saw that the impacts of a leader’s intellectual capital and an
expert’s social capital were insignificant, though we expected them to be significant
to a lesser degree. Thus, we encourage further investigation on how collaboration
actually happens within a team. Additional methods, such as follow-up surveys, may
result in richer data in future studies. Third, it will be useful to measure the
complexity of the crowdsourcing tasks and the level of difficulty in coordinating
members within a team. These elements need to be considered in the model because
the aforementioned factors may moderate the need for the division of labor. Finally,
it will be interesting to investigate how team performance changes over time.
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