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Workers in crowdsourcing are evolving from one-off, independent micro-workers to on-demand collaborators
with a long-term orientation. They were expected to collaborate as transient teams to solve more complex, non-
trivial tasks. However, collaboration as a team may not be as prevalent as possible, given the lack of support for
synchronous collaboration and the "competition, collaboration but transient" nature of crowdsourcing. Aiming
at unfolding how individuals collaborate as a transient team and how such teamwork can affect an individual’s
long-term success, this study investigates the individuals’ collaborations on Kaggle, a crowdsourcing contest
platform for data analysis. The analysis reveals a growing trend of collaborating as a transient team, which is
influenced by contest designs like complexity and reward. However, compared with working independently,
the surplus of teamwork in a contest varies over time. Furthermore, the teamwork experience is beneficial
for individuals in the short term and long term. Our study distinguishes the team-related intellectual capital
and solo-related intellectual capital, and finds a path dependency effect for the individual to work solely or
collectively. These findings allow us to contribute insights into the collaborative strategies for crowd workers,
contest designers, and platform operators like Kaggle.

CCS Concepts: « Human-centered computing — Empirical studies in HCI; Empirical studies in
collaborative and social computing.

Additional Key Words and Phrases: Crowdsourcing; Team Worker; Solo Endeavor; Long-Term Aspect; Transient
Team; Kaggle; Crowdsourcing Contests

ACM Reference Format:

Keman Huang, Jilei Zhou, and Shao Chen. 2022. Being a Solo Endeavor or Team Worker in Crowdsourcing
Contests? It is a Long-term Decision You Need to Make. Proc. ACM Hum.-Comput. Interact. 6, CSCW2,
Article 494 (November 2022), 32 pages. https://doi.org/10.1145/3555595

1 INTRODUCTION

Crowdsourcing! has been rapidly growing over the past decade, which has reformed how work
is conducted and delivered for individuals and organizations [46, 59, 85, 98, 109]. Organizations
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choose crowdsourcing to reach external knowledge and skills for brand visibility, solution diversity,
and cost reductions [34, 122]. Millions of crowd workers increasingly turn to online crowdsourcing
platforms to access work [12], demonstrated by an average of 20% growth every year [21, 58].

Recently, the crowd workers are shifting from one-off, independent micro-workers to on-demand,
skilled collaborators with a long-term orientation [27, 41, 43, 46, 85, 109, 125]. Some studies have
investigated the motivations [10, 73], sustained participation [7, 13, 89], skill development [3, 46, 47,
100] and career trajectories[12, 96] of these professional crowd workers. Unlike the micro-workers
who focus on short-term, small-sized works with low requirements on specialized skills [62], these
skilled workers often need to engage in longer and more complex projects requiring collaboration
synchronously with others [74].

However, the current model of crowdsourcing platforms is insufficient to support the collab-
orations among workers [62]. Crowd workers typically complete their tasks independently by
design: Their jobs are allocated by algorithms and controlled by organizations, and the in-app
communication among crowd workers are not encouraged by the platforms [52, 110]. This presents
significant obstacles to workers’ collective organizing [110] and constrains their creativity and
autonomy [84]. The subsequent isolation further limit the experience sharing, undermines the
social support[21, 99], and amplifies race and gender biases [4, 31, 40, 123].

As the socialization problem and lack of interaction in collaborative platforms became evi-
dent, the CSCW community started discussing how team formation[41], coordination[93], and
collaboration[87] could support teams successful in collaborative platforms. Some crowdsourcing
platforms [5, 49, 53, 116] structure tasks as contest where people can form transient teams to develop
solutions and compete for the provided rewards. New crowdsourcing techniques have been imple-
mented to nurture and support constructive social dynamics [95, 106, 112]. Some studies focus on
examining the factors that can influence teams performance, including contest-specific factors (e.g.,
reward structure [5], project duration and complexity [120]), individual-specific factors (e.g., individ-
ual roles and strategy [24, 55]), team-specific factors (e.g., team diversity [9, 69, 88, 89, 92, 105, 115]
and team capability [19, 35, 44, 61]), and environment features (e.g., communication mechanisms
[53, 77, 102] and geographical distance [107].)

However, collaboration as a team in crowdsourcing contests may not be as prevalent as expected
[49, 53, 124]. First, recent studies [1, 8, 71, 80] in collective intelligent show that social influence
can increase the individual similarity which compromise the independence assumption to achieve
the "wisdom of crowds" [101], resulting into conflicting observations regarding the benefit of social
interactions [8, 11, 54, 64, 71, 77, 80, 81, 117]. In another word, working as a team should not be a
straightforward strategy. Second, while teams can leverage the different skills and perspectives of
their members, they need to overcome challenges in coordination which are much more significant
in crowdsourcing contests [38, 45, 55, 65, 118]. As crowdsourcing teams are much shorter-lived
encounters with higher coordination costs, working as a team is not necessarily a better option
than being a solo endeavor [17, 49]. Sometimes even high-performing teams can be miserable
[18]. Researchers find that collaboration happens at a shallow level on the platform, and only
few individuals choose to collaborate [70, 83, 102, 124]. Third, most studies on team performance
assume that the transient teams have been formed, so few studies start to investigate different
team formation strategy and its impacts on the team formation process and its performance
[42,60,72,93, 94,106, 111]. Additionally, the transient teams are usually formed for a specific contest,
while the sustained participation of individuals is critical for the success of the crowdsourcing
platform [18, 86, 89]. Individuals are incentivized by the long-term success in the platform, which
needs the balance between the competitive outcomes and cooperative behaviors [33, 104]. While
existing studies focus on the immediate outcome of the transient team, the effect of the teamwork
experiences on an individual’s long term performance, however, are largely lacking.
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Therefore, while the working style in crowdsourcing shifts from one-off, independently working
to long-term, synchronous team collaboration, collaboration as a team in crowdsourcing contests
is not intuitive. As less is known about what motivates crowd workers to collaborate with each
other as a team and whether working in a transient team can be helpful for individuals’ long-term
success, this study aims to answer the following four exploratory research questions:

e RQ1: Does working as a team is becoming a trend in crowdsourcing contests?

e RQ2:Is working as a team always a good choice? If not, under what conditions is?

e RQ3: How do the cumulative teamwork experiences affect individuals’ short-term and long-
term performance?

e RQ4: What factors motive participants to work as a team?

We conducted an empirical study with Kaggle—one of the prominent, and the de facto blueprint,
crowdsourcing contest platform for non-trivial data analysis and predictive modeling. On Kaggle,
each user can participate alone or team up with other members (who can be stranger) to join a
contest. The team is transient, and for each contest, individuals need to reform a new team even
if they have the same team members. This provides us an ideal environment to investigate how
individuals decide to work independently or collaboratively.

Our results reveal several key signals of working as a transient team:

e There is a growth in the average proportion of working as a transient team. Moreover, both
complexity-related and incentive-related designs of contests play an essential role in affecting
the proportion of working as a transient team. As contests become more complex (i.e., shorter
contest time, larger data size, and without kernel system), there would be more teamwork
while the increasing contests extrinsic incentives (i.e., size of the reward) would reduce the
teamwork.

e From a static perspective, working as a transient team is correlated with better performances
in terms of medals and submissions but worse performances in terms of points. Additionally,
from a dynamic perspective, while the average amount of submissions increases, the benefits
of the average amount of medals for teamworks decrease over time.
We further find that teamwork experiences are associated with both better individual short-
term performance (i.e., the points and medals individuals’ gained in a contest) and long-term
performance (i.e., the cumulative number of points and medals over many contests).
Analysis from a micro point of view reveals several exciting patterns on how participants’
intellectual capital and structural position within collaboration networks affect teamwork
choice. We distinguish the team-related intellectual capital and solo-related intellectual capital.
The empirical evidences reveal a positive association between the level of teamwork-related
intellectual capital and the likelihood of the participant deciding to work as a team. On the
contrary, there is a negative association between the level of solo-related intellectual capital
and the participant’s likelihood of working as a team. The influence of intellectual capital
becomes stronger as the intensity of past collaboration ties increase. This reveals a path
dependence effect when crowd workers decide to work collaboratively or solely.

These findings have direct implications for multiple stakeholders within crowdsourcing contests:

e We provide crowd workers with actionable insights that can help them to improve their
short-term and long-term performance.

e We provide contest organizers who want to incentivize collaboration with several cues.
Contest organizers can take steps to design the complexity and incentives of the contest to
promote collaboration.

e We uncover several cues that platforms may look for, including remedying the penalty on
teamwork like Kaggle’s exiting point system, encouraging participants and contest organizers
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to access a kernel system like Kaggle Kernels, as well as empowering the team collaboration
capability for such kernel systems. Importantly, platforms should be aware of the path
dependence effect for working collaboratively or solely. To break such an effect, improving
the teamwork experiences, especially for those solo endeavors, could be beneficial.

The rest of the paper is structured as follows. Section 2 reviews the related work on evolution
trends of crowdsourcing and the transient team collaboration. Section 3 details the design of our
studies. Section 4 describes the Kaggle platform and data as the empirical context for this study.
Section 5 reports our result. Section 6 summarizes this study with an in-depth discussion about the
implementations and the limitations.

2 RELATED WORK

As shown in Figure 1, to identify the research gap and the position of this study, we first review
the studies focusing on evolution trends for the crowdsourcing platform, including the long-term
development and synchronous collaboration. Then, we summarize the works related to the transient
team collaboration, including team performance and team formation strategy.

Team Worker . . .
: . : _RQ1. Does working as a team is becoming a
i Traditional Transient | trend in crowdsourcing contests?
Team Team
. ‘ RQ2. Is working as a team always a good
How does choice? If not, under what conditions is?
collaboration as __J] .
a transient team RQ3..How do the wmu}atwe teamwork
unfold? experiences affect individuals' short-term and
”””””””””””””””””””””””” long-term performance?
Microworker Freelanceri RQ4. What factors motive participants to

—work as a team?
Solo Endeavor

Fig. 1. The Research Gap: From Solo Endeavor To Team Worker?

2.1 The long-term orientation of crowdsourcing

Crowdsourcing was considered a one-off undertaking in the early days, where microtask was the
primary form of work exchanged on platforms like Amazon’s Mechanical Turk [46]. With the
increasing involvement of highly skilled crowd workers in the crowdsourcing platform, recent
studies have highlighted the longer-term orientation for these crowd workers working on more
professional tasks [12, 27, 85].

Compared with microworkers who work on temporal microtask, professional crowd workers
are more self-regulated and learning-oriented [73]. They are motivated by learning new skills
incrementally to obtain better performance in the future [12, 108]. Developing a skill related to a
worker’s existing skill set correlates with better performance of the new skill [46]. Hence, like they
did offline, online workers can structure their career, forming some pretty stable career paths that
may enable linear career progression [96]. A recent study shows that crowd workers in Nigeria
transition and transform crowd work into long-term employment [27] and there is an organizational
trend for the vulnerabilities hunters [47].

The sustained participation and long-term success, which a crowd worker returns for additional
works or competitions, has attracted significant attention. Fang et al. [29] reveal that situated
learning and identity construction are associated with sustained participation. The positive feedback
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can increase the workers’ perceived pride and respect, encouraging them to return for other
competitions [14]. The number of comments and the size of the peers’ groups can indicate whether
the new contributors can become long-term contributors [127].

However, the performance of long-term and sustained participation in crowdsourcing varies.
For example, workers with diverse skills earn higher wages than those with more specialized skills
[3]. While the social capital can be beneficial for the long-term engagement, women can be at a
disadvantage in teams lacking diversity in expertise [89]. Workers indeed expand the range of skills
that they provide overtime and who expand into a new skill that is highly related to their existing
skills complete such expansion faster and also perform better on the new skill [46], the marginal
utility for them to develop new skills also diminishes [47] and the number of existing skills can
negatively influence the performance of new skills [46]. The serial ideators will contributes solutions
similar to their previous successful ideas, resulting into a negative effects from the past successes
[7]. Other studies show that individuals who performance well in the previous competition can be
more likely to participate again and gain better performance in the subsequent contests [44].

This stream of research confirms the shift from a one-off perception of crowdsourcing to long-
term orientation. However the impact of such evolution is still inconclusive. More research is
needed to advance our knowledge of how these long-term-oriented professional crowd workers
act, collaborate, grow and become successful in the crowdsourcing platform.

2.2 From isolation to synchronous collaboration

With the shifting to long-term participation, highly skilled crowd workers need to collaborate to
solve more complex tasks synchronously. However, the current model of crowdsourcing platform
is insufficient to support such a synchronous collaboration [62]. Crowd workers typically complete
their tasks independently by design as their jobs are allocated by algorithms and the in-app
communication among them are not encouraged by the platforms [52, 110]. For the microtasks,
workers can complete them independently and rarely collaborate. However, many tasks worth
completing require cooperation between the crowd workers with their clients and among each
other. Recent investigations on the existing crowd-writing systems [30] reveal that writing with the
crowd requires significant system design attention, like the monitoring process, to the worker as a
person and how workers engage with each other and the writing tasks collectively. This reaffirms
the importance of considering workers holistically when developing crowd-powered systems for
complex domains and highlights the advantaged understanding of the collaborative actions among
crowd workers [50, 78].

Additionally, the lack of effective collaborations among workers, presents significant obstacles
to workers’ collective organizing [110], constrains their creativity and autonomy [84], limits the
experience sharing and perceived social support [21, 56, 99], and amplifies race and gender biases
[4,31, 40, 123]. Workers find it difficult to understand how their activities fit within a broader picture
and relate to other workers [110]. The lack of meaningful social and collegial relationships in the
workplace also prevents workers from providing the necessary emotional support [56]. While online
communities such as social media groups have presented the potential to facilitate information
exchange, emotional support, group social identities forming, coordination, and collective action
among crowd workers [51, 68, 99, 113], factors such as difficulties in assessing other workers’
sentiments and activities, the competitive nature of crowd work, the diversity among workers, and
their portrayal as independent contractors prevent that from happening [121].

This stream of research reveals an urgent requirement to investigate the synchronous collab-
orations among crowd workers. Our knowledge of motivating and supporting the synchronous
collaboration among crowd workers are still limited.

Proc. ACM Hum.-Comput. Interact., Vol. 6, No. CSCW2, Article 494. Publication date: November 2022.



494:6 Keman Huang, Jilei Zhou, & Shao Chen

2.3 Performance for collaboration as teams

Researchers are increasingly investigating team performance within a crowdsourcing contest,
where ad-hoc teams are formed by strangers for short-lived purposes, to provide solutions and
competitive for the provided rewards [55]. Crowdsourcing contests have become an important
area that organizations rely on to receive high-quality ideas and solutions from the crowd [23, 35].
Therefore, many studies have been developed to describe the factors that can affect the outcomes
after teams have been formed, including:

(1) Task/contest-specific factors such as reward, task type, task complexity and contest duration
[5, 17, 36, 120]. For example, Yang et al [120] found that contests obtained more submissions when
they had a longer duration and were less complex. When contests had higher monetary rewards,
more people entered the contest but fewer submitted final work. Martinez [36] shows that the
contest complexity and autonomy;, task variety, and knowledge characteristics can affect the quality
and number of submissions.

(2) Individual-specific factors such as individuals’ intrinsic motivation, strategy, experience and
roles [2, 24, 32, 55, 66, 76, 88]. Dissanayake [24] investigated the allocation of members’ social and
intellectual capital within a virtual team, showing that a member’s social and intellectual capital
on team performance varies depending on his or her roles. Jiang et al. [55] reveals that individuals’
different working styles and preferences can contribute to teamwork differently, especially in
challenging and competitive environments.

(3) Team-specific factors such as team diversity in terms of team structures[82, 92, 115, 128],
gender [89, 105] and demographic [9], team capability including social capital [24, 35, 44] and
collective intelligence [19, 61], and team culture such as collaboration atmosphere [18, 53, 60, 94].
For example, teams on Kaggle composed of skilled members and with leaders socially connected
to the community did better than others [24]. The number of social ties a crowd member has
is positively related to the number of votes an idea receives[44]. The dynamic adaption of team
structure based on observable feedback can result into a better performance[128]. Team’s discussion-
forum performance and solution-sharing performance also have significant effect on its competition
performance[53]. The active engagement with others’ ideas is a crucial signal of a viable team [18].

(4) Environment-specific factors such as the online environment, competition intensity, collabora-
tion and communication channel [16, 24, 77, 102]. For example, Boudreau and Lakhani [16] showed
that the crowd in the open design condition, where all submitted code made publicly available dur-
ing the contest, can produced better-performing code but fewer people participated. Additionally,
the intensity of the contest moderates individual’s influence on the final performance [24]. Tausczik
et al. [102] investigated the community-level sharing of codes on Kaggle, showing that sharing
code improved individual, but not collective performance. Based on a series of 256 Web-based
experiments, in which groups of 16 individuals collectively solved a complex problem and shared
information through different communication networks, Mason and Watts [77] emphasized the
importance of effectively spreading the solutions throughout the communication network.

While this stream of research provides fruitful insights on what makes teams successful, they
place more emphasis on describing what happens after teams were formed and build on the
assumption that collaboration as a team is beneficial. However, the competitive nature of the
contests [53, 124] and members in transient teams are short-lived encounters [55], may reduce
the frequency of substantive, valuable collaboration [118]. The study [17] on an online German
design contest identified two distinct sets of users where one collaborates for curiosity, and others’
recognize good work done by others, helping others, and learning from others, while the other
does not as these users have a more precise goal and focus on their own idea. Hutter et al. [49] also
reveals that a variety of collaboration strategies within contests where some exclusively competitive,
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some exclusively cooperative, and some a combination of the two. The study on the Stack Overflow
and a discussion mailing list for R community reveals that Stack Overflow is less collaborative
than mailing lists because of its competitive nature [124]. Additionally, researchers find that while
collaboration may improve performance, it happens at a low level[70, 83].

Hence, collaboration as a team in the crowdsourcing contest may not be an intuitive strategy
as expected. The observation of relative low-level collaboration in real crowdsourcing contests
[17, 70, 83], and the mix outcome of social interactions within team collaboration [8, 11, 54, 64,
71, 77, 80, 81, 117], both suggest more empirical studies to advance our understanding of how
collaboration as a team can happen and what can encourage teamwork.

2.4 Team formation strategy and its dynamic

While most studies on team performance assume that teams have been assembled, some recent
studies [37, 41] start to investigate the team-assembly strategy. Team dating, where people interact
on brief tasks before working together for longer, more complex tasks, was considered an effective
strategy to improve the team performance [72]. Wen et al. [111] demonstrates the advantages of
participants discussions in preparation for the collaboration task. Gustavo et al.[106] introduced
a mobile application to enable rapid and interactive group activities and the field study shows
that team-dating interactions along with existing social ties and same gender can be a significant
predictor of teammate selection. Salehi etc. constructs a field experiment of online workers from
Amazon Mechanical Turk (AMT) demonstrating the value of familiarity for crowd teams and
develops a tool to find the familiar team [94]. However, another field experiment in two university
courses [42] showed no statistical differences between the criteria-based and randomly-assigned
teams regarding the team performance.

Considering the team dynamics strategy, intermixing people by rotating team membership
rather than maximizing tie strength or network efficiency can achive better team performance
[93]. Sharon et al. [128] developed a system to help teams dynamically adjust the team structure
to achieve better team performance. [60] shows that the collective cultural integration plays a
critical role to led a successful existing team merging. Almaatouq et al. [1] proves that dynamic
communication network and performance feedback provide fundamental mechanisms for both
improving individual judgments and inducing the collective “wisdom of the network”.

This stream of research reveals the importance of the team formation strategy and its dynamics
on the team performance. But the mix observation suggests the needs of further studies. Addition-
ally, these studies mainly focus on the team outcome for a short-term, specific task, rather than
individuals’ long-term performance. As individuals are incentivized by the long-term success in
the platform, investigation of the dynamic effect of the teamwork experiences on an individual’s
long term performance is necessary.

2.5 Summary

In summary, crowdsourcing is becoming a long-term career option for many crowd workers.
Collaboration as an on-demand transient team is increasingly needed to solve more complex tasks.
While the current research on transient teams focuses on short-term team performance based on
the assumption that collaboration is beneficial and teams were already formed, collaboration as a
team is not a straightforward strategy in the crowdsourcing contests. While a few studies start
to investigate the teammate choice and dynamics of team structure, the strategy of working as
a solo endeavor or team worker are mix for individuals, especially in the long term aspect. This
unexplored and inconclusive reality motivates us to investigate whether collaboration as a transient
team becomes popular, whether it is helpful for contest and individual crowd worker, and what can
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motivate crowd workers to work as a team in the crowdsourcing contest environment where both
competition and collaboration exist simultaneously.

3 CURRENT STUDY

This study addresses four exploratory research questions to understand collaboration in crowd-
sourcing contests, which help crowd workers collaborate synchronously.

3.1 RAQT1: Does working as a team is becoming a trend?

We start by analyzing the collaboration patterns that emerged on crowdsourcing platforms.

Given the importance of crowdsourcing platforms, how to improve the performance of crowd-
sourcing contests has become a hotly discussed topic [15, 20, 53, 55]. Early studies typically concerns
contest-specific and individual-specific factors [15, 20, 104]. In crowdsourcing contests, participants
can form transient teams of motivated individuals to compete for the rewards. With the popularity
of virtual teams in crowdsourcing contests, there is an increasing interest in understanding teams’
performance [36, 53, 55].

However, we know little about the trend of working as a transient team, which is a fundamental
issue of studies that consider teams and their performance in crowdsourcing. Prior studies examining
the collaboration patterns on crowdsourcing platforms have reported mixed results. Some of
them suggest that only few individuals choose to collaborate on the crowdsourcing platform
[70, 83, 102, 124]. To fill the gap, we aim to empirically capture how the proportion of working as a
transient team changes over time.

Taking a step further, another exciting aspect to explore is how the design of contests affects the
proportion of teams in contests. Contests on Kaggle vary in their design. For example, they varied in
contest length from several days to nearly one year; they offer data with different sizes and different
amounts of medals. Differences in contests design would shift the trade-off between cooperation
and competition [103], demonstrated as different teamwork decisions. Following previous studies
about the impact of contest designs on team performance [5, 17, 36, 120], we focus on two types of
design characteristics: complexity characteristics and incentive characteristics. On the one hand,
we expect that as the contest becomes more complex (e.g. shorter contest time, larger data size),
there would be more teams because of the more significant advantages of collaborating. On the
other hand, as extrinsic incentives increase (e.g. number of the reward), there would be fewer teams
because the solo participant has more chance to be a prize winner. We aim to evaluate the effects
of the two designs on the proportion of teams in contests.

3.2 RQ2:Is working as a team always a better choice?

We now move on to the second research question to understand the benefits and losses of working
as a team in crowdsourcing contests.

Improving collaboration outcomes of crowdsourcing contests is a hot topic in crowdsourcing
literature [24, 39, 53, 102]. However, all these studies have been conducted at the team level, which
only concerns team performance outcomes. In this study, we aim to understand both team and
individual performance instead of team performance only. Specifically, we focus on the performance
gap between working as a transient team and individually.

In addition, team performance is usually theorized as static in previous studies. Such a static
view point may be not enough as more recent studies have highlighted the longer-term orientation
for these crowd workers working on more professional tasks [12, 27, 85]. To better understand
the collaboration patterns of these long-term-oriented professional crowd workers, we investigate
the performance gap between working as a transient team and individually from both static and
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dynamic perspectives. We will answer the following questions: whether working as a team is
always a better choice? If not, under what condition it can be?

3.3 RQ3: How do the cumulative teamwork experiences affect individual’s short-term
and long-term performance?

Next, we examine whether participants with different degrees of teamwork experience have different
performances in crowdsourcing contests.

To the best of our knowledge, no prior studies have taken a long-term perspective and considered
the cumulative teamwork experience and its outcomes in crowdsourcing. The extant literature
has focused extensively on the effects of instant factors in contests [5, 17, 36, 120], individuals
[2, 24, 32, 55, 66, 76, 88], teams [24, 35, 44] and environments [16, 24, 102] on team outcome in
a specific contest. In another word, all of them examine the effects of these instant factors on
short-term outcomes rather than long-term outcomes.

To fill the gap, we investigate how cumulative teamwork experiences related to individuals’
short-term and long-term performance. We expect that individuals in virtual teams can benefit
from collaboration in the short term by gaining valuable information, obtaining support from
others, and exchanging ideas, and in the long term by learning from others’s expertise and from
the co-creation process that happens when individuals work together.

3.4 RQ4: What factors motive participants to work as a team?

We now move on to the last research question to understand the factors that motive participants to
joint teams.

Participants can obtain intellectual capital (IC) through competing with each other in contests.
Intellectual capital refers to individuals’ task-related skills and knowledge gained from experience,
learning, and education [63]. Intellectual capital is known to influence the participants’ actions
in the context of crowdsourcing [15, 24]. In this regard, we focus on the impacts of individuals’
intellectual capital on their decisions of working as a team.

Most previous studies mainly focus on the relationships between intellectual capital and team
performance [24, 53, 119]. The role of intellectual capital in participants’ decision-making is under
investigated in the crowdsourcing literature. To further explore this question, we distinguish two
types of intellectual capital in terms of different collaboration forms: solo-related intellectual capital
and teamwork-related intellectual capital. The former refers to intellectual capital obtained from
participants’ past solo experience in contests, and the latter refers to intellectual capital obtained
from participants’ past teamwork experience in contests.

Intellectual capital gained from different collaboration forms (i.e., working as a team or working
solely) reflects participants ability to work in teams to some extent [24]. Compared to solo-related
intellectual capital, participants with higher team-related intellectual capital tend to work better
with one another. Therefore, we expect a negative association between the level of solo-related
intellectual capital and the likelihood of the participant deciding to work as a team. On the contrary,
we expect a positive association between the level of teamwork-related intellectual capital and the
likelihood of the participant deciding to work as a team.

It is also important to note that when the effect of intellectual capital on collaboration decision
is most influential, previous studies have applied social capital theory to understand team behavior
in different contexts [24, 53, 57, 89]. Therefore, in addition to the main effects posed above, we
hypothesize about moderators that reflect structural position of participants within a collaboration
network. Here, the structural position captures participants’ past collaboration ties with members
within a team. If participants have both high past collaboration ties and high team-related intellectual
capital, they likely got a good experience from collaboration and are more likely to join teams in
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the future. Instead, if participants have high past collaboration ties but high sole-related intellectual
capital, they probably had an awful collaboration experience and are more likely to work solely.
Therefore, we hypothesize that the influence of intellectual capital becomes more vital as the
intensity of past collaboration ties increases.

4 BACKGROUND AND DATA
4.1 The Kaggle Platform

In this study, we obtain data from a specialized crowdsourcing platform focusing on data analytics
projects: Kaggle.com. Companies, governments, and researchers provide data sets to Kaggle along
with their problems and the amount of reward they are willing to pay the winners.

Kaggle is the prominent crowdsourcing contest platform. It has been considered as the de facto
blueprint for many other crowdsourcing contest platforms, such as DrivenData, Crowd ANALYTIX,
Datascience.net, TianChi and DataFountain etc., where similar features (e.g. Kernel System, Team
System and Progression System discussed below) are provided. Therefore, the findings from Kaggle
can be applied to these crowdsourcing contest platforms. Using the dataset from Kaggle, studies
have been developed to investigate teamwork and collaboration in the crowdsourcing context,
including the team discussion and solution-sharing behavior [53], salience bias [67], code sharing
mechanism [102], team’s social intellectual capital [24] etc.

Importantly, on Kaggle, data analysis is not trivial but a more skillful task that needs a significant
amount of effort to accomplish. Each user can participate alone or team up with other members to
join a contest. The team is transient, and for each contest, users need to reform a new team even
if they have the same team members. This provides a perfect opportunity to investigate skilled
crowd workers’ decisions on forming a transient team or not.

4.1.1  Kernel System. For each contest, Kaggle provides 'Kernels’ that allow users to run code
directly on Kaggle. Kaggle Kernel contains the most common data science libraries and languages
and the data required for analysis so that users can start the tasks more manageable. It also offers
transparency of shared code, makes the entire model reproducible, and enables the user to invite
collaborators when needed. Some contests will require all teams to submit their solution through
Kaggle Kernel so that the submissions can be more reproducible and evaluated.

4.1.2 Team System. Everyone who joins a Kaggle contest will do as a team, while a team can be
a group of one or more users who collaborate on the contest. Once a user accepts the rules and
joins a contest, a new team consisting solely of the user will be created. Users can then adjust team
members by inviting other users to join or accepting other users’ requests to form a multi-member
team. As this study focuses on the teaming-up choice, we consider a team as "solo” if a team only
has one member, otherwise as "team" where it includes at least two members.

Note that not all teams who join a competition will submit solutions for evaluation, and only
the teams with at least one submission during the competition will be included for performance
evaluation. Additionally, members within a team do not necessarily already know each other when
forming a team. One such example is described by a user as follow?:

"I noticed that there were several active experts, who wrote on the forum and created kernels, so I read
everything from them. And one day I received an e-mail from Boris, who was an expert in this domain
and thought that our skills could complement each other][...]We were lucky to also team up with Philip
Margolis[...]And after little time his models showed much better results than ours[...] Another member
of our team became Bojan and we were able to improve our result even further|...][Some debates ensured

?Reading this post for more details about this team’s experiences on the Kaggle contest: https://towardsdatascience.com/a-
story-of-my-first-gold-medal-in-one-kaggle-competition-things-done-and-lessons-learned-c269d9¢233d1
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and as a result we asked Christof to join our team. It was amazing to see how he was able to build a
new neural nets extremely fast."

4.1.3  Progression System. Kaggle’s Progression System uses performance tiers to track individuals’
growth as a data scientist on Kaggle. Individuals earn medals for their achievements in four Kaggle
categories: Competitions, Notebooks, Datasets, and Discussion. For each category, advancement
through performance tiers is done independently. As this study focuses on the contest context, we
will only consider the competition category .

During a contest, the submissions will be evaluated based on a sample set of data, ranked based
on their performance, and displayed publicly in real-time. Kaggle allows teams to submit multiple
solutions during a contest, and the number of submissions represents a team’s productivity, which
can be an indicator for a team’s performance [24].

After the contest reaches its deadline, one final submission from each team will be evaluated
using the full set of testing data. Each team will then be assigned a rank according to the testing
score. Using this rank (Rank), together with the number of members on the team (Nieammates),
and the number of teams in the competition (Nieams), €ach team member in the same team will
be allotted a point using the following formula, , representing how well they did in the contest
[24, 67, 102]:

[ 100000

\Y% N teammates

Therefore, the point allocation mechanism penalizes individuals who compete on teams with more
teammates and rewards individuals with higher rankings when more total teams are competing.
For site-wide ranking, Kaggle applies a decay function e™*/5%° so that points in more recent contests
count for more. As we focus on the contest level performance to represent the intelligent capital,
similar to [102], when calculating the cumulative number of points each participate had earned at
the beginning of each context, we used the above Kaggle’s formula but without applying the decay
function.

Additionally, as shown in Figure 2, competition medals are awarded for top competition results,
which consider both individual’s ranking and the competitive intensity within a contest. For
example, a contest with 500 teams will award Gold medals to the top 11 teams, Silver medals to the
top 50 teams, and Bronze to the top 100 teams. The rest of the teams will not receive any medals.
Hence, the medals system is a way of recognizing and rewarding the top excellent teams. To make
a medal comparable among contests and teams, in this study, we assign 1 for the Gold medal, 1/2
for the Silver medal and 1/3 for the Bronze medal, respectively.

] [Rank_0'75] [Ioglo(l + loglo (Nteams))] (1)

4.2 Data Collection and Overview

Our main data source is the December-13-2021 version of Meta Kaggle?, a publicly available database
provided by Kaggle. It contains data of 4,848 contests which has ended and the leaderboard has
been finalized by then. The raw data also includes 4,749,060 created teams, 8,514,706 users, and
9,891,160 submission records, representing the public activity in the Kaggle platform. As Meta
Kaggle does not provide the information of the dataset used for each contest, which represents one
aspect of the complexity of a contest [102], we further crawled this information from the Kaggle
website.

3We acknowledge that other category achievements can also be an indicator for individual performance and future

investigations on how the different categories of performance tiers impact each other could be interesting.
4https://www.kaggle.com/kaggle/meta-kaggle/discussion/59870
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Competition Medals

Competition medals are awarded for top competition results. The number of medals awarded per
competition varies depending on the size of the competition. Note that Community, Playground, and
Getting Started competitions typically do not award medals.

VNN

0-99 Teams 100-249 Teams  250-999 Teams 1000+ Teams
@ Bronze Top 40% Top 40% Top 100 Top 10%
@ Silver Top 20% Top 20% Top 50 Top 5%
@ Gold Top 10% Top 10 Top 10 + 0.2%*  Top 10 + 0.2%*

* (Top 10 + 0.2%) means that an extra gold medal will be awarded for every 500 additional teams in
the competition. For example, a competition with 500 teams will award gold medals to the top 11
teams and a competition with 5000 teams will award gold medals to the top 20 teams.

Fig. 2. The Kaggle’s Competition Medals

4.2.1 Preprocessing and Filtering. Starting from this raw data, we filtered out the contests without
submissions and teams, resulting in 3,989 contests. For teams who join these contests, we filtered
out those teams without any submissions (i.e., these teams accepted the contest rules to join but
did not actively participate), without a team leader (i.e., these teams do not have an assigned leader
as they may be merged into other teams), or acting as a benchmark (i.e., some contests will provide
benchmark solutions, which are submitted by a benchmark team). This leave us a data containing
3,989 contests, 740,710 teams, 408,400 users with 9,628,634 submissions. Note that we further filter
out some data based on this dataset to meet the analysis requirement for the four research questions
within this study.

4.2.2  Competition Similarity Calculation. We applied the Sentence-BERT® framework to compute
the text embeddings of the short description for each competition. Sentence-BERT (SBERT) [91] is
a modification of the pre-trained BERT network that uses siamese and triplet network structures to
derive semantically meaningful sentence embeddings that can be compared using cosine-similarity.
It reduces the effort for finding the most similar pair from 65 hours with BERT / RoBERTa to about
5 seconds with SBERT, while maintaining the accuracy from BERT. Then the cosine-similarity is
adopted to calculate the similarity between two competitions. We acknowledge that there may be a
more advanced text embedding framework emerging daily. Additionally, we only consider the short
text description for each contest in this study, while using more information such as the semantic
information of each dataset and the detailed contest description etc. may improve the accuracy
of the similarity score. But, the current method for this study already provides a reasonably good
enough competition similarity calculation. As shown in Figure 3, where the number with each line
is the similarity between two contests, We can see that the featured competition pairs with a top
10 similarity are either the same competition but held in different times, or different parts of the
same challenge.

Shttps://www.sbert.net/
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8310 Google Cloud & NCAA® ML
Competition 2018-Men's
Apply Machine Learning to NCAA®
March Madness
1

11999 Google Cloud & NCAA® ML
Competition 2019-Men's
Apply Machine Learning to NCAA®
March Madness
1

8311 Google Cloud & NCAA® ML

Competition 2018-Men's
Apply Machine Learning to NCAA®
March Madness

12000 Google Cloud & NCAA® ML

Competition 2019-Men's
Apply Machine Learning to NCAA®
March Madness

2448  Tourism Forecasting Part One

Part one requires competitors to predict 518 tourism-
related time series. The winner of this competition will
be invited to contribute a discussion paper to the
International Journal of Forecasting.

1 0.9690

242 Tourism Forecasting Part Two
Part two requires competitors to predict 793 tourism-

related time series. The winner of this competition will
be invited to contribute a discussion paper to the
International Journal of Forecasting

3403 See Click Predict Fix - Hackathon 18599 M5 Forecasting - Accuracy

Predict which 311 issues are most Estimate the unit sales of Walmart retail

important to citizens goods 4066 March Machine Learning Mania 2015

Predict the 2015 NCAA Basketball Tournament

11 [0.9672

3599 See Click Predict Fix

| 0.9633

18600 M5 Forecasting - Uncertainty
4862 March Machine Learning Mania 2016

Predict the 2016 NCAA Basketball Tournament

Predict which 311 issues are most
important to citizens

Estimate the uncertainty distribution of
Walmart unit sales.

Fig. 3. The Kaggle’s Featured Competition Pairs with Top 10 Similarity. The number with each line is the
similarity score between two contest descriptions shown in boxes.

5 RESULT
5.1 RQT1: Does working as a team is becoming a trend?

To capture the trend of working as a team over time, we focus on Team Ratio, which refers to the
percentage of teams with more than one member in the total number of teams (including the solo
team). The higher the percentage is, the more the participants work as a team.

Based on the data we collected, we exclude those contests, which are larger than one year, and
get 3,835 contests. Then, we exclude contests designated as "recruitment”, “playgroup”, or “getting
started”, which lefts 3,724 contests. Among the 3,734 remaining contests, 599 from November 2010
to November 2021 have more than ten teams with more than one members®, and thus these contests

are included in our subsequent analyses. Table 1 summarizes the dataset we used for RQ1.

Variables (Unit) Mean Median Min  Max

Team Ratio 0.387 0.262  0.033 1
Contest Length (Day) 54.25 050 1 314
Max Similarity 0.945 0.944 0.871 1
Data Size (GB) 1127 0013 0 91435
Reward Size 64.84 0 0 873
Years After 2010 (Year) 9.172 10 1 12

Kernel Submission True 9.18%
Table 1. Descriptive Statistics of Data Used in RQ1 and RQ2

First, we plot the yearly average proportion of working as teams in each contest (Figure 4). As
we can see, between 2010 and 2021, there is a growth in terms of the average proportion of teams
in contests. That is, it seems working as a team is becoming a trend. In 2021, teams made up 50% of
the total participants in each contest on average. This indicates that teams increasingly become key
participants in crowdsourcing contests. Interestingly, the average proportion of teams saw a big

®In this study, we set this threshold to only consider those contests where collaboration as a multi-member team can be a
reasonable choice.
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jump in 2015. One possible explanation for this phenomenon is that Kaggle released a new feature
called kernels (originally called scripts) in 2015. This shock pulls in many more users collaborating
as a multi-member team of that year.

02 03 04

0.1

Average Proportion of Teams

el IEUEEEEEE

2010 2012 2014 2016 2018 2020

0.0

Fig. 4. Average Team Ratio Over Years

To empirically demonstrate this finding, we carry out a one-way analysis of variance (ANOVA)
to ascertain whether there is statistically significant between-years difference in average proportion
of teams. The results obtained in Table 2 show that there is a significant degree of between-years
differentiation in the average proportion of teams in contests (F(1,11) = 9.907, p < 0.001).

Sum of Square Degree of Freedom F value P value

Intercept 0.016 1 0.191 0.662
year 9.907 11 11.069 <0.01***
Residuals 47.764 587

Table 2. ANOVA Result for Between-years Differentiation of Team Ratio. % : p < 0.05, %% : p < 0.01, % s s :
p < 0.001.

Hence, we build a linear regression model to test the associations between the proportion of teams
and design characteristics of contests. The dependent variable (DV) is Team Ratio. As mentioned in
Section 3.1, we regard complexity and incentive characteristics as key contest designs in this study.
Task complexity can be operationalized in terms of its component, coordinative, and dynamic
dimensions [114].

First, component complexity refers to the number of distinct information cues that must be
processed in a task [114]. Since a "denser" data increases the number of information cues that must
be perceived and processed, data density is often used as an indicator of component complexity of
software tasks [6]. In our study, data density is measured by the bytes of data that had to analyzed
(i.e., Data Size). That is, component complexity is higher in contests with higher levels of Data Size.
Beside, we also use Max Similarity, the maximum of similarities between the focal contest and every
other previous contest, to enrich the measurement of component complexity. Intuitively, a higher
level of Max Similarity decreases the distinct information cues of a contest and its component
complexity.

Second, coordinative complexity describes the complexity caused by the task coordination [114].
We use Kernel Submission, a dummy indicates whether the contest is a kernel only competition or
not, to describe coordinative complexity of contests. That is because Kaggle kernel is more salient a
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factor for coordination on crowdsourcing contest platforms with which code and data are naturally
reproducible, very simple to learn and extremely easy to share [102]. That means, contests that
supported kernels decrease the coordinative complexity.

Third, dynamic complexity arises from changes in the relationships between information cues
over time [114]. Banker et al. (1998) [6] indicates that dynamic complexity in software task is higher
when there is increased instability of the input-output information cues for a task. Accordingly,
we use Contest Length, the number of days that a contest is open and accepting submissions, to
measure the instability of information cues exchange in a contest. As we can see, given the total
amount of information cues that should be processed in a contest, a longer contest duration can
reduce average information volatility, resulting into a lower complexity for contest participations.

For the incentive characteristic, we use one measure to capture the incentives of a contest
(Number of Reward). We also control for the time trend (Years After 2020). All variables are summa-
rized as follow:

e Data Size: The number of bytes of data that had to analyzed. The higher the data volume, the
more complex the contest.

e Max Similarity: The maximum of similarities between the focal contest and every other
previous contest. The more similar to previous contest, the less complex the contest.

o Kernel Submission: A dummy indicates whether the contest is a kernel only competition or
not. Contests with kernel features are less complex.

e Contest Length: The number of days given to submit a solution. The longer the length, the
less complex the contest.

e Reward Size: The total number of medals offered to participants. Contests that award more
medals to the participants have higher level of extrinsic incentives.

e Years After 2020: The time that has passed since 2010.

As shown in Table 3, we find that the complexity-related design of contests plays an essential
role in affecting teaming-up strategy. First, the longer the contest length is, the fewer participants
are willing to work as teams (Coef = —0.041, SE = 0.013, p < 0.01). Second, as the size of the data
increases, there would be more teaming behaviors (Coef = 0.004, SE = 0.002,p < 0.05). Third,
contests in which participants can only submit results by creating kernels are associated with a
smaller percentage of teams with at least two members (Coef = —0.132, SE = 0.035,p < 0.001).
These observations are consistent with the conjecture that a more complex contest is correlated
with a higher proportion of teams in the contest. This pattern may exist because an increasing
level of complexity leads to increasing levels of challenge and activation [126],requiring a variety
of sophisticated skills. In this regard, to increase performance and the chances of winning, working
as a team will probably be chosen for its benefits, including bringing together individuals with
complementary skills [48] and attracting the best individuals [75].

Additionally, we find a significant negative relationship between the number of medal and the
proportion of teams during contests. The more the number of medal is, the small a participant’s
fraction of working as a team is (Coef = —0.066, SE = 0.006, p < 0.001). The significant coefficient
for the Reward Size supports the hypothesis in Section 3.1 that extrinsic incentives have negative
impacts on the proportion of working as a team. When external incentives are present, individuals
rationally evaluate the outcomes of their behavior and then adjust their strategies to attain the
incentives [22]. From this perspective, given more medals, individuals may see less benefit to
working as a team, resulting in fewer teaming behaviors. Table 3 also verifies the increasing trend
of working as a team when participating in contests. The proportion of teams increases as time
goes by (Coef = 0.021, SE = 0.005, p < 0.001).
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DV: TeamRatio Coef. SE

Intercept -0.068 0.463
Contest Length -0.041**  0.013
Max Similarity 0.711 0.705
Data Size 0.004* 0.002
Kernel Submission -0.132***  0.035
Reward Size -0.066™**  0.006
Years After 2010 0.021***  0.005
Adj. R? 0.537

Table 3. Regression Results for the Evolution of Team Ratio. SE is the abbreviation for standard error.
# 1P <0.05 %% :p <0.0L,%*x%:p <0.001.

5.2 RQ2:Is working as a team always a better choice? If not, under what conditions is?

We investigate whether working as a team is always a better choice. We first approach this research
question from a static point of view. That is, we start off by investigating the gap in overall
performance between team and solo. We consider the following three metrics to capture the
performance gap between working as a team and working solely on Kaggle:

e Average Medal Gap: The gap in average amount of medals between team and solo.

e Average Point Gap: The gap in average amount of points between team and solo.

e Average Productivity Gap: The gap in average amount of submissions between team and
solo.

Based on the data containing 599 contests, we calculate the mean of these three metrics and their
95% confidence interval correspondingly (Table 4). It is observed that the mean of Average Medal Gap
and Average Productivity Gap are larger than zero, and all 95% confidence intervals do not include
zero. That is, compared to working individually, working with teams is correlated with better
performances in terms of the number of medals and submissions. This indicates that working
as a team can improve productivity during the contests and have a higher chance to get better
medals. Note that Kaggle rewards medals in team bias which means that every team member will
achieve the same. In other words, working as a team will help the team members to have a better
performance regarding medal achievement.

Instead, the mean of Average Point Gap is less than zero, and 95% confidence intervals do not
include zero. That means, compared to working individually, working with teams is correlated with
worse performances in terms of the number of points. This indicates that the design of the point
systems in Kaggle may penalize teamwork too much to discourage individuals to work as a team.

Performance Measure Mean  95% Confidence Interval
Average Medal Gap 0.050 (0.044,0.057)
Average Point Gap -1631657 (-1832108,-1431205)

Average Productivity Gap ~ 15.047 (13.880,16.215)

Table 4. Average Gaps in Performance and Their Confidence Intervals

Next, we approach this research question from a dynamic point of view. We are interested in
investigating how the performance gaps evolve over time. First, a one-way ANOVA is adopted to
test whether there is a statistically significant between-years difference in average performance
gaps. Table 5 shows that Average Medal Gap (F(1,11) = 10.096,p < 0.001), Average Point Gap
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(F(1,11) = 3.625,p < 0.001), and Average Productivity Gap (F(1,11) = 1.623,p = 0.088) have
significant degree of between-years differentiation. These results highlight the importance of a
dynamic perspective.

Sum of Square Degree of Freedom F value P value
Average Medal Gap
Intercept 0.154 1 28.722  1.202e-07 ***
year 0.595 11 10.096 < 0.0017**
Residuals 3.147 587
Average Point Gap
Intercept 2.710 1 149.604  <0.001"**
year 0.724 11 3.625 <0.001***
Residuals 10.632 587
Average Productivity Gap
Intercept 157 1 0.749 0.387
year 3751 11 1.623 0.088.
Residuals 123299 587

Table 5. ANOVA Results. s : p < 0.05,%% : p < 0.01, % % % : p < 0.001.

We plot yearly distributions of the three metrics to capture the dynamic trends (See Figure 5a-c).
As for the benefits of working as a team, the benefits on average amount of medals decrease between
2010 and 2021 (See Figure 5a). On the contrary, the benefits on average amount of submission sees
a increase from 2010 to 2021 (See Figure 5c). As for the loss of points for working as a team, there
seems to be no significant linear trend over time (See Figure 5b).

To empirically examine the time trend of performance gaps between team and solo, we build three
linear regression models where the dependent variables are the Average Medal Gap, Average Point Gap,
and Average Productivity Gap, respectively, while the independent variable is the time that has
passed since 2010 (i.e., Years After 2010). We also control for the contest characteristics related to com-
plexity mentioned in RQ1, including Contest Length, Max Similarity, Data Size, and Only Allow Kernel
Submission.

Result shown in Table 6 suggests a statistically significant negative correlation between the
time and the gap in average amount of medals awarded(Coef = —0.010,SE = 0.001,p < 0.001).
With respect to the gap in average amount of submissions, however, we find it to be significantly
positively correlated to the time (Coef = 0.753,SE = 0.226,p < 0.01). Similar to the pattern in
Figure 5b, there is no clear relationship between the time and the gap in average points gained.

These observations conclude that the benefit of working as a transient team varies. From a
static perspective, working as a transient team is correlated with better performances in terms
of medals and submissions but worse performances in terms of points. Teamworks can be more
productive, demonstrated as more submissions, and develop higher-quality solutions demonstrated
as the achieved medals. However, the penalty on teamwork from Kaggle’s point systems design
overturns the benefits from teamwork. From a dynamic perspective, the benefits of the average
amount of medals decrease over time while the average amount of submissions increases over time.
This means that as time goes by, the teamwork can still be productive, but the surplus of teamwork
in submission quality is dismissed. This is an interesting finding. Tausczik and Wang [102] found
that during a contest, while users collaborate on Kaggle through code sharing, there is lack of
top-performance code sharing. Hence, our study confirm such a long-term trend in Kaggle. In
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Fig. 5. The Trend of Performance Gaps
Medal Gap Point Gap Productivity Gap
Coef. SE Coef. SE Coef. SE
Intercept 2010 0.084 0.145 0.311 0.269 16.236  29.830
Time After 2010 -0.010***  0.001 0.001 0.002 0.753""  0.266
Contest Length 0.021™**  0.004 -0.046™"* 0.007 4.666"**  0.735
Max Similarity -0.090 0.220  1.200**  0.409 -50.5081 45.381
Data Size 0.002***  0.001 -0.002 0.001 0.456™**  0.132
Kernel Submission  0.046***  0.010 -0.108"** 0.019  1.888 2.086
Adj. R? 0.317 0.230 0.140

Table 6. Regression Results of Performance Gap Evolution over Year. * : p < 0.05, %% : p < 0.01, %% : p < 0.001.
SE is the abbreviation for standard error.

another word, in the long-term, working as a team is increasingly helpful for solution developments
but has decreasing benefit in improving solution quality.

On the other hand, we can see that the Kernal system has a significant positive effect on the medal
gap and a negative effect on the point gap. This means that compared with the solo teams, team
workers can adopt the Kernel system better to achieve a better submission quality improvement
and remedy the penalty on teamwork brought by the Kaggle point system.
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These observation reflects one common critiques of the Kernel system in Kaggle is “allowing
people to achieve high leaderboard positions with very little effort™. This could amplify the negative
effect from social interaction by increasing the individual similarity[1, 8, 71, 80], which can reduce
the benefit of working as a team. Hence efforts to further power the Kernel system to support team
collaboration for higher quality, rather than just mediocre, solutions development are needed for
the platform.

5.3 RQ3: How do the cumulative teamwork experiences affect individuals’ short-term
and long-term performance?

We investigate the effects of collaboration experiences on individuals’ short-term and long-term
performance. Starting from the data containing 3,989 contests and 408,400 users, we only consider
the users who participate at least 30 contests since 2010 so that we can observe the long-term
behaviors of users in the platform, leaving us 1006 users in the dataset. We further filter out users
who constantly work at a team (in other words, never work solely) and users who never work
with a team (in other words, always work solely), which lefts participant-level panel data for 666
participants involving 979 contests from April 2010 to December 2021°. Table 7 summarizes the
data we used in subsequent analyses.

Variables (Unit) Mean Median Min Max
Contest Length (Day) 85.82 84 0 1341
Max Similarity 0.935 0.933 0.862 1.000
Data Size (GB) 2.079 0.060 0.000 91.435
Time After 2010 (Year) 8.623 9 1 12
User Tenure (Day) 1107 983 0 4161
log(Cumulative Collaboration) 17.65 18.44 0.00 20.91
log(Weighted Team-related IC) 15.09 15.30 0.00 18.50
log(Weighted Solo-related IC) 17.48 18.34 0.00 20.91
Prior Collaboration Ties 11.88 3 0 192
log(Cumulative Points) 17.65 18.44 0 20.91
Cumulative Medals 5.263 2.333 0 85.667
log(Points) 14.21 15.05 0.00 17.95
Choice Work as a team 18.10%

Medals Gold 4.95%, Silver 12.79%, Bronze 10.81%, None 71.45%
Kernel Submission True 23.11%

Table 7. Descriptive Statistics of Data Used in RQ3 and RQ4

Several regression models where dependent variables are the individuals’ short-term and long-
term performance respectively, and individuals’ total cumulative proportion of working as a team
(CumulativeCollaboration; ;) is used as independent variables. We use two dependent variables
to capture an individual’s short-term performance (i.e., Points;; and Medals; ;) and two depen-
dent variables to capture an individual’s long-term performance (i.e., CumulativePoints;; and
CumulativeMedal; ;).

e Points;;: The number of points individual i earned for his/her performance in a contest ¢
using the Kaggle Point formula in Equation 1, which is a continuous variable.

"https://www.kaggle.com/code/dvasyukova/scripty-mescriptface-the-lazy-kaggler/notebook
8While only considering users with at least 30 contests filtering out many users, it enables us to study the sustained
participated users and observe the long-term effect in the platforms, which is the goal of this study.
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e Medal;;: The medal individual i awarded for his/her performance in a contest ¢, which is a
ordinal variable with four values (gold, silver, bronze medal, and none).

e CumulativePoints;;: The cumulative number of points’ an individual i had gained on the
platform at the beginning of a contest ¢.

e CumulativeMedals;;: The cumulative number of medals an individual i had been awarded
on the platform at the beginning of a contest t.

We also include a random effect for the user ID and control for complexity-related contest
characteristics (i.e., ContestLength; ;,DataSize; ;, MaxSimilarity; ;, and KernelSubmission; ;). It is
noting that we adopt a ordered probit model for the ordinal Medal; ; variable.

Table 8 shows that a higher degree of cumulative collaboration experience is associated with
doing better in gaining points (Coef = 0.847,SE = 0.177, p < 0.001) and medals (Coef = 1.590, SE =
0.044, p < 0.001) after controlling for contest characteristics. Furthermore, Table 9 indicates that
individual’s cumulative collaboration experience is associated with higher long-term performance
in terms of cumulative points (Coef = 3.050,SE = 0.159,p < 0.001) and cumulative medals
(Coef = 1.609,SE = 0.024,p < 0.001) even after controlling for user tenure and time. Both of
these results suggest that collaboration experience is associated with better individual short-term
performance in a contest and long-term performance over many contests.

This finding contrasts with prior works on the effects of instant factors on team short-term
outcome (e.g., [36, 44, 55]). In contrast with such works, our findings more clearly support both short-
term and long-term benefits of cumulative-oriented factors (i.e., cumulative teamwork experiences).
These results are likely due to the benefits of past teamwork experience. Previous studies on
teamwork indicates that by teaming up individuals can evolve and grow their knowledge and
expertise rapidly [25]. Moreover, teamwork can expand individuals’ perspectives of problems [79].
Thus, individuals’ previous cumulative teamwork experiences will improve their performance in
the contests.

Points Medals
Coef. SE Coef. SE

Intercept 16.314*  0.817
Cumulative Collaboration  0.847***  0.177 1.590*** 0.044
Max Similarity -5.263"** 1.211 -1.535"* 0.555
Contest Length 0.257***  0.030 0.108*** 0.015
Data Size 0.012***  0.004 0.009*** 0.002
Kernel Submission 0.218***  0.039 -0.216™* 0.017
Threshold (None-Bronze) 0.361 0.374
Threshold (Bronze-Silver) 0.737* 0374
Threshold (Silver-Gold) 1.494***  0.374
Individual FE -Included- -Included-
Num obs. 35,631 35,631

Table 8. Individual Short-Term Performance. # : p < 0.05, %% : p < 0.01, %% : p < 0.001. SE is the abbreviation
for standard error.

Note that we do not apply the decay function following [102].
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Cumulative Points Cumulative Medals

Coef. SE Coef. SE
Intercept 1.588™*  0.152  -3.101™**  0.033
Cumulative Collaboration 3.050***  0.159 1.609*** 0.024
User Tenure 2.146™* 0.030 0.3535"**  0.005
Time After 2010 0.134*** 0.013 0.190*** 0.002
Individual FE Included Included
Num obs. 35,631 35,631

Table 9. Individual Long-Term Performance. * : p < 0.05, % : p < 0.01,% # % : p < 0.001. SE is the abbreviation
for standard error.

5.4 RQ4: What factors motive participants to work as a team?

First, we empirically examine how the solo-related and team-related intellectual capital of the
participant affects his/her choice of working as a team.

Based on the dataset used in RQ3, we build a discrete choice model to test the association
between participants’ intellectual capital and their collaboration decision. The dependent variable
is Choice; s, which is a dummy variable that indicates a participant’s decision on working as a team.
Choice;; equals 1 if participant i has joined a team with multiple members in a contest ¢, and 0
otherwise. We distinguish two different individual’s intellectual capitals: the weighted solo-related
intellectual capital and the weighted team-related intellectual capital to capture a participant’s
intellectual capital from previous teamwork or sole-work. They are measured as follow, which are
the independent variables in this study.

e Weighted Solo-related IC; ;: For each historical contest k participant i had participate as a solo
worker before contest t, We first calculate the points i had earned from contest k using the
Kaggle point formula, and then use the similarity'® between the focal contest t and contest k
to weight the point participant i gain from contest k. Finally, we calculate the cumulative
number of these weighted points participant i had earned before the beginning of each
contest t.

o Weighted Team-related IC; ,: Similarly, for each historical contest g participant i had participate
as a team worker before contest t, We first calculate the points i had earned from contest
q using the Kaggle point formula, and then use the similarity between the focal contest ¢
and contest g to weight the point participant i gain from contest g. Finally, we calculate the
cumulative number of these weighted points participant i had earned before the beginning
of each contest t.

Additionally, any registered users can participate in the competitions. The user tenure refers to
the amount of days since users had joined the community. Previous studies have shown that the
team average tenure can be positively related to team performance [24]. Hence user tenure can be
an indicator about an individual’s experience on the Kaggle platform, and a senior user is expected
to achieve a better performance for a contest.

Table 10 summarizes the results of the first-stage analysis. In the main effect model, the solo-
related intellectual capital shows the negative and significant influence on the participants’ like-
lihood of joining a team (Coef = —0.115,SE = 0.005,p < 0.001). In contrast, the team-related

ONote that we also apply the version without consider the contest similarly and the result is robust, except a relative lower
log-likelihood.
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intellectual capital shows a positive and significant influence on the participants’ likelihood of join-
ing a team (Coef = 0.187,SE = 0.007, p < 0.001). The probable reason may be the path dependency
effect [26]: Once a past decision has become sufficiently informative, individuals will simply copy
the past decision because of its superior performance or lower costs. In our case, as the individual
build up more solo-related intellectual capital, he or she becomes more proficient at performing
established routines and practices [90], which reduces his or her cost of being a solo endeavor in
the future and enhances the tendency to working individually. On the other hand, a higher level
of team-related intellectual capital indicates the remarkable ability of individuals to coordinate
their activity [90], in which case working as a team is cost-effective. Moreover, a team’s intellectual
capital can positively influences team performance [24], which proves the superiority of working
as a team. Therefore, individuals with higher level of teamwork-related intellectual capital will
persist in working as a team.

Main Effect Moderating Effect

DV: Choice;; Coef. SE Coef. SE
Intercept -1.666™  0.533 -1.079 0.602
Weighted Solo-related IC -0.115***  0.005 -0.013 0.010
Weighted Team-related IC 0.187***  0.007 0.017 0.016
User Tenure -0.071*** 0.017 -0.179*** 0.018
Max Similarity -0.318 0.776  -0.063 0.790
Time After 2010 -0.004 0.006 -0.006 0.006
Duration 0.091**  0.020 0.100***  0.021
Data Size 0.020***  0.002 0.020™**  0.002
Kernel Submissions 0.017 0.024 0.017 0.024
Prior Collaboration Ties 0.924™**  0.120
Weighted Solo-related IC:Prior Collaboration Ties -0.055"**  0.005
Weighted Team-related IC:Prior Collaboration Ties 0.023**  0.006
Individual FE -Included- -Included-
Num obs. 35,631 35,631
Log-Likelihood -11557.19 -11080.84

Table 10. Factors to motivate teamwork in crowdsourcing contest. * : p < 0.05, %% : p < 0.01,% ** : p < 0.001.
SE is the abbreviation for standard error.

Interestingly, we can also observe a negative and significant effect from the user tenure, meaning
that the longer a user participate in the platform, the lower likelihood that he/she will work as a
team (Coef = —0.071, SE = 0.017, p < 0.001). The probable reason for this observation can be that
as individual becomes more experienced in the platform, the surplus from skill complementary
by teaming-up with others [64, 115] dismissed and the diversity-innovation effect is inverted
[38, 45, 55, 65, 115, 118]. Hence more senior individuals in the platform intend to work solely.

We further investigated how participants’ structural positions within collaboration networks
affect the relationship between intellectual capital and decision of working as a team by considering
the moderating effect of the former on the latter. We use PriorCollaborationTies;, to measure
participant’s structural positions, which is calculated by the total number of collaboration ties with
members within previous teams that user i participate before the contest .

As we can see in Table 10, the interaction effect of solo-related intellectual capital and prior
collaboration ties is negative and significant (Coef = —0.055,SE = 0.005,p < 0.001), and the
interaction effect of team-related intellectual capital and prior collaboration ties is positive and
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significant (Coef = 0.023, SE = 0.006, p < 0.001). That is to say, as the intensity of prior collaboration
ties increases, the negative impact of solo-related intellectual capital on participants’ likelihood
of joining a team becomes more negative, and the positive impact of team-related intellectual
capital on participants’ likelihood of joining a team become more positive. Hence, the impacts of
solo-related and team-related intellectual capital on individuals’ collaboration decisions become
stronger as the intensity of prior collaboration ties increases. In other words, when deciding to
work as a team or not in a new contest, users will follow their prior experiences.

Overall, regarding teamwork decision in the Kaggle platform, through distinguishing the teamwork-
related and solo-related intellectual capital, this analysis reveals a significant path dependency
effect mediated by individual’s prior teamwork experience. This effect can shape the individual’s
choice for working as a team or solely.

6 CONCLUSION AND DISCUSSION
6.1 Answering Our Research Questions

This paper presents a data-driven empirical study on Kaggle to understand the provision of virtual
teams in online crowdsourcing contest platform. We adopt a dynamic perspective to represent
relationships between time and the proportion of working as a team on Kaggle. The time trend
suggests a growth in the average proportion of working as a transient team.

Although working as a team is becoming a trend, it is not always a better choice. The results
show that compared to working individually, working with teams is correlated with better perfor-
mances in terms of the solution quality (demonstrated as the number of medals) and productivity
(demonstrated as the number of submissions) but worse performances in terms of the number
of points. Furthermore, the performance gaps between teams and solos evolve over time. While
teamwork is becoming more productive, the advantage for gaining more medals is decreasing.

Participants’ cumulative teamwork experiences has important associations with their short-term
and long-term performance in contests. This confirms our expectation that individuals in a transient
team can benefit from collaboration in the short term by gaining valuable information, obtaining
support from others, and exchanging ideas, and in the long term by learning from others’s expertise
and from the co-creation process that happens when individuals work together.

Finally, participants’ intellectual capital can affect their decision to work as a team. Participants
who have more team-related intellectual capital tend to work as a team, and participants who
have more solo-related intellectual capital tend to work individually. Importantly, participants’
structural positions within collaboration networks, measured by participants’ prior collaboration
ties, moderate the relationship between intellectual capital and the likelihood of joining a team. As
the prior collaboration tie increases, the influence of negative solo-related intellectual capital and
the influence of positive team-related intellectual capital becomes stronger. This moderated path
dependency effect on teamwork decision may indicate that a solo worker will become worse in
working together with others so that the collaboration with others, if that happens, can be painful.
This will push the solo worker to choose to continuously work solely in the future. On the contrary,
a team worker will better collaborate with others, resulting in a better experience from teamwork
and working as a team in further contests.

6.2 Revisiting Previous Work

The team performance is a hot-discussed topic in the crowdsourcing literature [24, 53, 82] as well as
literature in other related filed (i.e., scientific activity, and knowledge production). For example, Wu
et al. [115] demonstrated the benefits of working as a team and differentiated the contributions of
small and large teams in the creation of scientific papers, technology patents and software products:
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smaller teams tend to create new and disruptive ideas, whereas larger teams have tended to build
on existing ones. Similarly, Wuchty et al. [117] explored the impact of teamwork on papers’ citation
rate. They found that team size has grown steadily each year and the citation advantage of teams
has been increasing with time. To some extent, our study identifies several similar results: working
as a team is also becoming a trend in crowdsourcing contests (see Table 3); Moreover, working as a
team is correlated with better performance (see Table 4). However, our result is not in line with
Wuchty et al. [117] in terms of the increasing advantage of teams. We find a significant negative
correlation between the time and the gap in average amount of medals awarded.

Our study also focuses on the collaboration as an on-demand transient team. Current research on
transient teams assumes collaboration is beneficial and focused on short-term team performance.
As discussed before, factors that influence the short-term team performance can be separated into
four categories: contest-specific factors [5, 17, 36, 120], individual-specific factors [2, 55, 88], team-
specific factors [82, 92, 115, 128], and environment-specific factors [16, 24, 102]. In our study, we
take both short-term and long-term performance into account. As for the short-term performance,
our results are in line with previous studies which highlighted the increase of short-term team
performance. As for the long-term performance, our results provide initial evidence that individuals
can also benefit from collaboration in the long term.

Previous studies in network and management science have reported mixed results regarding
the benefits of collaboration in individual and team-level performance. Seufert et al. [97] believed
the network perspective to be crucial for managing knowledge creation and transfer within orga-
nizations and conceptualized knowledge networking, where a number of people are assembled
in order to accumulate and use knowledge. Mason and Watts [77] explored the relation between
network structure and collaborative learning and found that networked groups generally out-
performed equal-sized collections of independent problem solvers. On the contrary, Bernstein et
al. [11] focused on how the network structure of social influence affect team performance and
suggested that social influence reduced exploration and thus depressed the quality of top solutions.
In our study, we focus on the teaming up decision instead of team performance. Importantly, we
extending the social influence theory by exploring two types of individuals’ intellectual capital
in terms of different collaboration forms (solo-related capital and teamwork-related capital). Our
study reveals the different roles of these two capitals on their teamwork choices, which results in a
path dependence effect for team formation decision.

6.3 Design Implications

Our findings have many practical implications for participants of crowdsourcing, including the
long-term-oriented professional crowd workers, the contest organizers and platform operators
such as Kaggle, DrivenData, Crowd ANALYTIX, Datascience.net, TianChi and DataFountain etc.

For participants, as working as a transient team is correlated with better performances in medals
but worse performances in points, a straight-forward lesson here is that if a participant prefers
medals, it might be a better idea for him/her to compete as a team, and if a participant prefers to
points, him/her had better to work individually. In addition, the cumulative teamwork experience
is shown to be associated with better short-term and long-term performance. Additionally, we can
observe a path dependency effect for acting as a solo or team worker. This would suggest that
participants who are long-term-oriented and want to become a professional crowd worker are
encouraged to do more teamwork to cumulative their teamwork experience, especially in their
early stage in the platform.

From the platform operator’s point of view, findings obtained in this paper provide several
insights to improve the operation of the crowdsourcing platforms to cultivate the teamwork. First of
all, particular emphasis should be placed on the operation of virtual teams in crowdsourcing contests.
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Our results shown that there is a growth in terms of the average proportion of teams in contests.
In 2020, about half of competitors in contests are teams with more than one members, which
indicates that teams increasingly become key participants in crowdsourcing contests. Supporting
the collaboration among teams is becoming a critical mission.

Next, our findings also offer several guidelines for contest organizers and crowdsourcing platform
practitioners who want to incentivize collaboration. On the one hand, there are a few approaches
contest organizers could take. They could increase the complexity of the contests, such as shorter
contest length, more data size, and without requiring kernel submission only; or they could reduce
the total number of medals. On the other hand, relationships between intellectual capital and
teamwork choice, as revealed in our study, can potentially be used for further optimizing the points
assignment algorithms used in the platform. As the results suggest, higher team-related intellectual
capital facilitates teamwork, while higher sole-related intellectual capital hinders teamwork. That
is, higher team-related intellectual capital and lower sole-related intellectual capital could boost
collaboration. However, in practice, the formula Kaggle used to allocate points penalizes individuals
who compete on teams with more teammates, hindering participants’ intent to work as a team.
We recommend that the crowdsourcing platforms modify their points allocation algorithms by
remedying such penalties.

Additionally,the positive team-related intellectual capital and negative solo-related intellectual
capital on teamwork choice are moderated by the prior collaboration experience. As demonstrated
by recent studies, the team formation strategy such as team dating [106] and community discussions
[111] before collaboration can be helpful to identify the right teammate and improve the teamwork
experience. Hence, platforms could explore these team formation strategies to develop the right team
and improve the collaboration experiences, especially for those solo endeavors. Just as elaborated
by the team formation example in Section 4.1.2, "[...]I read everything from them. And one day I
received an e-mail from Boris[...]", facilitating the teammate identification and new connection
development would be useful.

As for team performance improvement, platforms should pay more attention to the kernel feature.
This study suggests that the Kernel system has a significant positive effect on the medal gap and
a negative effect on the point gap. That is, the kernel feature increases the benefit of working as
a team in earning medals and reduces the disadvantage of working as a team in gaining points.
Actually, the kernel system on Kaggle allows participants to run code directly on Kaggle and share
code publicly with others. However,the observed negative effect of Kaggle kernel on teamwork ratio
(see Table 3) indicates the weakness of Kaggle Kernel for teamwork collaboration. Additionally, our
study shows a decreasing trend of surplus in medal gaining for teamwork (see Table 6), indicating
the amplification of the negative effect of social influence due to individual similarity increasing
in Kaggle in the long term. Therefore, empowering the teamwork collaboration capability of the
Kernel system, especially for high quality solution development, could be a beneficial option that
Kaggle could take.

6.4 Limitation and Future Work

Our current study suffers from several limitations, which open avenues for further studies. First
of all, in this work, we only conduct a case study with one particular crowdsourcing platform,
Kaggle, to understand the collaboration pattern in crowdsourcing contests. Some observations
reported in this study may be attributed to the specific ways that Kaggle operates and may not
generalize to other platforms. For example, different platforms may adopt different formula of
the point assignment, where the penalty on teamwork may not as significant as Kaggle. Given
Kaggle’s being the de facto blueprint for crowdsourcing contest platform operation such as the
design of Kernel system, team system and progression system etc., this study’s conclusion could
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be representative enough to understand the teaming-up strategies, the short-term and long-term
performance patterns within crowdsourcing contest platforms using the similar designs. However,
additional empirical and comparative studies could be done with data from other crowdsourcing
platforms to confirm the generalization of results revealed in this study.

Another limitation is the quality of data we can obtain from Meta Kaggle. As we can see, the
sample size used in our analyses is not very large. Although this data contains 8,514,706 users, our
analyses exclude many records because of poor data quality, such as records without submissions
and teams, records without team leaders, etc. Besides, our analyses are constrained by the publicly
provided data range. For example, as shown in Tables 6, when we fit regression models to understand
how time trend and contest design characteristics are associated with performance gaps between
team and solo, we find the fitted models have relatively large intercepts and low R2. The relatively
poor model fits could be partly caused by the possibility that the models do not capture additional
essential factors for explaining the performance gap. These factors are beyond the access of the
Meta Kaggle.

In addition, this study proposes several potential explanations for our observations, which may
not be correct. For example, the path dependency effect for workers to work solely or collaboratively
indicates that solo endeavors may not work well with teams, resulting in a worse collaboration
experience. However, we do not have direct insight into participants’ mental states, motivations, or
perceptions. This study would be strengthened by future work which uses surveys of participants
to match participants’ mental perceptions with collaboration behavior or further in-depth investi-
gations into the interactions among team members and other users in the community. While we
suggest some design implementation to promote teamworks in crowdsourcing contests, further
field studies to evaluate the effectiveness of different designs could be very valuable.

Another critical future direction of this work is to move beyond the question of "how do par-
ticipants collaborate in the crowdsourcing contests" to the more profound question of "why do
participants collaborate in the crowdsourcing contests,’, to support the long-term, synchronous
team collaboration. To this end, a qualitative, interview-based study will again help.

Finally, we note that as the working style in crowdsourcing shifts from one-off, independently
working to long-term, synchronous team collaboration, there is a rich amount of research oppor-
tunities emerging for better mining knowledge of how long-term-oriented professional crowd
workers collaborate. Our study, in some sense, is an example of such kind of research. We hope more
research will be conducted in the future to thoroughly examine the unique aspects of collaboration
patterns in crowdsourcing and gain deeper knowledge of and how transient collaboration unfolds
and affects an individual’s long-term success.
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