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Abstract

Crowdsourcing is rapidly becoming a mainstream innovation tool for firms. However,
despite its wide adoption, crowdsourcing often fails to deliver the desired outcomes in
practice. This dissertation seeks to examine how to fully leverage the innovativeness
of crowdsourcing. I argue that existing studies and theories of crowdsourcing have
been deeply rooted in the management paradigm of Taylorism and overlook the roles
of knowledge (re)combination, contextual complexity, and measures of crowdsourcing
effectiveness. While this theoretical perspective is valid in certain contexts, it might
be ill-suited to guide the use of crowdsourcing for complex problem-solving.

This dissertation consists of two essays that, combined, aim to develop a post-
Taylorism theoretical perspective of crowdsourcing that incorporates these important
but neglected elements. The first essay entitled “Making the Crowd Wiser: (Re)-
combination through Teaming in Crowdsourcing” examines the (re)combination
among solution solvers (i.e., the crowd) via teaming – i.e., team formation on the fly.
Although teams, when properly structured and composed, are expected to generate
higher quality solutions compared to individual solvers, simply allowing teaming
in crowdsourcing may not necessarily enhance global crowdsourcing effectiveness
as team formation during crowdsourcing would shift the distribution of quality of
all discovered solutions. I develop an agent-based simulation model, calibrated by
empirical data from an online crowdsourcing platform, to examine whether and to
what extent teaming could enhance the likelihood of finding high quality solutions for
the solution seeker. I present a theoretical framework that identifies the underlying
mechanisms of how teaming influences overall crowdsourcing effectiveness. The
framework is used to explore the impact of teaming in generalized crowdsourcing
environments.

The second essay entitled “The Cave of Crowdsourcing: A Systems Investigation
of Crowdsourcing Effectiveness” focuses on the knowledge re(combination) between
solution solvers (i.e., the crowd) and the solution seeker (i.e., the firm). To utilize
crowdsourcing beyond its existing knowledge base, the firm must evaluate and select
from the crowd’s solutions. However, this evaluation can be biased by the firm’s
existing understanding. I conceptualize crowdsourcing as a system constrained
by the seeker firm’s existing knowledge – the system is incentivized to produce
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satisfactory solutions for the firm but (potentially) ineffective solutions for the
crowdsourced problem. I extend the agent-based simulation model and examine
how the knowledge flows between the solution solvers and the seeker firm within the
crowdsourcing system influences the system’s performance in discovering solutions
with absolute high quality. I identify two paradoxes in crowdsourcing. First, the
crowdsourcing system is most likely to overlook high quality solutions developed
by the solvers when they are most needed. Second, when the seeker firm provides
feedback, although the seeker firm perceives the adopted solution as of higher quality,
the absolute performance may be poor. To resolve these paradoxes, I examine how
the seeker firm could leverage the wisdom of the crowd and learn from the crowd
about what design choices constitute a good solution.

Taken together, these two essays contribute to the literature on crowdsourcing
by proposing and developing a post-Taylorism perspective on crowdsourcing. The
overall contributions are twofold. First, this dissertation enhances our understanding
of how two distinct types of knowledge (re)combination influence crowdsourcing
outcomes. Second, this dissertation proposes a methodology for measuring and
comparing global crowdsourcing effectiveness across varying contingencies.
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Chapter 1 Introduction

1.1 Background and Motivation
Since the inception of the open innovation model (Chesbrough 2003), crowdsourc-

ing, where firms broadcast their internal problems to external solvers for innovative
solutions, has enabled firms to harness the minds of more people than they can
employ in their internal R&D function. Firms have developed their own crowd-
sourcing initiatives (Lykourentzou et al. 2021, Piezunka and Dahlander 2015) and
partnered with dedicated crowdsourcing platforms (Lee et al. 2018, Jiang et al. 2021)
to support innovation activities.

However, despite such wide adoption, recent industry analyses suggest that
crowdsourcing might be problematic in solving complex problems, the raison d’être
of innovation. For example, during the Mexico Gulf crisis, BP hosted a crowdsourcing
campaign to collect solutions for oil spills. The crowdsourcing campaign ended up
with “a lot of effort for little result” (Goldenberg 2011). Another interview with
NASA’s Center of Excellence for Collaborative Innovation also revealed that most of
NASA’s attempts to seek solutions from crowdsourced communities failed (Nunley
2020).

This thesis is concerned with how to utilize crowdsourcing for innovative solutions
to complex problems. Before presenting the specific research questions, this thesis
further proposes that one of the major obstacles to using crowdsourcing for solving
complex problems is the earmarks of the management paradigm of Taylorism implicit
in existing studies and theory of crowdsourcing.
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1.2 How Taylorism Limits Crowdsourcing
Taylorism refers to the management paradigm that focuses on increasing workers’

work efficiency through specialization in designated and repetitive tasks. This idea is
deeply ingrained in the contemporary theory of crowdsourcing. First, the dominant
theoretical perspective of crowdsourcing, the parallel path effect (Boudreau et al.
2011, Boudreau and Lakhani 2013, Terwiesch and Xu 2008), is consistent with
Taylorism’s assumption of specialization. The parallel path effect suggests there
exists substantial uncertainty in approaching and solving a crowdsourced problem.
As a result, having a large number of members in the crowd with specialized expertise
from diverse domains increases the likelihood of matching the problem with the
required knowledge and skills. While Taylorism allows minimal interaction among
workers to prevent social loafing, the parallel path effect also implies the search
process should be as independent as possible since interactions among crowds may
merge separate searches for solutions and consequently hinder problem-solving by
reducing the number of independent solutions.

Second, the choices of research context of prior crowdsourcing studies have
reflected Taylorism’s assumption of repetitive work. Despite the claim that crowd-
sourcing is one of the most widely adopted paradigms of the open innovation model
(Chesbrough 2003), crowdsourcing research hasn’t really aimed at addressing crowd-
sourcing effectiveness for complex problems that require innovative solutions. Many
studies have focused on relatively simple tasks such as logo design (Jiang et al. 2021,
2020, Jian et al. 2019), image selection (Koh and Cheung 2022), naming (Koh 2019)
and language translation (Liu et al. 2014).

Last, the main variables of interest in contemporary crowdsourcing studies align
with Taylorsm’s focus on efficiency. Prior research has extensively investigated
various ways to encourage participation and contribution from the crowd within a
crowdsourcing campaign. Different incentive mechanisms (Yang et al. 2009, Jian
et al. 2019) and design elements (Jiang et al. 2021, 2020, Nagaraj 2021, Koh and
Cheung 2022, Manshadi and Rodilitz 2022) have been shown to be associated with
the extent to which the crowd will put effort into crowdsourcing. Another stream
of literature on crowdsourcing has attempted to study crowdsourcing with formal
economic models (Terwiesch and Xu 2008, Mihm and Schlapp 2019, Korpeoglu
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et al. 2020, Hu and Wang 2020). The fundamental equilibrium for the crowd is to
maximize the likelihood of obtaining rewards with minimal effort. These studies
have implied that crowds’ dedication can guarantee crowdsourcing effectiveness.

Taken together, the theoretical foundation, the contexts studied, and the variables
of interest in crowdsourcing research have been deeply rooted in Taylorism. However,
as firms adopt crowdsourcing for complex problems that require innovative solutions,
implicit assumptions consistent with Taylorism, albeit valid, might not be suitable
as theoretical guides to fully utilize the innovativeness of crowdsourcing. First, given
the multidisciplinary nature of innovation, innovative solutions will likely involve
interdependent pieces of knowledge from disparate domains. A single specialized
agent (e.g., a firm or a solver of the crowd) might not have the complete set of
knowledge and skills to tackle all of the interdependencies and independently develop
an innovative solution. There is still a paucity of theory that underpins the efficient
(re)combination of expertise during crowdsourcing. Second, the shift from utilizing
crowdsourcing for relatively simple tasks to complex problems raises the importance
of including problem complexity and interdependence as essential contingencies for
crowdsourcing theory. It is not clear whether conclusions drawn from the study
of simple tasks will also apply to complex problems. Last, merely increasing the
efficiency of the crowd (e.g., encouraging participation and contribution) might
not guarantee crowdsourcing effectiveness for complex problems. Crowdsourcing
effectiveness is jointly determined by the crowd’s endeavor and expertise. While
the former decides to what extent the crowd’s expertise has been harnessed, the
latter decides the quality of the solutions when expertise from the crowd is fully
exploited. As crowdsourced problems become more complicated, expertise possessed
by specialized agents might not be sufficient for innovative solutions. In other
words, even if the crowd participants have dedicated themselves to crowdsourcing,
the developed solutions may still be of low quality when expertise has become
the primary constraint. An important but somewhat overlooked aspect in the
extant theoretical perspectives of crowdsourcing is how to enhance crowdsourcing
effectiveness to complement the view of efficiency for complex problems.

Given these limitations, the next section will provide an suggestive outline of a
post-Taylorism theory of crowdsourcing.
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1.3 Towards a Post-Taylorism Theory of Crowd-
sourcing

In developing a post-Taylorism theory of crowdsourcing, this thesis draws on the
concept of search on rugged landscapes to lend structure and coherence. The broad
intellectual tradition of landscape search spans biology (Kauffman 1993), economic
sociology (Gavetti et al. 2017, Levinthal 1997), and technology and innovation
management (Fleming and Sorenson 2003). From organisms to organizations,
landscape search explains how various entities (e.g., species, organization forms,
technology, and products) evolve through adaptation – an entity is characterized
as consisting of some attributes (e.g., genome, organization elements, product
features). Each location on the landscape represents a particular configuration of
these attributes and is associated with a certain fitness level to the environment.
Entities adapt to different locations on the landscape by changing the configurations
of their attributes. Depending on the magnitude of change, entities’ adaptation is
restricted within areas with different proximity. Kauffman (1993) showed that the
fitness of mapping an entity to its environment depends on not only the attributes
of the entity independently but also on how those attributes interact with each
other. When there are few interdependencies among attributes, entities can evolve
on a smooth surface, but as the number of interdependencies increases, entities
must adapt on a rugged landscape with multiple summits and valleys. This thesis
instantiates entities as solutions / innovations to complex problems, so the metaphor
of landscape search provides an apt theoretical framework to investigate complex
adaptive problem-solving (Afuah and Tucci 2012).

Consider a firm that navigates the rugged landscape in search of a solution to a
problem (i.e., seeks the solution with highest fitness on the landscape). It cannot
search all possible alternatives and immediately move to the highest location on the
landscape due to limited information and resources. Rather, the firm is constrained
by bounded rationality (Cyert and March 1963). Alternatives within the firm’s
neighboring areas are incremental changes from the firm’s current location and
are thus relatively more predictable. The firm searches its neighborhood on the
landscape in a “satisficing” manner – whenever an alternative from a neighboring
area is perceived to be better than the current position, the firm moves to that
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location, and so forth.
The firm’s search process on the landscape is deeply shaped by its knowledge

about the landscape. The firm’s knowledge base and capability determine what
attributes it can change and as a result, which areas on the landscape it can explore.
Additionally, the firm has its unique cognitive frame of problem-solving according
to its knowledge base (Gavetti and Levinthal 2000, Afuah and Tucci 2012). A firm’s
cognitive frame determines how it perceives local alternatives and consequently affects
the firm’s search trajectory by modifying every satisficing decision. If the firm’s
knowledge and capability hinder the firm from exploring outside its neighborhood,
or the cognitive frame does not capture the nuance within the firm’s neighborhood,
the firm might not be able to approach positions with high fitness on its own.

Now consider a focal firm that attempts to search the landscape via crowdsourcing
and broadcasts its problem to the crowd – a group of agents (other firms, consulting
companies, individual solvers). Agents from the crowd are with their diverse
knowledge bases and unique cognitive frames. Consequently, agents will search
different areas with various search trajectories. The focal firm only needs to motivate
agents such that the landscape is explored as much as possible and then evaluate all
discovered locations at the end of crowdsourcing. In this way, crowdsourcing enables
the firm to effectively conduct distant search on the landscape and approach areas
that were out of reach via merely internal search (Afuah and Tucci 2012).

However, as discussed earlier, any single specialized agent may be unable to
approach and search areas of high fitness due to limited knowledge and imperfect
cognitive frame. This is especially so when the landscape is rugged, and the interde-
pendencies among attributes are unbeknownst to agents. Although crowdsourcing
enables distant search, it does not necessarily increase the likelihood of finding the
global optimum of the landscape if little distant search is conducted in areas with
high fitness. Little is known about how to navigate agents to areas beyond their local
knowledge bases via (re)combination to increase the likelihood of finding the global
optima on rugged landscapes. The following sections use the metaphor of landscape
search to outline these key elements of a post-Taylorism theory of crowdsourcing.
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1.3.1 (Re)combination of Expertise

Although the agents in crowdsourcing search different areas on the landscape, it is
not guaranteed that their explored areas are indeed areas with high fitness. The firm
may manage to recruit a great number of agents but meanwhile, gain little exposure
into innovative solutions because the recruited agents cannot approach areas of
high fitness due to insufficient knowledge and skills. The efficient (re)combination
of expertise possessed by different agents may expand agents’ search areas by
allowing for modifying more attributes and for inducing new search trajectories
from the integration of different cognitive frames. Therefore, a post-Taylorism
theory of crowdsourcing should complement the parallel path perspective with a
(re)combination perspective to enable crowdsourcing to identify solutions that cannot
be discovered merely by parallel search.

Several nuances emanate from the interplay between the parallel and (re)combi-
nation perspectives. First, the (re)combination perspective can enrich the parallel
path perspective only if there is ex-ante independent search before the combination.
(Re)combinations before crowdsourcing only change the unit of analysis in the
framework of the parallel path effect. For example, if several individual solvers form
a team and join a crowdsourcing contest, the specialized team would be the basic
agent that searches a particular area on the landscape according to the portfolio of
team members’ expertise. Hence, a post-Taylorism theory of crowdsourcing should
focus on in-progress (re)combinations. Second, the (re)combination of expertise
inherently weakens parallel search and the extent to which the parallel path effect
could be leveraged. (Re)combination merge separate search areas and trajectories
and as a result, fewer independent attempts are made by the same number of agents.
A post-Taylorism theory of crowdsourcing should put the same emphasis on both
the opportunities and obstacles of (re)combination.

1.3.2 Complexity as Contingency

Parallel search and (re)combination may lead to different outcomes across varying
degrees of the ruggedness of the landscape. When attributes of the solutions are
relatively independent, a solution to the problem can be found by configuring each
attribute separately. Put simply, agents search on a landscape with few peaks
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that are reachable as long as agents choose a direction with a positive gradient
during the search process. Conversely, for complex problems with interconnected
attributes, the problem-solving process may get trapped where no attributes can
be further modified as it can reduce the value of other configured attributes due to
their interdependencies. Agents search on a rugged landscape with numerous local
peaks. Search along the directions with positive gradients may lead agents to one of
the local peaks, but not necessarily the global peak. Whenever agents reach a local
peak on the landscape, they can only cease the search process since they cannot
find a better alternative in the immediate neighborhood. Given the fundamental
differences between search on smooth and rugged landscapes, a post-Taylorism
theory of crowdsourcing should take a contingency view concerning complexity and
underpin the utilization of crowdsourcing for complex problems to complement the
extant theory that develops from simple problems.

1.3.3 Crowdsourcing Effectiveness

One last element of a post-Taylorism theory of crowdsourcing is the shift of focus
from efficiency to effectiveness.

Although prior theoretical perspectives on crowdsourcing have mainly focused on
whether agents from the crowd search their respective areas as extensively as possible,
the outcomes of extensive search are constrained by agents’ expertise and cognitive
frames of problem-solving. When agents’ expertise is only a subset of all required
knowledge and skills, or their cognitive frames are inaccurate representations of the
reality, the best possible solutions discovered via parallel search may not actually
have high fitness. In other words, agents’ search efficiency may not necessarily
be positively associated with crowdsourcing effectiveness. While the mainstream
efficiency-oriented theory attempts to utilize crowdsourcing to its full potential, a
post-Taylorism theory should focus on how to improve the potential of crowdsourcing.

There are some hurdles to developing an effectiveness-oriented theory. First and
foremost, there aren’t any appropriate and observable counterfactuals of crowdsourc-
ing outcomes. Even if the firm has adopted an innovative solution via crowdsourcing,
it may not be the most effective solution that could have been developed from the
same crowd with the same levels of efficiency, especially when the search process
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entails the impacts of both parallel search and (re)combination. Second, the firm’s
solution adoption in crowdsourcing per se does not necessarily imply effectiveness.
Consider the insufficient expertise and inaccurate cognitive frames that drive the firm
from internal R&D to crowdsourcing for distant search. It is not guaranteed whether
the firm can choose the most effective solution from crowdsourcing. Developing a
post-Taylorism theory requires additional methodological consideration to overcome
these problems.

Given these aforementioned elements, this thesis develops a post-Taylorism
theoretical perspective of crowdsourcing through simulation methods.

1.4 Research Focus and Contributions
This thesis is comprised of two essays that combined, aim to develop a post-

Taylorism theoretical perspective of crowdsourcing that improves crowdsourcing
effectiveness with a focus on the (re)combination of expertise across varying levels
of problem complexity. This thesis uses a simulation-based method that enables
creative experimentation to produce novel theory (Davis et al. 2007). Specifically,
this thesis first formalizes the conceptual landscape of problem-solving with the NK
fitness landscapes model (Kauffman 1993) and then models the solution seeker (i.e.,
the firm) and solution solvers (i.e., the crowd) as agents with different search areas
and cognitive frames due to limited knowledge. This thesis runs a set of simulation
experiments to unravel the impact of (re)combination on the likelihood of finding
the global optima of landscapes with varying levels of ruggedness. Essay I, and essay
II focuses on the (re)combination among solution solvers (i.e., the crowd), and the
(re)combination between solution solvers (i.e., the crowd) and the solution seeker
(i.e., the firm), respectively.

Taken together, my dissertation offers several implications for research and
practice. First, the two essays extend the literature on crowdsourcing by providing
insights into how knowledge (re)combination influences crowdsourcing effective-
ness. Given the predominance of focus on the parallel path effect in the existing
crowdsourcing literature, they have the potential to enrich our understanding by
highlighting alternative mechanisms through which crowdsourcing can generate
value. Second, the research design in my dissertation capture global crowdsourcing
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effectiveness that has been largely overlooked due to the limitations of archival
data. My dissertation, therefore, extends the literature by foregrounding this core
construct. Third, this dissertation establishes problem complexity as a boundary
condition and therefore contribute to a contingency view of crowdsourcing.

For practical implications, this dissertation offers insight into how firms can more
effectively leverage the innovativeness of crowdsourcing. The findings help firms
decide whether to adopt a crowdsourcing approach should be adopted and if so, how
to proactively intervene in the process to steer the massive parallel search. This
dissertation also provides guidance for crowdsourcing platforms on how to improve
their design to better support the solution seeker firm in discovering high quality
solutions.

1.5 Thesis Organization
This opening chapter has provided an overview of the study context and motiva-

tions based on the theoretical gaps. It highlights the importance of a post-Taylorism
theory to fully utilize the innovativeness of crowdsourcing. Chapter 2 describes
Essay I in detail. It first reviews theoretical foundations of (re)combination via
teaming in crowdsourcing and then presents how different theoretical constructs are
formalized into different components of a computational model. The computational
model is calibrated using data from an online crowdsourcing platform and is used to
derive theoretical mechanisms. The identified theoretical mechanisms are then ap-
plied to interpret the impact of teaming in generalized crowdsourcing environments.
Implications to both research and practice are then elaborated. Chapter 3 describes
Essay II in detail. It begins by reviewing and conceptualizing crowdsourcing as a
system constrained by the seeker firm’s existing knowledge. The identified theoreti-
cal foundations are translated into a computation model. Four experiments that
capture different knowledge flows between the solution seeker and solvers within the
crowdsourcing system are conducted. Implications to both research and practice are
then provided. I conclude this thesis in Chapter 4.
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1.6 Abstracts of the Two Essays
This section presents the abstract of the two essays.

1.6.1 Essay 1: Making the Crowd Wiser: (Re)combination
through Teaming in Crowdsourcing

Firms have widely adopted crowdsourcing because of its advantages in conduct-
ing parallel search by recruiting a large number of solvers to generate innovative
solutions to challenging problems. Formerly independent solvers may join forces to
collaboratively develop solutions via teams to co-create solutions that would not
have emerged from any parallel yet independent path alone. However, when teams
are formed on the fly during crowdsourcing (teaming), they inevitably alter the
distribution of the quality of all solutions via reducing the number of independently
developed solutions. There is scant research examining whether and to what extent
teaming could compensate for the loss in the parallel search and eventually increase
the likelihood of firms obtaining high quality solutions, namely crowdsourcing ef-
fectiveness. In this paper, we posit that solvers are likely to make use of a variety
of publicly available information that crowdsourcing platforms provide as quality
signals in determining potential teammates for teaming. In turn, this reliance on
observable quality signals will shape the self-selected teaming process and subsequent
crowdsourcing effectiveness. Using simulation experiments, we find that the impact
of teaming on crowdsourcing originates from the immediate returns from identify-
ing other solvers (or their solutions) to integrate with and potential returns from
teamwork-based collaboration, albeit conditionally depending on problem complexity
and the timing of teaming. Moreover, under certain conditions, teaming may not
compensate for the loss in parallel search and will hamper global crowdsourcing
effectiveness. The findings shed new light on crowdsourcing effectiveness and design
and point to exciting new lines of inquiry.

1.6.2 Essay 2: The Cave of Crowdsourcing: A Systems
Investigation of Crowdsourcing Effectiveness

Firms increasingly adopt crowdsourcing to solve complex problems by lever-
aging external solvers. However, as solvers with diverse knowledge partaking in
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crowdsourcing, the firm’s existing knowledge may constrain its ability to evaluate
and steer solvers’ parallel search. This study conceptualizes crowdsourcing as a
system constrained by the firm’s knowledge, where solvers’ efforts may shift from
effective problem solving to merely fitting the firm’s existing understanding. We
examine the ability of the crowdsourcing system to obtain high quality solutions,
namely crowdsourcing effectiveness, by analyzing the interactions between the firm
and solvers. Using simulation experiments, we find two paradoxes. First, when
crowdsourcing is most needed to develop solutions beyond the firm’s knowledge, the
crowdsourcing system is also most likely to overlook high quality solutions. Second,
feedback from the firm may make the firm more satisfied at the cost of worsening
crowdsourcing effectiveness, leading to a system collapse. To resolve these paradoxes,
we examine how the firm might learn from the wisdom of the crowd. We find that
learning from the crowd enhances crowdsourcing effectiveness, contingent on the
firm’s knowledge level and problem complexity. These findings shed new light on
crowdsourcing effectiveness and design and point to exciting new lines of inquiry.
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Chapter 2 Making the Crowd Wiser: (Re)-
combination through Teaming in Crowd-
sourcing

2.1 Introduction
With the advancement of information technology, firms, as solution seekers, are

able to post their problems on crowdsourcing platforms for external solvers from all
over the world to develop innovative solutions (Malhotra et al. 2021, Boudreau and
Lakhani 2013). The effectiveness of this crowdsourcing approach lies in the ability
to discover the extreme-value outcomes from the underlying distribution of possible
quality of outcomes (Boudreau et al. 2011, Loch et al. 2001). Complex problems
entail considerable uncertainty in what knowledge is required to solve them, and as
a result, engaging a crowd of solvers with as diverse knowledge as possible addresses
this uncertainty by increasing the likelihood that at least one participant having the
required knowledge will partake in the problem solving and find an extreme-value
solution. This idea, termed the “parallel path effect”, is deeply ingrained in the
contemporary crowdsourcing literature, which has focused on identifying ways to
encourage participation so as to facilitate greater parallel independent search (e.g.,
Jian et al. 2019, Jiang et al. 2020, Lysyakov and Viswanathan 2023).

Despite the predominance of focus on the parallel path effect in the existing
crowdsourcing literature, a growing body of research has recognized that this
perspective overlooks the co-creation of solutions via interactions among solvers
(Majchrzak and Malhotra 2013). Formerly independent solvers may join forces to
collaboratively develop solutions or share intermediate outputs for others to build
upon during crowdsourcing to co-create solutions that would not have emerged from
any parallel yet independent path alone (Jin et al. 2021). While prior work has shown

12



that such co-creation can occur among relative strangers temporarily organized into
teams (Majchrzak et al. 2012), the crowdsourcing literature has largely treated teams
as pre-formed problem-solving units (e.g., Cao et al. 2022, Dissanayake et al. 2015),
without considering the possibility that solvers can form teams on the fly to co-create
innovative solutions. (Henceforth, we refer to teaming, the process through which a
group of strangers are temporarily assembled into a multidisciplinary team for a task
as per Edmundson (2012), to describe team formation during ongoing crowdsourcing
contests.) Compared to pre-formed teams, teaming offers a more flexible approach
to team formation by allowing greater variation in how diverse knowledge from
different solvers is combined during crowdsourcing and as a result, has the potential
to better address the inherent uncertainty in solving a crowdsourced problem.

Paradoxically, although teams, when properly structured and composed, are
expected to generate higher quality solutions compared to individual solvers (Cao
et al. 2022, Riedl and Woolley 2017, Dissanayake et al. 2015, Javadi and Hirschheim
2021), simply allowing teaming in crowdsourcing may not necessarily enhance global
crowdsourcing effectiveness. With teaming, previously independent solvers work
together and submit only an integrated solution to the solution seeker for final
selection. The number of developed solutions submitted by the crowd at the end of
crowdsourcing will thus be reduced. As such, teaming, on the one hand, adversely
affects crowdsourcing effectiveness by diminishing the number of parallel paths, as
fewer solutions are ultimately discovered. On the other hand, teaming may (or
may not) favorably affect crowdsourcing effectiveness by increasing the quality of
the discovered solutions, albeit fewer in numbers. Whether the positive effect of
teaming on individual-level solution quality materializes into overall crowdsourcing
effectiveness depends on how the distribution of quality of all discovered solutions
shifts due to teaming and the associated reduction of parallel paths. For example,
the solutions discovered by the crowd with teaming may be of lesser variety leading
to marginal (or no) gains to the likelihood of discovering the best possible (or a set
of very high quality) solution(s) – the extreme-value outcome that solution seekers
desire. The impact of teaming on global crowdsourcing effectiveness can therefore
be much more complex than their immediate impact on the quality of individual
solutions. Even if the average quality or performance of individual solutions has
been enhanced through teaming, overall crowdsourcing effectiveness may still be
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hindered if the extreme-value solutions are insufficiently explored by the crowd.
Whilst prior research, likely due to limitations of archival data, has primarily focused
on the average effect of forming teams on the quality or performance of individual
solutions (e.g., Cao et al. 2022, Dissanayake et al. 2015), we still lack a nuanced
understanding of how teaming affect global crowdsourcing effectiveness.

Moreover, unlike in organizations where managers can compel how individuals
are coordinated from a global view, teaming in crowdsourcing takes place locally in
a self-selection manner in which solvers are motivated to choose other solvers with
whom to team up with the goal of enhancing the performance of their own solution
so as to increase their chances of winning the crowdsourcing contest (Riedl and Seidel
2018, Majchrzak et al. 2021); and as such individual solvers are not preoccupied with
enhancing global crowdsourcing effectiveness. For instance, the whole population of
solvers tends to converge around similar ideas rather than exploring novel ones in
response to the seeker’s selection criteria (Park et al. 2022). In addition, because most
solvers in online crowdsourcing are unfamiliar with each other, they primarily rely
on publicly available information to gauge the quality of other solvers/solutions to
team up with (Riedl and Seidel 2018, Park et al. 2022). Depending on how numerous
solvers are guided by different quality signals in selecting targets for teaming to
different extents, the impacts of teaming on global crowdsourcing effectiveness may
also vary.

Considering these gaps of the extant crowdsourcing literature, there is a need for
further theoretical development and analysis to deepen our understanding of how
team formation during crowdsourcing among formerly independent solvers impact
global crowdsourcing effectiveness. We adopt a simulation-based approach to answer
our research questions. The simulation-based approach enables us to uncover second-
order outcomes that emerge from first-order interactions among agents (Benbya et al.
2020, Miranda et al. 2022, Nan and Tanriverdi 2017). The simulation model we
develop explicitly captures how solvers decide whether to and with whom to team up
under the influence of publicly available quality signals; and how solvers search for
solutions independently (before teaming) and jointly (after teaming). We calibrate
the simulation parameters governing solvers’ teaming decisions based on empirical
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data from Kaggle1 and then conduct counterfactual simulations to compare global
crowdsourcing effectiveness with and without teaming.2 Our simulation results
suggest that the impact of teaming on crowdsourcing originates from the immediate
returns from identifying high quality solution to integrate with and potential returns
from teamwork-based collaboration, albeit conditionally depending on problem
complexity and the timing of teaming. Moreover, under certain conditions, teaming
may not make up for the loss in parallel search and will hamper global crowdsourcing
effectiveness.

Our findings offer a range of theoretical insights. First, to our knowledge, this is
one of the first studies to investigate the impact of interactions that occur during
crowdsourcing on global crowdsourcing effectiveness – the most relevant outcome
metric for solution seekers that reflects the power of crowdsourcing. However, prior
crowdsourcing studies have thus far investigated the quality of individual solutions
which cannot fully portray global crowdsourcing effectiveness. Second, this study
contributes to the crowdsourcing literature by highlighting the interplay between
the parallel path effect and teaming as a potential mechanism underlying crowd-
sourcing effectiveness. Third, it contributes to the research stream on crowdsourcing
platform design by highlighting the impact that information provided on crowdsourc-
ing platforms may have on teaming decisions and subsequently on crowdsourcing
effectiveness.

2.2 Theoretical Foundations

2.2.1 Crowdsourcing: Parallel Landscape Search

The creation of novel technologies, products and services all involve addressing
complex problems that require configuring a large number of interdependent decisions
(Simon 1962). The rugged landscape metaphor of the NK fitness landscapes model
(Kauffman 1993) has been a useful theoretical apparatus to understand complex

1www.kaggle.com
2Even though empirical data from crowdsourcing platforms such as Kaggle are available, our

research questions cannot be answered with an empirical approach. A limitation of empirical
analysis in this context is that it only allows direct observations of team performance (i.e., the
quality of team-based solutions) instead of global crowdsourcing effectiveness (e.g., whether or not
the set of extremely good solutions was discovered).
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problem solving. Prior work on problem solving as landscape search has shown that
effective problem solving is stymied by the ruggedness of the landscape (i.e., the
complexity of the solution space) – as the solution space becomes more complex,
problem solving is likely to end up with suboptimal solutions where no improvement
can be made by merely considering incremental alternatives. It has also been shown
that the ability to explore many different parts of the problem’s solution landscape
yields the greatest chance of finding the optimal solution, especially for complex
problems (Fleming and Sorenson 2003).

Crowdsourcing offers a tenable approach to finding high quality (and potentially
optimal) solutions by enabling multiple parallel searches of the solution landscape
on a larger scale compared to internal R&D (Afuah and Tucci 2012). It is fundamen-
tally a process where innovative solutions are discovered through extensive parallel
experimentation. The diversity in knowledge about the problem distinguishes the
problem solvers’ initial positions on the solution landscape and consequently influ-
ences their subsequent search trajectories, enabling the crowd of solvers to explore
the landscape more extensively than a single solution seeker could through serial
trial and error search (e.g., through internal R&D). At the end of crowdsourcing,
the solution seeker collects all of the solutions submitted by solvers seeking to win
the contest. As a result, all solutions discovered by individual solvers are made
available to the solution seeker. In this way, the solution seeker is able to conduct
parallel distant search on the rugged landscape and may find high-quality solutions
at a lower cost compared to internal R&D. This is essentially the mechanism of
the “parallel path effect” (Boudreau et al. 2011) where increasing the number of
crowdsourcing participants leads to more exploration of all possible parts of the
landscape and as a result, enhances crowdsourcing effectiveness in terms of the
likelihood of finding extremely good solutions to the seeker’s problem.

As such, research in crowdsourcing has thus far emphasized the importance
of crowd participation to better leverage the parallel path effect. For example,
the reward structure (Yang et al. 2009, Liu et al. 2014), project characteristics
(Yang et al. 2010), problem specification (Jiang et al. 2020), feedback on progress
(Jiang et al. 2021, Sanyal and Ye 2023), prize guarantees (Jian et al. 2019), the
number of live crowdsourcing campaigns (Mo et al. 2021), the use of AI assistants
(Lysyakov and Viswanathan 2023), and the timing of participation (Lee and Mishra
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2025) have been studied in terms of their impact on solver participation. This
perspective, albeit valid, neglects the fact that merely enhancing parallel search
by increasing participation levels may fail to ensure a thorough exploration the
problem’s solution landscape. As the crowdsourced problem becomes broad in scope
and requires the integration of knowledge from many different domains, there may
be no individual solver who has knowledge of all aspects of the problem (Gurca et al.
2023, Majchrzak et al. 2021, Majchrzak and Malhotra 2020). Imperfect knowledge
possessed by solvers can hamper the parallel path effect from two aspects. First, it
limits solvers’ search space on the landscape and hinders solvers from developing
complete solutions beyond the scope of their individual knowledge. Only solvers
who happen to be initially located in the vicinity of optimal solutions might be
able to discover high quality solutions to the crowdsourced problem (Afuah and
Tucci 2012). For example, Lifshitz-Assaf (2018) found that only 3 of 14 R&D
problems crowdsourced by NASA have been completely resolved. Moreover, solvers
are expected to build a mental representation of the problem based on its description
and requirement and then develop solutions based on this mental representation
(Sanyal and Ye 2023). Imperfect knowledge, however, hinders solvers from fully
understanding the problem and thus leads to incomplete mental representations of
the problem. Incomplete representations, in turn, will misguide how solvers explore
the landscape.

In sum, although crowdsourcing enables the solution seeker to conduct parallel
search on the problem’s solution landscape, the effectiveness of such parallel search for
complex problems is limited by the knowledge of individual solvers. This limitation
underscores the need for knowledge combination across different solvers.

2.2.2 Teaming: The Joining of Parallel Search Paths

Several recent studies have begun to investigate the combination of knowledge
via teams in crowdsourcing. The performance of a team is associated with the
diverse yet complementary skills and knowledge possessed by the individuals in
the team (Zenger and Lawrence 1989, Devine and Philips 2001) and the process
through which different skills and knowledge are combined (Wegner 1987, Marks
et al. 2001, Faraj and Sproull 2000). As such, the crowdsourcing literature has mainly
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focused on member composition in terms of skill levels and diversity (Dissanayake
et al. 2019, Cao et al. 2022, Riedl and Woolley 2017) and on the collaboration
process among team members (Dissanayake et al. 2015, Riedl and Woolley 2017,
Javadi and Hirschheim 2021). When a team is formed with a particular composition
and operates in a collaborative manner, it is expected that the team will be able
to overcome the limitation of individual knowledge and outperform individual
solvers in jointly searching along a single path on the problem’s solution landscape.
Similarly to individual solvers, attracting as many teams as possible can strengthen
parallel search, especially if teams generally outperform individual solvers. With
prior collaboration experience, solvers sometimes pre-form teams and participate in
crowdsourcing contests as a team. A pre-formed team, on the one hand, combines
diverse knowledge possessed by different members. On the other hand, it retains the
same team composition which makes them relatively rigid in the face of complex
crowdsourcing problems with variations in knowledge requirements. As the domain
of the crowdsourcing problems changes, it is reasonable to expect that a pre-formed
team is also less likely to solve them completely.

In contrast, teaming, whereby solvers initially participate in the crowdsourcing
contest as independent problem-solving units and then identify potential teammates
on the fly to solve the crowdsourcing problem collectively, provides a more flexible
approach to team formation in crowdsourcing. Simply put, solvers initially engaged
in independent search paths are essentially joining forces to jointly search the
problem’s solution landscape. Teaming allows crowdsourcing to flexibly leverage the
whole crowd instead of being constrained to a smaller group of mutually familiar
solvers and thus has greater potential to overcome the limitations of individual
knowledge and enhance global crowdsourcing effectiveness by increasing the chances
that some spontaneous combination of knowledge will fit the problem at hand.
However, whenever previously independent solvers team up during a crowdsourcing
contest, they integrate independently developed in-progress solutions and will submit
only one joint solution to the solution seeker for selection at the end of crowdsourcing.
Even though the quality of the solutions may be higher due to teaming, the number
of solutions discovered and submitted by the crowd will inevitably be reduced. The
more extensive teaming takes place among solvers, the greater this reduction will
be. Moreover, forming teams on the fly during ongoing contests can be much more
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complicated compared to in conventional (organizational) contexts, where team
formation can be conceptualized as a deliberate decision (Owens et al. 1998) in which
diverse factors such as homophily (Gompers et al. 2017, Ruef et al. 2003), diversity
(Reagans and Zuckerman 2001) and pre-existing relationships (Ruef et al. 2003,
Reagans et al. 2004) are carefully considered by managers to strategically optimize
team composition and process and thus maximize team performance (Hamman and
Martínez-Carrasco 2023, Millhiser et al. 2011). In the crowdsourcing context, there
is no manager who can orchestrate team formation with a global view to enhance
overall crowdsourcing effectiveness, but rather, team formation occurs organically via
self-selection into teams. Individual solvers select possible teammates from strangers
with the expectation that together, the team will be able to solve the given problem
more effectively compared to solving it independently as individuals.

The self-selection nature of teaming introduces great uncertainty because most
solvers in real crowdsourcing contests are unfamiliar with each other due to limited
past collaboration experiences. It is thus difficult for solvers to accurately evaluate
the inherent capabilities of numerous strangers and as a result, solvers face challenges
in estimating the likelihood of team success. Moreover, teaming can happen at any
stage of crowdsourcing. Similar to those studied in innovative settings, solvers in
crowdsourcing could form teams as nominal groups where they can start by working
independently and later might decide to team up to collaborate (Girotra et al. 2010).
The discretionary timing of teaming further exacerbates the uncertainty of teaming
as forming teams with the same targets may induce different performance at different
stages of crowdsourcing (i.e., when the individuals’ search paths join). The prior
literature suggests that individuals in online crowd spaces will make use of publicly
available information to alleviate the uncertainty in their self-selection process (Hahn
et al. 2008, Riedl and Seidel 2018). In the context of crowdsourcing, solvers can also
rely on information that signal different aspects of potential teammates to narrow
down the scope of consideration and gauge the potential benefits of teaming. What
remains unknown, however, is how self-selected teaming affects global crowdsourcing
effectiveness.
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Figure 2.1: How Teaming Affects Crowdsourcing Effectiveness

2.2.3 Crowdsourcing Effectiveness: The Interplay between
the Parallel Path Effect and Teaming

Although teams may generate higher quality solutions that their individual
counterparts with imperfect knowledge cannot achieve, team formation via teaming
inherently reduces parallel search because fewer solutions will eventually be submitted
to the seeker. The prior literature on crowdsourcing, however, has mainly focused on
the former at the expense of the latter. For instance, solution sharing and learning
within teams and crowdsourcing communities (Jin et al. 2021, Javadi and Hirschheim
2021, Lysyakov and Viswanathan 2020, Riedl and Seidel 2018) can increase scores
as well as the likelihood of winning for the submitted solutions. But a reduction
in parallel search may actually render crowdsourcing less effective overall for the
solution seeker.

Not considering the reduction of parallel search is critical because global crowd-
sourcing effectiveness depends on which solvers (and their solutions) are involved in
teaming. As mentioned earlier, solvers self-select their potential teammates based on
publicly available information that signal solvers’ inherent qualities. Consequently,
solvers who are considered superior based on these signals are more likely to be
targets of teaming. However, solvers with favorable signals are also likely to be
high performers themselves. Integrating solutions possessed by these solvers via
teaming may yield marginal additional benefits since their solutions are already
well-developed. Moreover, the prior literature on collective problem-solving has
suggested an exploration-exploitation trade-off when independent solvers work to-
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gether (Bernstein et al. 2018). That is, although the quality of individual solutions
can be generally increased through intensive exploitation of existing knowledge
via interactions among solvers (such as teaming), the best solution (or the set of
very good solutions), which is fundamentally the seeker’s motivation for hosting
a crowdsourcing contest, may decrease in quality due to insufficient independent
exploration of novel solutions (Lazer and Friedman 2007, Mason and Watts 2012).
For example, when a solver with a solution that is promising yet underdeveloped
forms a team with another, its efforts may be redirected to the other’s inferior
solutions that generate positive feedback in the short run. Depending on which
solvers are involved in teaming, whether the subsequent teamwork can balance
exploration and exploitation to compensate for the loss of parallel search remains
uncertain.

To illustrate the interplay between the parallel path effect and teaming, Figure
2.1 presents three plausible scenarios illustrating instances where teaming enhances
(2.1a), has no impact on (2.1b), or diminishes (2.1c) global crowdsourcing effective-
ness. Each figure displays possible (and likely) distributions of solution quality via
mere parallel search (i.e., when there is no teaming; see the dotted lines) and with
teaming (see the solid lines).3 Figure 2.1a presents a desirable case where high quality
solutions are discovered by solvers through teaming (see the right area), for example,
when solvers in the left tail complement imperfect knowledge via teaming and jointly
develop comprehensive solutions that any individual solvers cannot configure. In
contrast, Figure 2.1b shows a status-quo scenario where teaming only reduces the
number of solutions and generates marginal benefits on high-quality solutions (see
the right area). This could happen when only high performers with similar knowledge
integrate well-developed solutions via teaming. Figure 2.1c indicates a counterpro-
ductive case where although the average quality of solutions increases compared
to independent parallel search, the number of high-quality solutions decreases (see
the right area). As discussed before, solvers who could have developed high-quality
solutions may be deviated away from exploring their solutions after teaming and as
a result, reduce the number of high quality solutions.

In sum, although teaming, by allowing collaboration, may increase the average
3In generating these figures, we ensured that density of the distribution for teaming is smaller

than that of parallel search, indicating the reduction in the number of parallel trial and error.
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quality of individual solutions (i.e., shift the mean of the distribution rightwards
in Figure 2.1), its impact on global crowdsourcing effectiveness still depends on
teaming can compensate for the reduction of parallel search.

2.3 Empirical Evidence
To highlight the prevalence of teaming, we show suggestive empirical evidence

from crowdsourcing competitions on Kaggle. Kaggle is the world’s largest crowd-
sourcing platform for complex machine learning problems. Kaggle allows solvers
to form teams with other unfamiliar solvers on the fly during crowdsourcing com-
petitions, making it a good fit for observing real-world teaming behaviors. One
of the most notable pieces of information provided by Kaggle is a public contest
leaderboard that records the contemporaneous performance of all solvers (both
individuals and teams) during the contests (Lee et al. 2018). We use leaderboards
on Kaggle to support our argument that solvers will likely be influenced by publicly
available quality signals in their teaming decisions. We tracked how teaming takes
place according to the public leaderboards on a daily basis for 63 live contests
on Kaggle from May 2020 through January 2022. As discussed earlier, this study
focuses on teaming – team formation within competitions and as a result, we exclude
those solvers who start the contest as part of teams and only include solvers who
have worked independently and then formed teams with others. Our data includes
a total of 4,116 solvers who joined teams via teaming.

The solid lines in Figures 2.2a and 2.2b show the cumulative distribution of
teaming probability across teammates’ performance difference in rank percentile
and the probability of teaming across solvers’ performance in rank percentile at the
timing of teaming, respectively. (We will discuss the dotted lines representing teams
in our simulations later.) There are two noteworthy observations. First, we find that
solvers were more likely to form teams with others with very similar performance
(i.e., those with smaller differences in rank percentiles; see Figure 2.2a). Around
70% of teams are formed by individual solvers who have a performance difference
smaller than 20% in rank percentile. Second, we find that solvers with higher ranks
were more likely to form teams (around 0.20 density), whereas individuals with
lower ranks were less likely to form teams (the density declines to 0; see Figure
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Figure 2.2: Teaming on Kaggle

2.2b). These results suggest that teaming on the fly during competitions is not
random but correlated with solvers’ contemporaneous performance. These results
are also aligned with expectations – when publicly available information, such as
contemporaneous performance on the crowdsourced problem as displayed on the
contest leaderboard, is used as quality signals in teaming decisions, solvers with
favorable signals (e.g., high ranking on the leaderboard) are more likely to form
teams. Additionally, considering the mutual selection among solvers, teams are
typically formed by solvers with comparable qualities (e.g., similar performance on
the leaderboard).

Our analysis of the empirical observations from Kaggle contests shows evidence,
albeit model-free, that teaming decisions are not entirely random but seem to
be driven by strategic considerations of information that is publicly available on
crowdsourcing platforms. This reliance on quality signals can determine whether and
with whom solvers will form teams during the competition and eventually overall
crowdsourcing effectiveness (as illustrated in Figure 2.1). However, empirical data
fails to capture the counterfactual loss in parallel search and the gains to global
crowdsourcing effectiveness. Crowdsourcing effectiveness may not necessarily be
enhanced even if teams outperform individual solvers after teaming because those
solvers who form teams could have found (a greater number of) high-quality solutions
independently; and the population of teamed-up solvers may fail to discover novel
solutions. Moreover, the empirical evidence only reflects teaming behaviors within
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a specific context. Crowdsourcing solvers may exhibit different teaming patterns
on other platforms. Although the leaderboard is one type of information featured
on crowdsourcing platforms that could potentially guide solvers’ teaming decisions,
solvers may rely on other signals about potential teammates. There are also possible
boundary conditions that shift the tension between teaming and parallel search
on affecting crowdsourcing effectiveness. Therefore, we adopt a simulation-based
approach that enables us to conduct counterfactual experiments with and without
teaming across various contingencies.

2.4 Simulation Model
As discussed earlier, crowdsourcing can be conceptualized as the parallel search

on a problem’s solution landscape (Afuah and Tucci 2012). Therefore, the NK
fitness landscapes model (Kauffman 1993, Levinthal 1997), which models problem
solving as adaption on rugged landscapes, is a suitable analytical apparatus for our
study (Davis et al. 2007).

The classical NK fitness landscapes model creates a multidimensional space (i.e.,
the fitness landscape) consisting of N elements and K interdependencies among these
elements. Each configuration of N elements d = ⟨d1, d2, . . . , dN⟩ is associated with a
fitness value F (d). Each element di contributes to the overall fitness value by ci, the
value of which depends not only on the specification of the focal element di but also
on K other interdependent elements (i.e., ci = ci(di|k other dj’s)). Formally, ci is
randomly drawn from a uniform distribution U(0, 1). The overall fitness value F (d)
of a solution d can be calculated as the average of the fitness contributions ci across
every element di (i.e., F (d) = 1

N

∑
i ci; 0 ≤ F (d) ≤ 1). By adjusting the parameter

K for a given N , the NK fitness landscapes model enables the researcher to tune
the complexity of the problem (i.e., the ruggedness of the landscape). When there
are few interdependencies among elements (i.e., low K), the generated landscapes
are smoother, whereas if elements are tightly coupled with each other (i.e., high K),
the landscape becomes more rugged and the search for the global optimum becomes
more difficult because of the existence of multiple peaks and valleys on the rugged
landscape (see Appendix A.1.1 for technical details concerning the generation of
rugged landscapes.
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We extend the classical NK fitness landscapes model to better reflect the crowd-
sourcing context as follows. First, the crowdsourced problem is modeled as a complex
solution-performance space where many solvers search for solutions in parallel. How-
ever, individual solvers’ search and evaluation of solutions are constrained by their
diverse yet incomplete knowledge. During search, solvers can team up with others
to collaboratively search for a joint solution.

2.4.1 Crowdsourced Problem

We model a crowdsourced problem as consisting of N elements d1, d2, . . . , dN that
need to be configured by solvers, where each element di can take the value of 0 or 1.
The di’s represent knowledge-related decisions. For instance, in algorithm contests,
they can include the choice of the analytical method (e.g., deep learning-based model
vs. causality model) and the choice of computational architecture (e.g., local vs.
cloud clusters); and in logo design contests, they can include the usage of color
palettes (e.g., warm vs. cool colors) and different design approaches (e.g., minimalist
vs. maximalist), etc. Formally, a crowdsourcing problem is represented by a space
consisting of 2N possible solutions, where each solution is an N -bit configuration:
d = ⟨d1, d2, . . . , dN⟩. Each location in the space (i.e., one particular solution
configuration) is associated with a fitness value representing the quality/performance
of the configured solution. The elements can be interdependent such that the fitness
contribution of a particular configuration choice for an element could also depend on
the configuration of K other elements. For example, in algorithm design contests,
using cloud-based computation may be more beneficial when a deep learning model
is adopted because of the scalability of cloud computing. Similarly, warm colors
may generate better performance if a minimalism style is chosen in the logo design
context.

2.4.2 Solvers

2.4.2.1 Decision Set

Solvers are heterogeneous in the knowledge they possess. In algorithm design con-
tests, some solvers are proficient in technical domains, whereas some are more skilled
at other contextual aspects such as business, clinical medicine, or computational
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biology. In logo design contests, some solvers are experts in visual communication,
whereas some are more skillful in written communications such as copywriting of
slogans. To incorporate knowledge heterogeneity, we model solvers as agents who
are capable of configuring only a subset of the elements of d. Formally, each agent
holds a decision set D, where D ⊂ {1, 2, . . . , N} and |D| = ND. Elements in D

index the di elements in the knowledge domain of each agent and thus those that
the agent can configure. Therefore, an agent can only search among 2ND possible
solutions on the landscape that correspond with its knowledge. The indices for each
agent are selected at random in order to reflect the diversity of knowledge across
heterogeneous solvers. More specifically, at the beginning of the simulation (i.e.,
each simulated crowdsourcing contest), we randomly assign each agent ND decisions
and initialize them as 0 or 1 with equal probability. For decisions outside of the
agent’s knowledge domain (i.e., the N − ND decisions), global default values are set.
These default values are identical for all agents who lack knowledge on the respective
elements. Formally, agents’ solutions can be represented as d = ⟨dD, dDC ⟩, where
subscript D signifies that di is from decision set D and can be configured during
search, whereas subscript DC signifies that di is outside D (i.e., C here represents
that di is in the complement of set D, or N\D) and cannot be modified by the
agent.

2.4.2.2 Independent Search

We model crowdsourcing solvers’ search behaviors as an incremental and iterative
adaptation process. Before teaming, all agents search the landscape independently.
During each time step, agents randomly select one decision from their decision
set D and change their values from 0 to 1 or vice versa to consider an alternative
configuration d′.4 However, due to limited knowledge (i.e., |D| < N), agents cannot
perfectly assess the value of decision configurations but are only able to evaluate them
locally given other unknown knowledge domains. In other words, elements outside
of an agent’s knowledge (i.e., DC) form a black box that cannot be directly observed.
In algorithm contests, a technical expert can perceive the difference (e.g., efficiency
and accuracy) among alternative algorithms but may fail to identify the contextual
factors that impact the feasibility and suitability of the chosen algorithm. Similarly,

4We later relax this assumption and allow agents to select multiple decisions simultaneously.
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in logo design contests, a visual communication expert can make choices on color
and graphics but may not be able to evaluate the effectiveness of different slogan
copies. Prior research has modeled such bounded rationality as cognitive abstraction
(Gavetti and Levinthal 2000, Hahn and Lee 2021) where the cognitive landscape
is usually a smoother version of the actual landscape and fitness values generally
represent how well corresponding configurations work across unknowns. For all 2ND

possible solutions, the perceived fitness values F̃ (d) can thus be calculated as the
average fitness values across all possible configurations of the elements outside of the
agents’ decision spaces. Formally, F̃ (d) = E[F (d)|dDC ], where E[·] represents the
expected fitness across unknown decisions.5 The perceived fitness values of different
solutions may be higher or lower than the actual fitness values due to imperfect
knowledge. Yet, how the agent perceives all solution configurations on the landscape
as a whole would be largely correlated with the actual fitness landscape. For the
current configuration d and proposed alternative d′, where the Hamming distance
between d and d′ is 1, agents would choose the new configuration d′ if F̃ (d′) > F̃ (d).
Conversely, if the above condition is not satisfied, agents would keep the current
configuration and conduct another round of search.

2.4.2.3 Teaming

The teaming process is modeled as follows. At the time of teaming, each agent
has a probability (pteamup) to initiate a team-up invitation. If an agent u decides
to initiate a team-up invitation, it sorts other agents according to the publicly
available information on which it relies as signals and considers possible teammates
one by one. The invitation process stops if an agent on the ordered list accepts
the invitation or if no agents accept the invitation. At the same time, the recipient
v of the team-up invitation also sorts the inviting agent u according to the signal
information and have a probability (paccept) to accept the team-up invitation. We
model pteamup as a constant such that each agent has the same tendency to initiate

5For example, suppose N = 6 and ND = 4, if an agent is only knowledgeable about the first
four knowledge elements (i.e., D = {1, 2, 3, 4}), then one of its solutions could be represented
as d = ⟨1, 0, 1, 0, ∗, ∗⟩, where ∗ represents unknown elements (i.e., DC = {5, 6}). The perceived
fitness value F̃ (d) of solution d can be calculated as the average fitness value across unknowns.
Namely, the average fitness value of d = ⟨1, 0, 1, 0, 0 , 0 ⟩, d = ⟨1, 0, 1, 0, 0 , 1 ⟩, d = ⟨1, 0, 1, 0, 1 , 0 ⟩,
and d = ⟨1, 0, 1, 0, 1 , 1 ⟩. Also see Appendix A.1.2 for how this computational approach models the
limitation of agents’ imperfect knowledge.
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teaming invitations and paccept as a decreasing function of the relative order of the
sender agent so those with favorable signals (e.g., good performance on the public
leaderboard) are more likely to be accepted by peers. Whenever two agents team
up, they are removed from subsequent matches, ensuring that each agent can only
be part of one team. 6 Our modeling choice reflects how teaming takes place in real
crowdsourcing contests. On some crowdsourcing platforms (e.g., Kaggle), solvers
can indicate their willingness to team up in contests and as a result, may receive
direct messages from other solvers to form a team. Other platforms (e.g., TopCoder
and Crowdspring), despite not having explicitly implemented features to indicate
teaming willingness, also provide communication channels that make the initiation
and acceptance of team-up invitations possible. As noted, solvers on these platforms
do not have to form teams prior to joining a contest but can team up with other
solvers at any time during the contest. In our simulation experiments, we calibrate
paccept and pteamup according to the empirical evidence from Kaggle in §2.3 (i.e.,
Figure 2.2).

2.4.2.4 Joint Search

Once a team is formed, agents in the team stick together for the remainder
of the contest. One final necessary component of our model is how agents jointly
search for a solution after teaming. Team members will gradually become aware of
their teammates’ knowledge and construct a shared understanding of the problem
(Faraj and Sproull 2000, Wegner 1987, Robert et al. 2008, 2018). For example, in
algorithm contests, a technical expert is likely to be aware of the contextual factors
that determine the feasibility of algorithms if it teams up with a domain specialist.
Formally, at each time step, an agent u has a probability of plearn to augment
its evaluation of alternatives d by incorporating one knowledge element from its
teammate v’s knowledge such that F̃u(d) = E[F (d)|dDC

u −{dj}], where j ∈ Dv.7

Agents’ evaluation of solution configurations gradually becomes more coherent and
6Whereas we assume teams are formed by two agents in the main model, we later relax this

assumption in our sensitivity analyses and allow agents to form teams of varying sizes.
7For example, suppose N = 6 and ND = 4, if an agent u is only knowledgeable about the first

four knowledge elements (i.e., Du = {1, 2, 3, 4}), now suppose this agent learns the fifth element
from its teammate v with Dv = {3, 4, 5, 6} and will be aware of the configuration of the fifth
element thereafter. If the agent v’s current specification of the fifth element is 1, then the solution
becomes d = ⟨1, 0, 1, 0, 1, ∗⟩ for agent u and correspondingly, the perceived fitness value can be
calculated as the average fitness value of d = ⟨1, 0, 1, 0, 1, 0 ⟩ and d = ⟨1, 0, 1, 0, 1, 1 ⟩.
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as a result, their search behaviors become more aligned. Whenever an alternative is
proposed by a team member according the search procedure described in §2.4.2.2,
the proposal will be evaluated by the team collectively before they are accepted
(Knudsen and Levinthal 2007, Csaszar and Eggers 2013, Christensen and Knudsen
2010). For example, in algorithm contests, a proposal to change the data structure
from a technician needs to be evaluated by the domain expert in the team in terms
of the appropriateness of the data structure in the real-life problem context. Unlike
groups in traditional organizations where hierarchies play an important role in
collaboration, self-organized teams in crowdsourcing are often small and relatively
more decentralized. As such, following prior NK models on collaboration (Rivkin
and Siggelkow 2003, Siggelkow and Rivkin 2005), a proposed alternative d′ to d
would only be accepted if F̃v(d′) ≥ F̃v(d) and F̃u(d′) ≥ F̃u(d) simultaneously – i.e.,
if both team members u and v perceive the alternative to be at least as good as the
status quo.8

2.5 Simulation Results
We use the model described above to run a series of simulations that examine

the impact of teaming on crowdsourcing effectiveness. For the purpose of model
docking, we first validate our simulation model by comparing baseline results with
prior findings in classical NK models and the crowdsourcing literature. The details
are presented in Appendix A.1.5. We then explore the impact of teaming according
to rank information on the public leaderboard (cf., our empirical observation from
Kaggle) in a baseline model. We identify the underlying mechanisms that explain
the findings observed in the baseline experiment. Finally, we apply the identified
mechanisms to examine the impact of teaming on crowdsourcing effectiveness in
broader crowdsourcing environments. Specifically, we explore the impact of two
additional types of information that signal solvers’ inherent qualities from the
prior literature – i.e., knowledge diversity and problem-solving capability as well as
different teaming tendencies.

For each simulation experiment, we adopt the following strategy. We fix N = 12
8See Appendix A.1.4 for a step by step illustration of how agents jointly search for a solution

after teaming.
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and vary K from 0 to 11 (i.e., the full range of complexity settings for N = 12).
Our simulations converge after around 30 simulated time periods, so we set the
earliest and latest timings of teaming from 0 to 30, in steps of 3. We keep the
number of crowd participants at 400, the size of the agents’ decision set ND at 6,
the learning rate among teammates plearn at 0.10.9 To ensure that the results of the
simulation reflect the underlying structure of the model rather than a particular
realization of a stochastic process, our results are based on 10,000 replications on
independently generated random fitness landscapes. All results reported here are
statistically significant with a 99% confidence level.

2.5.1 Baseline Model

We begin our analysis by examining whether teaming according to rank informa-
tion (i.e., contemporaneous solution quality signal), as on Kaggle, can indeed enhance
crowdsourcing effectiveness. In accordance with prior studies that use matching
analysis to validate the results generated by simulation models (Butler et al. 2014,
Johnson et al. 2014), we match pteamup and paccept to real-world observations such
that the overall pattern of teaming generated by our simulations is consistent with
empirical observations. We set pteamup to be 0.20 and paccept to be 0.5 ·(e−0.1x +0.001),
where x is the performance rank percentile of the sender agent.10 See dashed lines in
Figures 2.2a and 2.2b for how our choice of pteamup and paccept approximate empirical
observations from Kaggle.

2.5.1.1 Impact of Teaming according to Rank

To illustrate how teaming according to rank information affects global crowdsourc-
ing effectiveness, Figure 2.3a shows the likelihood of finding high quality solution
configurations on the landscape via crowdsourcing with and without teaming after
30 simulated time periods when problem complexity K = 6 and teaming timing
t = 15, sorted by the absolute fitness value of each configuration in descending
order. The x-axis in the figures capture the absolute rank of configurations on the
landscapes. Here, rank refers to the rank of the solution configuration among all

9We relax these assumptions later in our sensitivity analysis.
10More specifically, we set pteamup to be equal to the proportion of team observed on Kaggle and

specify paccept as an exponential function for which we conduct a grid search for hyperparameters.
The details are discussed in Appendix A.1.3.
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possible configurations on the fitness landscape, even those not submitted by the
solvers, and not the rank of the solutions discovered by solvers. For a landscape
with N = 12, there is a total of 4,096 (= 212) possible configurations. So if the
winning solution (i.e., ranked 1st among submitted solutions) has the 10th highest
fitness value among all 4,096 possible configurations, then its rank (on the x-axis of
Figure 2.3a) would be 10. Although this solution has the best relative performance
among all submitted solutions, it does not have the highest absolute quality among
all possible configurations. And so to the solution seeker, this would not be ideal.
The y-axis capture the likelihood that some solvers have submitted the xth ranked
configuration at the end of crowdsourcing. From Figure 2.3a, we find that teaming
according to rank on the public leaderboard could increase the likelihood of finding
high-quality solutions (see the solid line with cross markers). The likelihood of
finding the best solution on landscapes increases around 5% compared to the case
when all individual solvers search independently (when Absolute Rank → 1).

Figures 2.3b, c, and d show the likelihood of finding the best solution (i.e.,
the leftmost point in Figure 2.3a) across timing of teaming for problems with
low, medium, and high complexity, respectively. We find that teaming according
to rank increases the likelihood of finding the best solution compared to merely
individual search when problem complexity is low (see the solid line in Figure 2.3b).
Interestingly, the relative advantage of teaming compared to individual search shows
an inverted-U shape across timing of teaming. The peak performance is associated
with timing around the 10th period. As the timing approaches the end of the contest,
the likelihood of finding the best solution decreases.

The above findings are moderated by problem complexity. First, as the level
of problem complexity increases, the optimal timing of teaming shifts leftward
(i.e., to earlier teaming timing). In problems with high complexity, the earlier the
timing of teaming, the better the crowdsourcing effectiveness is (see Figure 2.3d).
Moreover, teaming could be detrimental to crowdsourcing effectiveness compared
to individual parallel search as problem complexity increases. In problems with
medium complexity, teaming at the end of simulations would yield a comparable
likelihood of finding the best solution as individual parallel search (see late timings
in Figure 2.3c); in problems with high complexity, only teaming at early timings
can result in higher likelihood of finding the best solution compared to independent
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Figure 2.3: How Teaming According to Rank Affects Crowdsourcing Effectiveness

Notes: Problem complexity K = 6, teaming timing t = 15 in (a); for brevity, (b)-(d) only show
the likelihood of finding the best solution for combinations of problem complexity (K) at low,
medium and high levels (across columns of figures) and timing at early, middle and late stages
(across the x-axis) – i.e., K=1, 6, 11 and T=3, 15, 27.

parallel search (see early timings in Figure 2.3d).
Taken together, the results show that the impact of teaming on crowdsourcing

depends on the timing of teaming and problem complexity. If not well balanced,
teaming can hamper global crowdsourcing effectiveness.

2.5.1.2 How the Impact of Teaming Unfolds

To better understand the patterns of the results presented above, we employ a
two-step approach to uncover the underlying mechanisms that explain the impacts
of teaming according to rank on crowdsourcing effectiveness. We first investigate the
(dis)advantages of teaming with a counterfactual setup when solvers randomly team
up with each other to rule out the impact of strategical usage of quality signals in
the self-selected teaming process. We then analyze to what extent strategic teaming
according to rank magnifies the (dis)advantages. When solvers form teams during
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crowdsourcing, parallel search is inherently weakened because fewer solutions will be
submitted to the solution seeker. However, teaming may at the same time generate
high-quality solutions that cannot be developed merely via individual search and
make up for the loss in parallel search. The quality of solutions generated through
teaming, on the one hand, depends on which solvers (and their respective solutions)
are teamed up. Teaming up with solvers who possess the required knowledge about
the crowdsourced problem or who have already developed more advanced solutions
is likely to improve the outcomes of teaming. However, the crowdsourced problem
usually entails great uncertainty regarding the knowledge and solution approaches
required, making the identification of such solvers and solutions challenging in
the early stages of crowdsourcing when solvers have yet to develop good solutions.
Conversely, as the possible solution space is explored through large-scale parallel
search and effective solution approaches gradually emerge over time, it becomes
more likely for solvers to identify and select suitable teammates. On the other
hand, the quality of solutions generated through teaming is determined by how
previously independent solvers join forces after teaming. Solvers’ independently
developed solutions are integrated into a combined solution upon teaming, and the
solvers then further develop the integrated solution collaboratively. The integration
of separate solutions and co-development of the integrated solutions is influenced by
the solvers (and their respective solutions) identified for teaming. The integration
of two well-developed (underdeveloped) solutions is more (less) likely to enhance
the quality of the integrated solution. Likewise, collaboration with solvers who
possess the required knowledge tends to facilitate the co-development process. While
the integration of separate solutions can occur immediately upon teaming, the
co-development of the joint solution takes time. The advantages of teams over
individual solvers, such as broader search scope and more comprehensive evaluation
of solution configurations, only unfold over time. There is therefore an inherent
trade-off between the mechanisms through which teaming generates high quality
solutions – the identification of suitable teammates and the integration of their
solutions would be more effective when teams are formed late, while the benefits of
collaboration are more likely to manifest when teaming occurs early.

Figure 2.4a illustrates the possible mechanisms through which teaming generates
high-quality solutions. The first mechanism involves identifying possible teammates

33



Figure 2.4: Performance Improvement from Teaming

to integrate solutions with at the time of teaming (hereafter identification effect).
We capture it by assessing the extent to which high quality solvers (and their
solutions) are selected for teaming. It is operationalized as the average performance
of solvers who form teams. The second mechanism concerns the extent to which
separate solutions are integrated into high quality ones right after teaming (hereafter
integration effect). It is quantified as the performance difference between teams and
individual solvers right after teaming. The last mechanism pertains to leveraging
the benefit of teams after teaming (hereafter teamwork effect). It is captured
by the performance difference between teams and individual solvers at the end of
crowdsourcing.11 Taken together, the identification, integration, and teamwork effects
capture the extent to which teaming improves the quality of solutions developed
by teams, albeit at the cost of reducing the number of solutions submitted (i.e., a
reduction in the parallel-path effect).

11It is important to note that strong identification and integration effects would leave little
room for the teamwork effect to manifest. In other words, if a team has already obtained a high-
quality solution via identification and integration of high quality solutions, its potential to develop
high-quality solutions via teamwork might be overlooked. As such, we consider a hypothetical
scenario where solvers jointly develop a randomly given solution after teaming to capture the size
of the teamwork effect.
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Figures 2.4b, 2.4c and 2.4d show the size of the identification, integration and
teamwork effects across different timings and different levels of complexity, respec-
tively. Consistent with our conjecture, the identification and integration effects
become stronger as the timing approaches the end of simulations, whilst the team-
work effect declines as teaming occurs later. Their sizes are moderated by problem
complexity. As shown by the difference between the solid, dashed and dotted lines
representing low, medium and high levels of complexity in Figures 2.4b and 2.4c,
the identification and integration effects, albeit remain positive, decline significantly
as problem complexity increases. When problem complexity is low, there are few
interdependencies between design elements. As a result, solvers are more likely
to configure the design elements within their respective decision sets to a high
level of quality. The integration of two well-configured solutions will also likely
produce a high-quality integrated solution. With more complex problems, however,
individual solvers are less likely to independently develop high quality solutions. The
integration of separate solutions also entails significant uncertainty as greater extents
of interdependencies between separate solutions largely determine the quality of the
integrated solution. It becomes more difficult to generate better solutions by simply
integrating two disparate solutions because detailed tuning and integrated refinement
are required to resolve the underlying interdependencies in the problem, which are
very likely to be present across solvers’ respective decision sets. Conversely, as
shown by the difference between the solid and dotted lines in Figure 2.4d, although
the teamwork effect also decreases as problem complexity increases, its reduction
is less stark compared to the identification and integration effects. When problem
complexity is high, conflicts arising from interdependencies across solvers’ respective
decision sets can be (partially) resolved through collaborative search. A previously
overlooked design option may be triggered as a result of interacting with teammates’
respective solution parts, and a previously misjudged solution can be more accurately
evaluated by incorporating other solvers’ knowledge. These changes can stimulate
solvers to explore a wider range of alternative solutions and help solvers to escape
local optima and reach configurations that cannot be attained without teamwork
after teaming.
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2.5.1.3 Regression Analyses

Next, we estimate how the proposed effects (i.e., identification, integration and
teamwork effects), along with the parallel path effect, jointly affect crowdsourcing
effectiveness. Specifically, we retrieve the identification, integration and teamwork
effects using the previously discussed procedure from a dataset of 1,500,000 records
(i.e., 5 different numbers of solvers (100, 200, 300, 400 and 500) across 10 different
timings (T=0, 3, ..., 27) and 3 different levels of complexity (K=1, 6, 11) for 10,000
replications), each representing a randomly generated crowd of solvers. We capture
the parallel path as the number of solutions submitted by the crowd at the end of
crowdsourcing.

Table 2.1 includes the models used to examine global crowdsourcing effectiveness
(i.e., whether the crowd of solvers in each replication has discovered the best solution
on the landscape). In addition to the variables of interest, we also control the average
performance of individual solvers (IndividualPerformance). Models A.1, B.1, and
C.1 are baseline models that examine whether the crowd could have discovered the
best solution without teaming for problems with different levels of complexity.12 In
line with expectations, parallel search is positively associated with crowdsourcing
effectiveness (Model A.1, ParallelPath = 0.2147, p < 0.01). As problem complexity
increases, the parallel path effects become even more critical for improving global
crowdsourcing effectiveness (Model C.1, ParallelPath = 0.2705, p < 0.01). Models
A.2-A.4, B.2-B.4, and C.2-C.4 examine whether teaming helps the crowd discover
the best solution. These models differ from A.1, B.1, and C.1 by allowing teaming,
which in turn leverages teaming effects but results in a lower number of solutions
submitted. The dependent variable is a binary indicator that takes the value 1 if the
crowd is unable to discovered the best solution via merely independent search (i.e.,
the dependent variable of Models A.1, B.1, and C.1 takes the value 0) but succeed
in discovering it when teaming is allowed, and 0 otherwise.

Models A.2, B.2, and C.2 are baseline models that include only control variables
and the parallel path effect. We find that the coefficients for ParallelPath remain
positive, suggesting that with a greater number of solutions, teaming is more likely

12To retrieve the dependent variable, we ran a counterfactual experiment in which solvers started
from the same initial positions on the same landscapes as in the teaming case but searched for the
global peak in an independent manner.
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Table 2.1: Regression Results

Panel A:
Low Complexity

Model A.1 Model A.2 Model A.3 Model A.4
DV: Whether the Best Solution Has
Been Found via Independent Search

DV: Whether Teaming Helps the Crowd
Find the Best Solution

Constant −10.6923∗∗∗ 0.2352∗∗∗ −4.4880∗∗∗ −5.6081∗∗∗

(0.03705) (0.02758) (0.05858) (0.06174)
ParallelPath 0.2147∗∗∗ 0.2400∗∗∗ 0.2578∗∗∗

(0.00252) (0.00257) (0.00263)
IdentificationEffect −0.6207∗∗∗ −0.5388∗∗∗

(0.08168) (0.08344)
IntegrationEffect 12.4137∗∗∗ 13.3400∗∗∗

(0.11323) (0.11740)
TeamworkEffect 10.9624∗∗∗ 12.0053∗∗∗

(0.15990) (0.16770)
Timing −0.0175∗∗∗ −0.0092∗∗∗ −0.0090∗∗∗

(0.00038) (0.00067) (0.00068)
IndividualPerformance 12.5424∗∗∗ −2.5031∗∗∗ 3.6204∗∗∗ 3.9255∗∗∗

(0.04786) (0.03749) (0.10653) (0.10870)
Obs 500,000 500,000 500,000 500,000
Log Likelihood -244792.30 -277229.20 -275171.92 -270242.00

Panel B:
Medium Complexity

Model B.1 Model B.2 Model B.3 Model B.4
DV: Whether the Best Solution Has
Been Found via Independent Search

DV: Whether Teaming Helps the Crowd
Find the Best Solution

Constant −6.9259∗∗∗ −2.3378∗∗∗ −3.9553∗∗∗ −5.0164∗∗∗

(0.06519) (0.08234) (0.09382) (0.09784)
ParallelPath 0.2460∗∗∗ 0.2376∗∗∗ 0.2562∗∗∗

(0.00312) (0.00437) (0.00442)
IdentificationEffect −0.7462∗∗∗ −0.8988∗∗∗

(0.18893) (0.20116)
IntegrationEffect 7.4958∗∗∗ 8.5451∗∗∗

(0.18396) (0.19732)
TeamworkEffect 8.8960∗∗∗ 10.2876∗∗∗

(0.17336) (0.18760)
Timing −0.0211∗∗∗ −0.0009 0.0022∗∗

(0.00064) (0.00091) (0.00094)
IndividualPerformance 7.2243∗∗∗ −1.1242∗∗∗ 1.9676∗∗∗ 2.4026∗∗∗

(0.10890) (0.13979) (0.23611) (0.24816)
Obs 500,000 500,000 500,000 500,000
Log Likelihood -184466.49 -126387.67 -126468.44 -124737.02

Panel C:
High Complexity

Model C.1 Model C.2 Model C.3 Model C.4
DV: Whether the Best Solution Has
Been Found via Independent Search

DV: Whether Teaming Helps the Crowd
Find the Best Solution

Constant −4.6799∗∗∗ −4.1426∗∗∗ −4.3349∗∗∗ −5.2257∗∗∗

(0.09921) (0.14028) (0.14294) (0.14657)
ParallelPath 0.2705∗∗∗ 0.2417∗∗∗ 0.2567∗∗∗

(0.00392) (0.00609) (0.00614)
IdentificationEffect −1.9360∗∗∗ −2.3708∗∗∗

(0.28478) (0.31063)
IntegrationEffect 6.3134∗∗∗ 7.4715∗∗∗

(0.26750) (0.29257)
TeamworkEffect 6.7798∗∗∗ 8.0499∗∗∗

(0.22027) (0.24149)
Timing −0.0115∗∗∗ −0.00002 0.0021∗∗

(0.00089) (0.00099) (0.00101)
IndividualPerformance 2.4899∗∗∗ 0.5356∗∗ 3.2740∗∗∗ 3.7964∗∗∗

(0.18541) (0.26217) (0.36131) (0.38343)
Obs 500,000 500,000 500,000 500,000
Log Likelihood -132376.19 -75662.49 -75974.64 -75073.72

Notes: (1) We have varied the range of solutions of interest for the solution seeker from the 1st to the top 10 and top
100 solutions, the results remained qualitatively the same. (2) ParallelPath is measured as the number of solutions
submitted (in hundreds). (3) A logit model is used, the results remain qualitatively unchanged for linear probability
and probit models.
Significance Levels: ∗∗∗p < 0.01,∗∗ p < 0.05,∗ p < 0.1.

to help the crowd find the best solution. This is because, given the same teaming
tendency, an increase in the number of solvers would increase the number of solutions
submitted and at the same time, amplify the impact of teaming.

Models A.3, B.3, and C.3 examine the impact of teaming on crowdsourcing
effectiveness. When problem complexity is low, the integration and teamwork ef-
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fects are positive and significant (Model A.3, IntegrationEffect = 13.3400, p < 0.01;
TeamworkEffect = 12.0053, p < 0.01), while the identification effect is negative
(Model A.3, IdentificationEffect = −0.5388, p < 0.01). These results suggest that
teaming can effectively compensate for the loss of parallel search by leveraging
the integration and teamwork effects. However, identifying and including high
quality solvers and their respective solutions in teaming to leverage the integra-
tion and teamwork effects may hamper crowdsourcing effectiveness. As complex-
ity increases, the identification effect becomes increasingly negative (Model C.3,
IdentificationEffect = −2.3708, p < 0.01), whilst the integration and teamwork
effects becomes less effective in helping the crowd discover the best solution (Model
C.3, IntegrationEffect = 7.4715, p < 0.01; TeamworkEffect = 8.0499, p < 0.01). We
also find that as complexity level increases, the coefficient of the teamwork effect
becomes relatively larger than that of the integration effect. We observe similar
patterns when we consider the parallel path effect and the impact of teaming simul-
taneously (i.e., Models A.4, B.4, and C.4 in Table 2.1). Taken together, these results
suggest that as problem complexity increases, teaming is less likely to compensate
for the loss of parallel search.

From a global perspective, the identification effect involves the identification of
effective approaches to high quality solutions. However, identifying such approaches
alone is not sufficient to ensure crowdsourcing effectiveness, especially when problem
complexity is high. On the one hand, there is greater uncertainty in which approaches
will ultimately yield high-quality solutions. Focusing only on approaches that are
developed from solvers’ limited knowledge and appear promising at the moment may
hinder the exploration of alternative paths. On the other hand, even if the identified
approaches are indeed effective, their potential can be undermined if the interde-
pendencies among design elements are not properly resolved in the integration and
subsequent co-development of solutions. Conversely, the integration and teamwork
effects enable the crowd to reach solutions that are otherwise inaccessible through
independent search. By combining separate solutions, the crowd is able to generate
solutions that cannot be developed by any single solver and therefore reach uncharted
areas on the rugged landscape. In subsequent teamwork, solvers are more likely to
explore alternative configurations of their respective solution parts in response to the
changes made by their teammate(s), with each configuration more comprehensively
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Figure 2.5: Marginal Effects of the Parallel Path, Identification, Integration, and
Teamwork Effects

evaluated using both their own knowledge and that of their teammates. However,
as the problem becomes more complex, unresolved interdependencies among design
elements within solvers’ decision sets increase. The extent to which high quality
solutions can be developed from the newly explored positions (i.e., the integrated
solutions) therefore depends increasingly on the subsequent teamwork to resolve
these interdependencies.

Figure 2.5 offers a graphical depiction of these results. The solid and dashed lines
in Figure 2.5a show the average likelihood of finding the best solution via merely
independent search (i.e., when there is no teaming) and the likelihood that teaming
improves the discovery of the best solution, respectively. Figure 2.5b shows the
marginal effect of parallel paths. It is rescaled according to the baseline likelihood of
finding the best solution (i.e., the solid line in Figure 2.5a). We find that the marginal
effect of parallel paths increases with problem complexity. When problem complexity
is low, an one unit increase in the number of parallel trials and errors (i.e., 100 more
solutions) can increase the likelihood of finding the best solution by approximately
15% (i.e., from 28% to 28% × (1+15%)). In contrast, when problem complexity
is high, it can increase the likelihood by approximately 25%. For problems with
low complexity, the landscape is smooth with few peaks, making solvers’ parallel
search more likely to end up in the same peaks. As problem complexity increases,
individual solvers are more likely to get stuck with suboptimal solutions as the
landscape exhibits great ruggedness. As a result, more parallel search is needed in
problems with high complexity such that some solvers might manage to discover a
path toward the globally optimal solution.
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Figure 2.5c shows the marginal effects of the identification, integration, and
teamwork effects. When problem complexity is low, a 0.05-unit increase in the
identification effect (e.g., from 0.5 to 0.55, as observed in the solid line in Figure
2.4b) reduces the likelihood that teaming compensates for the loss of parallel search
(i.e., the dashed line in Figure 2.5a) by around 1.7%. The negative impact, however,
can be offset by the benefits of the integration and teamwork effects. A 0.05-unit
increase in the integration and teamwork effects (e.g., from 0.05 to 0.10, as observed
in the solid lines in Figures 2.4c and 2.4d) can raise the likelihood by 47.2% and
43.7%, respectively. As problem complexity increases, however, the negative impact
of the identification effect becomes more pronounced. A 0.05-unit increase in
the identification effect reduces the likelihood that teaming compensates for the
loss of parallel search by 10.6%, whilst a 0.05-unit increase in the integration and
teamwork effects can raise the likelihood by 32.4% and 33.9%. Moreover, as shown
in Figure 2.4, although the crowd can still achieve an identification effect above
0.5, attaining a 0.05-unit increase in the integration and teamwork effects becomes
substantially more difficult in high complexity problems. In other words, it becomes
less likely to leverage the benefits of the integration and teamwork effects to offset
the negative impact of the identification effect and subsequently, compensate for
the loss of parallel search and enhance crowdsourcing effectiveness. Taken together,
these results suggest that as the loss of parallel search becomes more critical with
increasing problem complexity, teaming can still counteract the loss through the
integration and teamwork effects. However, it becomes increasingly difficult to offset
the negative impact of the identification effect.

2.5.1.4 Revisiting the Baseline Results via the Identified Mechanisms

The impact of teaming according to rank can be explained by integrating how it
emphasizes the identification, integration and teamwork effects and how different
effects impact crowdsourcing effectiveness (i.e., Figure 2.5c). Figure 2.6 offers a
graphical depiction of how teaming according to rank emphasizes different effects
compared to randomly teaming up (i.e., Figures 2.4b-2.4d). We find that teaming
according to rank (the gray bars in Figure 2.6) accentuates all three effects more
significantly than the random baseline, especially when teams are formed late. On
the one hand, rank information enables solvers to identify those with high quality
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Figure 2.6: How Teaming According to Rank Emphasizes Different Effects
Notes: For visualization purposes, we subtract 0.5 (the baseline performance) from the
identification effect.

solutions to integrate solution with. On the other hand, those identified as high-
ranking solvers are also more likely to possess the requisite knowledge for the focal
problem. As a result, teaming according to rank utilizes the identification, integration
and teamwork effects simultaneously at the expense of weakening parallel search.
When problem complexity is low, the benefits of the enhancing integration and
teamwork effects outweigh the negative impacts of the identification effect (as shown
in Figure 2.5c). A combination of three effects can therefore make up for the loss
of parallel search, leading to an increase in the global crowdsourcing effectiveness
(see Figure 2.3b). The optimal timing of teaming is thus around the middle of the
crowdsourcing contest to leverage both the integration and teamwork effects. As the
level of problem complexity increases, the teamwork effect becomes more critical
and at the same time, is relatively easier to attain compared to the integration effect.
The optimal timing of teaming advances (to earlier) to fully utilize the teamwork
effect (see Figures 2.3c and d). Teaming according to rank at late timings, however,
leverages the teamwork effect the least and relies mostly on the identification and
integration effects. The integration effect along (approximately 0.03 units), however,
is insufficient to offset the negative impacts of the identification effect (around 0.65
units). As a result, teaming may fail to compensate for the loss in parallel search
(see Figure 2.3d). We synthesize the baseline results into a coherent theoretical
framework (see Figure 2.7).
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Figure 2.7: An Integrated Theoretical Framework for the Effects of Teaming on
Crowdsourcing Effectiveness

2.5.2 Alternative Signals for Teaming

Next, we explore the impact of teaming on crowdsourcing effectiveness in gener-
alized crowdsourcing environments through the lens of the identified mechanisms.
Rank information (e.g., from the contest leaderboards on Kaggle) is only one type of
publicly available information that may be utilized by solvers as signals in their team-
ing decisions. Other quality signals can also readily be afforded by crowdsourcing
platforms by showcasing different types of information in the forms of, for example,
detailed profile pages of solvers that highlight their expertise areas and historical
records of solution submissions. To generalize our findings beyond teaming according
to rank, we run a series of counterfactual experiments when alternative information is
used in teaming decisions. Specifically, we identify and categorize the different types
of information cues that can serve as quality signals on crowdsourcing platforms
from the prior literature into three distinctive yet parsimonious categories. The first
category of quality signals, which we have already investigated above, relates to
solvers’ contemporaneous performance, such as the ranking on the public leaderboard
(Lee et al. 2018), the public rating given by the solution seeker (Mihm and Schlapp
2019, Wooten and Ulrich 2016), and the quality of the contemporaneous solutions
made public (Jin et al. 2021). The second category of signals relates to solvers’
knowledge background, such as academic qualifications or personal interests listed
on their profile pages, the domains of past contests in which they participated (Jiang
et al. 2021), and the content of past solutions (Majchrzak et al. 2021, Piezunka and
Dahlander 2015). The third category of signals refers to solvers’ general capability
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in problem solving beyond a specific task, such as performance on past contests as
reflected on their profile page, their reputation on the platform (Zhang et al. 2019,
Boudreau et al. 2016) and the number of submissions made in past competitions
(Lysyakov and Viswanathan 2023, Jian et al. 2019).

2.5.2.1 Knowledge Background

This experiment examines the impacts of knowledge background as the basis of
teaming decisions on crowdsourcing effectiveness via its impact on the parallel path,
identification, integration and teamwork effects. Specifically, we extend our model
to allow each solver’s decision set D to be visible to other solvers. In considering
teaming decisions, solvers will select the targets of teaming according to the extent
of knowledge overlap between them and potential teammates (i.e., |Du ∩ Dv| for
solver agents u and v). Solvers could seek potential teammates with greater common
ground (i.e., maximal knowledge overlap) to reduce the occurrence of knowledge
incompatibilities and conflict. Alternatively, solvers can conduct teaming with
solvers to maximize new knowledge being brought to the problem (i.e., minimal
knowledge overlap). Finally, solvers could seek potential teammates by balancing
common ground and new knowledge (i.e., moderate knowledge overlap). To capture
different preferences, we allow solvers to select potential teammates according to
minimal, moderate, and maximal extents of knowledge overlap. We set pteamup as
identical to the baseline experiment and paccept as 0.14 · (0.5 · (e−0.1x + 0.001)), where
x represents the relative order of a potential teammate’s knowledge overlap with a
focal agent over all possible teammates, to maintain a similar proportion of teams
among the crowd of solvers as in the baseline (also see Appendix A.1.3 for details).

Figure 2.8 show the likelihood of finding the best solution when solvers seek to
team up with other solvers with minimal (see solid lines), moderate (see dotted
lines), and maximal knowledge overlap (see dash-dot lines) across the combinations
of the timing of teaming and of problem complexity. We also display the results
of individuals’ independent parallel search (see dashed lines) and the rank-based
teaming (see loosely dotted lines) from prior results as benchmarks. There are two
noteworthy findings. First, in general, teaming according to minimal knowledge over-
lap increases the global crowdsourcing effectiveness the most, followed by moderate
overlap and then maximal overlap. The only exception is when problem complexity
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Figure 2.8: How Teaming According to Knowledge Overlap Affects Crowdsourcing
Effectiveness

Notes: For brevity, (a)-(c) only show results for combinations of problem complexity (K) at low,
medium and high levels (across columns of figures) and timing at early, middle and late stages
(across the x-axis) – i.e., K=1, 6, 11 and T=3, 15, 27.

is high – in this particular case, teaming according to moderate knowledge overlap
tends to outperform teaming according to both minimal and maximal knowledge
overlap when the timing of teaming is early (but teaming according to minimal
overlap still outperforms when the timing of teaming is late). Compared to the
baseline results, teaming according to minimal knowledge overlap tends to outper-
form teaming according to rank, and the relative improvement is more pronounced
when problem complexity is high (see solid, dotted, and loosely dotted lines for
minimal overlap, moderate overlap and rank, respectively, in Figure 2.8). Second,
the benefits brought by teaming according to knowledge overlap are moderated by
both the timing of teaming and problem complexity. The likelihood of finding the
best solution decreases as the timing of teaming becomes later, especially for complex
problems. In the extreme case, teaming according to maximal knowledge overlap is
only marginally beneficial to overall crowdsourcing effectiveness (see Figure 2.8c).

The above findings can also be explained by the interplay between the teaming
and parallel path effects. Figure 2.9 summarizes how teaming up with other solvers
with minimal (see gray bars), moderate (see white bars with slashes), and maximal
knowledge overlap (see black bars with horizontal hatching) emphasize different
effects (i.e., across rows) for different levels of problem complexity (i.e., across
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Figure 2.9: How Teaming According to Knowledge Overlap Emphasizes Different
Effects

columns). From the first row of Figure 2.9, we observe that teaming according to
different extents of knowledge overlap leverages the identification effect equivalently.
As a result, the variations in the likelihood of finding the best solution are driven by
their different levels of emphases on the integration and teamwork effects. Teaming
with solvers with a minimal extent of knowledge overlap enables solvers to integrate
their solution configurations of different sets of design elements into a high quality
solution (i.e., integration effect) and to work on separate solution parts afterwards
(i.e., teamwork effect). Considering both the integration and the teamwork effects are
positively associated with crowdsourcing effectiveness (as in Figure 2.5c), teaming
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according to minimal knowledge overlap thus generates the highest overall crowd-
sourcing effectiveness when problem complexity is low because it leverages these
two effects the most (see gray bars in the first column of Figure 2.9). As problem
complexity increases, however, teaming according to minimal knowledge overlap
may fail to leverage the teamwork effect due to a lack of common ground among
teammates that facilitate solution co-development.

In contrast, teaming according to moderate extents of knowledge overlap does
not leverage the integration and teamwork effects as much as teaming according to
minimal knowledge overlap when problem complexity is low because it may fail to
separate solvers to work on different sets of design elements (see white bars with
slashes in Figure 2.9). Yet, it enables solvers to team up with those with whom
they have common knowledge, which is essential to resolving conflicts arising from
interdependent design elements through teamwork. As such, teaming according
to moderate extents of knowledge overlap best leverages the teamwork effect (see
white bars with slashes at the bottom right corner of Figure 2.9). Given that the
teamwork effect plays a more crucial role than the integration effect in enhancing
overall crowdsourcing effectiveness when problem complexity is high (as depicted in
Figure 2.5c), teaming according to moderate extents of knowledge overlap emerges
as most beneficial for overall crowdsourcing effectiveness (see Figure 2.8c). With late
timings, however, it emphasizes the teamwork effect to a similar extent as teaming
according to minimal knowledge overlap, as there remains insufficient time for the
teamwork effect to fully manifest. Consequently, it tends to yield a lower likelihood of
finding the best solution because it leverages the integration effect less than teaming
according to minimal knowledge overlap (see gray bars and white bars with slashes
in the second row of Figure 2.9).

As for teaming according to maximal knowledge overlap, it enables solvers
to work on the same set of design elements but at the same time brings little
new knowledge into the team. As such, it is unable to sufficiently leverage the
integration and teamwork effects (see black bars with horizontal hatching in Figure
2.9). Therefore, teaming according to maximal knowledge overlap is always at best
marginally beneficial compared to mere parallel search.
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Figure 2.10: How Teaming According to Capability Affects Crowdsourcing
Effectiveness

Notes: For brevity, (a)-(c) only show results for combinations of problem complexity (K) at low,
medium and high levels (across columns of figures) and timing at early, middle and late stages
(across the x-axis) – i.e., K=1, 6, 11 and T=3, 15, 27.

2.5.2.2 Problem-Solving Capability

In this experiment, we vary solvers’ problem-solving capability and allow solvers
to select the targets of teaming according to other solvers’ search capabilities.
Problem-solving capability is parameterized by the number of alternatives an agent
can consider in each period. Solvers with high problem-solving capability can
consider more alternatives and access the ramification of changing more than one
design element at once within their decision set D. In other words, they are able
to conduct distant search and are less likely to get stuck at local optima on the
problem’s solution landscape. Specifically, we vary the number of alternatives an
agent can consider from 1 to 2 × ND. Solvers who can consider less than or equal to
ND alternatives can only search locally with a Hamming distance of one. Solvers
with higher problem-solving capability can consider ND local alternatives, and
additionally, distant alternative(s) with a Hamming distance of two. We set pteamup

and paccept as identical to the baseline experiment and sort solvers according to their
search capability instead of contemporaneous performance.

Figure 2.10 shows the likelihood of finding the best solution when solvers conduct
teaming according to problem-solving capability. These results show that teaming
according to problem-solving capability improves crowdsourcing effectiveness gener-
ally. Similarly, the benefits brought by teaming gradually diminish as the timing
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Figure 2.11: How Teaming According to Capability Emphasizes Different Effects

of teaming becomes later, and as problem complexity increases. Compared to our
baseline results when teaming decisions are based on rank, teaming according to
capability is less (more) beneficial when problem complexity is low (high) (see solid
and loosely dotted lines for teaming based on capability and rank, respectively, in
Figure 2.10).13

Figure 2.11 shows how teaming according to problem-solving capability empha-
sizes the various effects. It magnifies the teamwork effect by allowing for more
intensive and distant search after teaming. As shown by the gray bars regarding the
teamwork effect, teaming according to problem-solving capability always leverages
the teamwork effect marginally more compared to randomly teaming up. Meanwhile,
problem-solving capability only roughly correlates with the quality of separate solu-
tions as high problem-solving capability usually leads to better individual solutions
at the time of teaming. As shown by the gray bars regarding the identification and
integration effects, teaming according to problem-solving capability utilizes these
two effects marginally more than the random baseline. These results suggest that
when problem complexity is low, teaming based on problem-solving capability is less
effective than teaming based on rank in enhancing overall crowdsourcing effectiveness
due to its limited use of the integration and teamwork effects. However, it is also
less susceptible to the adverse impact of the identification effect. Consequently,
it can maintain or even increase crowdsourcing effectiveness under high problem
complexity (see Figure 2.10).

13Here, we also vary the number of alternatives agents can consider when they team up according
to rank.
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2.5.3 Alternative Teaming Tendencies

The simulation parameters governing solvers’ teaming decisions (i.e., pteamup

and paccept) were calibrated using empirical data from Kaggle in the baseline model.
However, crowdsourcing solvers may exhibit different teaming tendencies across
platforms and contexts. For instance, Kaggle is well known for its well-established
culture of collaboration, where solvers frequently form teams and share knowledge
to improve performance (e.g., Jin et al. 2021, Cao et al. 2022). Solvers on other
platforms may be more competition-oriented and solve the crowdsourced problems
under different incentive structures, leading to variation in the likelihood of forming
teams on the fly and in the probability of accepting team-up invitations from
solvers with either less or more favorable signals. This experiment focuses on two
representative cases to generalize our findings to broader crowdsourcing environments.
First, solvers are more willing to work with others and therefore have a higher
(lower) likelihood to initiate team-up invitations in crowdsourcing environments that
advocate collaboration (competition). The first set of analyses therefore focuses on
varying the probability of forming teams on the fly (i.e., pteamup). While our main
analyses examine the effect of teaming in a binary setup (i.e., with and without
teaming; Table 2.1), this set of analyses also allows us to investigate whether teaming
can compensate for the loss of parallel search and enhance global crowdsourcing
effectiveness in a continuous manner. Second, solvers’ teaming behaviors are likely
influenced by the competitive dynamics within crowdsourcing contests. The second
set of analyses examines global crowdsourcing effectiveness when solvers’ decisions to
send and accept team-up invitations are influenced by contest specific competition.

We first vary solvers’ tendency to initiate a team-up invitation (pteamup) in the
baseline model (i.e., teaming according to rank; pteamup = {0.1, 0.2, 0.3, 0.4, 0.5, 0.6,

0.7, 0.8, 0.9, 1.0}) to explore how different levels of teaming probability on the crowd-
sourcing platform influence the baseline results. Figure 2.12 shows the likelihood of
finding the best solution across solvers’ tendency to initiate a team-up invitation
(pteamup) for problems with low, medium, and high complexity. In general, as more
teams are formed (i.e., as pteamup increases), the impact of teaming on global crowd-
sourcing effectiveness is amplified. When teaming according to rank is beneficial
(e.g., under low problem complexity as shown in Figure 2.3b), a higher teaming

49



Figure 2.12: The Impact of Teaming According to Rank Across Teaming Probability
Notes: When pteamup = 1, a solver may still fail to form a team if none of its team-up invitations
are accepted by other solvers.

Figure 2.13: How Teaming According to Rank Emphasizes Different Effects Across
Teaming Probability

Notes: For brevity, we only report results for middle timing (i.e., T = 15). Similar patterns were
observed across other timing choices.

probability increases the likelihood that the crowd would discover the best solution;
if teaming is detrimental (e.g., when problem complexity is high and teaming occurs
at the late stages as shown in Figure 2.3d), a higher teaming probability exacerbates
the negative impact when pteamup ≤ 0.4 (as shown by the dash-dot line in Figure
2.12c). There are several noteworthy findings. First, when problem complexity is
high, teaming at the middle stages shifts from being detrimental to beneficial as the
teaming tendency increases (see dotted line in Figure 2.12c). Second, teaming at
the late stages also becomes less detrimental if teaming probability further increases
(i.e., pteamup > 0.4).

These discrepancies are consistent with the theoretical mechanisms identified
earlier regarding how rank emphasizes the different teaming effects. As shown
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in Figure 2.13, as teaming probability increases, the identification effect declines
significantly. In the extreme case, when all agents engage in teaming, the iden-
tification effect becomes equivalent to random selection of teammates. Similarly,
the integration and teamwork effects also decline. The decrease, especially for the
teamwork effect, is less pronounced. It thus becomes more likely for the integration
and teamwork effects to alleviate the negative impact of the identification effect
and enhance global crowdsourcing effectiveness as teaming probability increases (as
shown in Figure 2.12). There is therefore an inverted-U shape relationship between
teaming probability and crowdsourcing effectiveness, in which the amplification of
the negative impact and the reduction of the identification effect reach a balance.

Second, to capture how solvers’ decisions to send and accept team-up invitations
are influenced by the competitive nature of crowdsourcing, we model a prize structure
in which top performers (according to the leaderboard) are disincentivized from
teaming, as doing so would require sharing the prize. Conversely, low-performing
solvers would engage in teaming in order to outperform those prize contenders.
Figure 2.14 shows the results when the top 10 performers are designated as prize
contenders.14 Compared to the baseline results, we find that teaming according to
rank in competitive settings is less likely to enhance crowdsourcing effectiveness
when complexity is low (Figure 2.14a), but more likely to do so when complexity is
high (Figure 2.14c). Figure 2.15 shows how teaming emphasizes different effects of
teaming. As indicated by the gray bars, the identification effect declines significantly
compared to the baseline results, When top performers are reluctant to team up,
it becomes unlikely to engage high quality solvers and their respective solutions
in teaming. Consequently, both the integration of separate solutions (integration
effect), and the co-development of the integrated solution (teamwork effect) would
be less effective. When the problem complexity is low, the identification effect is
only marginal detrimental, the reduction of the integration and teamwork effects
thus explains the performance decline compared to the baseline. When the problem
is more complex, however the overemphasis on the identification effect is avoided in
competitive settings without substantially reducing the integration and teamwork
effects. As a result, teaming according to rank has a higher likelihood to enhance

14The results remain qualitatively unchanged if we vary the group of prize contenders to include
the top 1 or top 100 performers.
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Figure 2.14: The Impact of Teaming According to Rank under Competition

Figure 2.15: How Teaming According to Rank Emphasizes Different Effects (under
Competition)

global crowdsourcing effectiveness in environments that are more competitive than
our empirical context.

2.5.4 Sensitivity Analyses

We conducted a number of sensitivity analyses to ensure that our results are
robust to our choice of model invariants. First, we varied the number of solvers
(40, 100, 200, 300, 400, 500) and found no substantive change in our results. Second,
we varied the number of elements N = 16 (i.e., with a solution space with 216 =
65, 536 unique configurations) and found consistent results. Third, we changed
the learning rate among solvers plearn from (0, 1]. Our results were robust across
variations in plearn. Fourth, in the main analyses, we only report results for the
likelihood of finding the best solution. We also varied the range of best solution(s)
from the 1st to the first 10 and first 100 solutions and found no qualitative difference.
Fifth, we varied the size of solvers’ decision sets (i.e., ND = 4, 6, 8). The size of
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solvers’ decision sets ND affects the number of design elements each solver can
configure and the average knowledge overlap among solvers. As a result, it alters
the strengths of the identification, integration, and teamwork effects. Yet, despite
the change in the effect sizes, the qualitative conclusions regarding how teaming
interacts with the parallel path effect on impacting global crowdsourcing effectiveness
remains robust. It is also possible that certain design elements being more commonly
represented in the population of solvers and others being less so. We also conducted
experiments in which elements are randomly selected into agents’ decision sets
according to a nearly normal distribution (i.e., Beta(2, 2)) instead of a uniform
distribution and found no qualitative difference. Lastly, it is possible that more
than two formerly independent solvers team up. We allowed agents to flexibly form
teams ranging from two to five team members and found our conclusions remain
qualitatively unchanged.

2.6 Discussion and Conclusion
In this paper, we offer a novel perspective on how to better leverage the power

of the crowd in crowdsourcing via teaming – self-selected team formation during
crowdsourcing contests. Teaming offers a flexible approach through which previ-
ously independent solvers interact with each other to collectively solve problems in
crowdsourcing. Solvers can start crowdsourcing independently and join forces to
jointly develop solutions. Teaming, however, shifts the distribution of quality of all
discovered solutions via diminishing the parallel path effect, thereby influencing the
likelihood of discovering the best possible solutions (i.e., crowdsourcing effectiveness).
Moreover, the teaming process is driven by solvers’ self-selection. Self-selection
shapes how the whole population of the crowd searches the problem’s solution
landscape (independently and jointly) and ultimately impacts global crowdsourcing
effectiveness. We first find suggestive empirical evidence from Kaggle that solvers
are likely to rely on quality signals from publicly available information in teaming
on crowdsourcing platforms in the teaming process. Based on the empirical ob-
servations, we extend the NK fitness landscape model and conduct counterfactual
experiments to unlock the impact of self-selected teaming on global crowdsourcing
effectiveness. Our results suggest that the impact of teaming on crowdsourcing
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effectiveness originates from the immediate returns from identifying other solvers
(or their solutions) to integrate with at the time of teaming and potential (but
time-consuming) returns from joint teamwork after teaming. The identification,
integration, and teamwork effects are moderated by problem complexity and the
timing of teaming and may make teaming detrimental to overall crowdsourcing
effectiveness under certain conditions (see Figure 2.7). The proposed mechanisms
are used to explain the results of counterfactual experiments on teaming according
to different quality signals and under different tendencies. These findings offer
theoretical and practical implications.

2.6.1 Contribution to Theory

Our study contributes to the crowdsourcing literature by highlighting the tension
between the interactions among crowdsourcing solvers (such as through teaming)
and the parallel path effect. The conventional wisdom regarding crowdsourcing
has assumed crowdsourcing effectiveness as a function of solver participation levels
(i.e., the parallel path effect) (Boudreau et al. 2011, Afuah and Tucci 2012). Recent
studies have begun to question this stream of research by examining the effectiveness
of knowledge combination among solvers (Jin et al. 2021, Riedl and Seidel 2018, Cao
et al. 2022). This study bridges these two streams by showing that when interactions
take place on the fly, they are interdependent with the parallel path effect. When
solvers team up on the fly in crowdsourcing, the number of submitted solutions at the
end of crowdsourcing is inherently reduced thus weakening the extent to which parallel
path effect can be utilized, but teaming also impacts crowdsourcing effectiveness
through varying combinations of identification, integration and teamwork effects.
Crowdsourcing research should continue to bridge these two perspectives.

More specifically, we contribute to the crowdsourcing literature by highlighting
that the parallel path effect and teaming jointly influence global crowdsourcing
effectiveness. The prior literature on crowdsourcing has mainly used the quality or
performance of individual solutions to represent crowdsourcing effectiveness (Jin et al.
2021, Riedl and Seidel 2018, Cao et al. 2022). This perspective, albeit valid, does
not necessarily apply to teaming when the parallel paths join force and change how
the whole population of the crowd searches the problem’s solution landscape. Our
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simulation results suggest that although identification, integration and teamwork
effects can all help teams to improve solution quality compared to their individual
counterparts, their impacts on crowdsourcing effectiveness (i.e., the probability to
generate extreme-value outcomes) are moderated by problem complexity. When the
identification effect dominates, teaming may only reposition solvers’ solutions within
already explored areas on the landscape and infuse little new knowledge into solutions
for complex problems through the integration of separate solutions and particularly
through subsequent teamwork to reach previously unexplored configurations. As
a result, teaming may fail to compensate for the reduction in parallel search and
worsen overall crowdsourcing effectiveness. Scholars can re-examine previous findings
and resolve the ambiguity between solution quality and crowdsourcing effectiveness.
Moreover, teaming also uncovers a novel and interesting aspect that has yet to
receive much attention. In the crowdsourcing context, participants conduct teaming
in a self-selection manner. Most solvers are strangers to one another and can hardly
verify others’ underlying qualities from repeated collaboration. However, they may
make use of a variety of publicly available information that crowdsourcing platforms
can (and do) provide as quality signals and team up to varying extents. We identify
a number of types of quality signals and tendencies to form teams. We find that
they would influence how the identification, integration, and teamwork effects are
leveraged and, consequently, differentially affect crowdsourcing effectiveness. The
impact of teaming and the potential misalignment between solution quality and
crowdsourcing effectiveness may thus become very contextual, depending on what
types of information are made salient by crowdsourcing platforms.

We also contribute to the crowdsourcing literature by providing a new perspective
to inform crowdsourcing platform design. Various design elements have been exam-
ined under the guidance of the parallel path effect to encourage solver participation
and facilitate independent search (Lee et al. 2018, Jiang et al. 2021, Jian et al. 2019,
Mihm and Schlapp 2019, Boudreau et al. 2016). However, these design elements
might also affect crowdsourcing effectiveness through the mechanism of interactions
among solvers (e.g., via self-selected teaming). Our results suggest that crowd-
sourcing effectiveness is determined by the interplay of the parallel path effect and
teaming (i.e., identification, integration and teamwork effects). If a platform design
element strengthens the parallel path effect to the neglect of teaming, the overall
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effectiveness of crowdsourcing might be at risk when no individual participant has
the breadth of knowledge to be able to derive a high-quality solution for the problem.
Conversely, some design elements might sacrifice the parallel path effect to some
extent in exchange for greater likelihood of teaming (e.g., the teaming willingness
indicator on Kaggle). The benefits from these features might be questionable if
little new knowledge is infused to affect the solution search process. Even if many
participating solvers are highly capable, the collective crowd might end up with
redundant exploitation of what has already been discovered (i.e., weak integration
and teamwork effects). The present study provides future research a framework to
systematically examine the impacts of different design elements on crowdsourcing
effectiveness from the perspective of both the parallel path effect and the effects
associated with solver interactions.

Lastly, our extensions to the NK fitness landscapes model and its usage with sim-
ulation experiments to theorize crowdsourcing also contributes to the crowdsourcing
literature. Even though crowdsourcing was aptly conceptualized as landscape search
more than a decade ago (Afuah and Tucci 2012), there have only been a few studies
that actually investigate different aspects of crowdsourcing through the theoretical
and methodological lens of landscape search. The NK fitness landscapes model
offers a natural fit for investigating crowdsourcing with its advantage in seemlessly
capturing massive parallel search for problems with different levels of complexity
and patterns of interdependencies (Baumann et al. 2018). It gives scholars a new
way to theorize and reflect on empirical findings, test the boundary conditions of
conventional wisdom, and explore multilevel outcomes (e.g., not only the impact
on the quality of individual solutions but also on the distribution of quality of all
solutions). A range of additional parameters and rules can be incorporated into our
baseline model. Here, we suggest several directions for future research. First, to
simplify our analysis, we fixed the search pattern for all agents in our simulation
experiments. However, as pointed out by recent empirical observations (Jiang et al.
2021, Sanyal and Ye 2023), solvers’ search distance and intensity might vary based
on predetermined goals and in-progress feedback. Future research can extend our
model by allowing for heterogeneous search patterns. Second, we generally set the
K parameter at different levels to study the impact of overall problem complexity.
Our model can be extended to study the impact of different problem structures such
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as nearly-decomposable (Levinthal and Workiewicz 2018) and non-decomposable
problems (Chan et al. 2021, Rivkin and Siggelkow 2007) by adjusting the pattern of
interdependencies. Third, we model the limited knowledge possessed by boundedly
rational solution solvers but assume the solution seeker has a full range of knowledge
to effectively evaluate solution solvers’ submissions. A handful of recent studies have
started to examined whether the seeker can accurately evaluate all submitted solu-
tions (Piezunka and Dahlander 2015). Relaxing this assumption may allow a closer
look at how a solution seeker might adopt and integrate the winning solution and
provide further insights to why many crowdsourcing campaigns succeed in attracting
a large number of participants but still fail to produce significant innovations for
the solution seeker.

2.6.2 Implications for Practice

Our study has important implications for different stakeholders. First, the
solution seeker should better understand the population of solvers to whom they are
going to crowdsource their problems. The outcomes of crowdsourcing campaigns
depend not only on the knowledge portfolio of solvers but also on the process
through which the problem solutions are discovered. If solvers on a crowdsourcing
platform are known to favor collaborating, the solution seeker should be aware of
the upsides and downsides of teaming. The solution seeker can strategically design
crowdsourcing campaigns to avoid the side effect of teaming on innovative solutions.
For example, our study suggests that both problem complexity and team-up timing
affect overall crowdsourcing effectiveness. The solution seeker could split a complex
problem into several relatively less complex sub-problem or artificially set an earlier
deadline for teaming up for complex problems to alleviate the negative side effects
of teaming. In a similar vein, the solution seeker could actively call attention to the
upside of teaming. For example, the solution seekers could also strategically design
the reward structure to better incentivize solvers to conduct teaming in a desirable
way. For complex problems where crowdsourcing effectiveness is most likely to be
hampered by teaming, the solution seeker could change the reward structure (e.g.,
the best solution from collaboration across distant domains) to motivate solvers to
form teams in a manner that induces proper levels of diversity in solution search.
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This study also offers implications for crowdsourcing platforms. First, crowd-
sourcing platforms should carefully consider the impacts of teaming in organizing
crowdsourcing contests. For example, the prior literature on team recommendation
systems on platforms finds that users tend to form teams with low diversity (e.g.,
Gomez-Zara et al. 2019, 2020), our results suggest this tendency will have ambivalent
effects on crowdsourcing effectiveness. Crowdsourcing platforms should consider
other contextual factors to better design team recommendation systems for solvers.
Crowdsourcing platforms could embed solvers’ experience and knowledge background
in the real-time leaderboards to make capability and knowledge background informa-
tion also more salient at different stages of crowdsourcing campaigns to nudge the
teaming process. In a similar vein, while some platforms have already implemented
features relevant to teaming, we encourage crowdsourcing platforms to carefully
re-examine these design practices and check whether they are counterproductive to
crowdsourcing effectiveness above and beyond merely increasing solvers’ average
performance (which may or may not lead to overall crowdsourcing effectiveness).
Furthermore, our results suggest that crowdsourcing effectiveness is not only affected
by those design elements directly related to crowdsourcing per se but also by those
elements that serve as quality signals for teaming. For instance, developing an
effective reputation system that captures solvers’ problem-solving capability might
induce teaming to occur in a more desirable way.

2.6.3 Limitations and Directions for Future Research

Despite the novel theoretical and practical insights generated, this study is not
without limitations. We treat crowdsourcing campaigns as separate and independent.
Real-world campaigns may have spillover effects on subsequent contests within a
crowdsourcing platform (Zhang et al. 2019, Mo et al. 2021, Park et al. 2022). For
instance, solvers may decide to collaborate with knowledgeable others or do more
explorative search to maximize learning opportunities. This, of course, reduces
solvers’ current performance but intuitively facilitates search in future crowdsourcing
campaigns. Nonetheless, our study, while being at the campaign-level, offers novel
insights for the solution seeker. Given that there are many solution seekers on
crowdsourcing platforms, we believe that solution seekers care more about the
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outcome of their campaigns given a particular pool of the crowd rather than the
long-term development of the crowd. As a result, the outcomes of learning that
happens across campaigns can be abstracted as different initializations of the number
of modifiable decisions (ND) in our model. Future research can extend our model to
capture the interdependencies across different campaigns and solvers’ longitudinal
performance to investigate the long-term impact of (re)combination via teaming for
crowdsourcing platforms.

Another limitation is that our extended NK model, similar to other simulation
models, is still a simplified abstraction of the reality. First, we assume that solvers
are relatively homogeneous except for the knowledge background and problem-
solving capability they possess. Team performance in real crowdsourcing campaigns
might also be affected by diversity in demographics (van Knippenberg et al. 2004,
Gompers et al. 2017, Dissanayake et al. 2019). Future work could explore the impact
of demographics on teaming decisions and subsequent crowdsourcing effectiveness.
Second, we only capture the basic properties of teams with several simplifications.
For instance, solvers might also use various quality signals in a hybrid manner.
Future studies can apply our simulation model and experimental design to examine
the interaction effect of different information. It is worth noting that most teams in
crowdsourcing are virtual and have to work across geographical boundaries. However,
these kinds of internal behavioral interactions among team members are unbeknownst
to scholars. Most intra-team coordination and teamwork would not happen on the
crowdsourcing platform but privately through third-party communications and
collaborative development platforms. It would be cost-prohibitive to track all solvers’
interactions in an empirical experimental study of sufficient scale to reenact the
parallel path effect, especially since the objective is to examine the performance
(i.e., crowdsourcing effectiveness) of the population of a large and anonymous crowd.
The simulation methodology equips us with a theoretical framework to abstract
these unobserved factors and captures their nuance under different contingencies
and anticipate possible outcomes for future empirical inquiries. In addition to the
possible extensions discussed earlier, we invite other researchers to further develop
and extend the NK fitness landscapes model to study other aspects of crowdsourcing.
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Chapter 3 The Cave of Crowdsourcing:
A Systems Investigation of Crowdsourcing
Effectiveness

“The truth would be literally nothing but the shadows of the images.”
– Plato, The Republic

3.1 Introduction
Crowdsourcing, defined as attracting external solvers with rewards to solve

challenging internal problems, is fast emerging as a mainstream tool for firms’
innovation (Boudreau and Lakhani 2013, Liu et al. 2014, Terwiesch and Xu 2008).
By involving a crowd of solvers with diverse knowledge, crowdsourcing enables firms
to harness knowledge beyond what they already know and as a result, addresses the
uncertainty in the knowledge required to solve complex problems (Boudreau et al.
2011). This mechanism, termed “the parallel path effect,” theoretically accounts for
the potential of crowdsourcing.

However, despite the tremendous potential in theory, firms as solution seeker
are still failing to effectively leverage crowdsourcing (Dahlander and Piezunka
2014, 2020). For example, the Netflix Prize contest, one of the most famous
crowdsourcing campaigns, managed to attract more than forty thousand teams to
work on the problem but eventually awarded the prize to a solution which could not
be implemented due to unexpected engineering costs that were unforeseen at the
time of initial problem specification (Amatrian and Basilico 2012). In a similar vein,
recent studies find that firms tend to myopically favor solutions they are familiar
with in spite of the numerous and varied ideas and solutions that solvers identify
(Piezunka and Dahlander 2015). These observations are consistent with absorptive
capacity theory (Cohen and Levinthal 1990), which suggests that a firm’s ability to
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identify and exploit external knowledge (such as solutions developed by the crowd) is
primarily determined by its existing knowledge. The interplay between the parallel
path effect and absorptive capacity points to a theoretical tension that has yet to
be carefully explored. On the one hand, solvers’ diverse knowledge is the source of
crowdsourcing effectiveness (i.e., the solicitation of high quality solutions from the
crowd) in addressing the firm’s knowledge uncertainty, especially when the firm’s
problem involves a broad set of knowledge domains (Boudreau et al. 2011, Jeppesen
and Lakhani 2010). On the other hand, the more diverse solvers’ knowledge is, the
more difficult it will be for a seeker firm to effectively absorb the knowledge with its
existing knowledge.

The tension between the parallel path effect and absorptive capacity suggests the
seeker firm and solvers with diverse knowledge inevitably constitute a suboptimal
system constrained by the seeker firm’s knowledge.(Hereafter, we use the crowdsourc-
ing system to refer to the union of the seeker firm, solvers, and their interactions.)
In the mode of crowdsourcing, the solvers’ parallel search needs to be evaluated and
selected by the seeker firm and then applied to the crowdsourced problem. As the
crowdsourced problem becomes increasingly complex and requires knowledge from
multiple domains, there may be no individual actor (not only among solvers and also
including the seeker firm) that possesses the full range of knowledge (Gurca et al.
2023, Majchrzak and Malhotra 2020). Due to a limited understanding of domains
beyond its existing knowledge, the seeker firm may fail to evaluate solvers’ solutions
and steer their parallel search correctly. As such, solvers’ endeavors to increase
the likelihood of being selected by the seeker firm as winners may deviate from
effective problem solving to merely fitting the firm’s knowledge about the problem
(Park et al. 2022). The crowdsourcing system thus produces satisfactory solutions
for the firm but (potentially) ineffective solutions for the crowdsourced problem.
For instance, when the seeker firm uses crowdsourcing contests to recruit solvers
to build machine learning algorithms and test proposed algorithms on a holdout
data set (e.g., Jin et al. 2021, Lee et al. 2018), how the holdout data set along
with how various features were generated from the firm’s daily operations and what
metrics should be used to assess algorithm performance depends on the firm’s initial
understanding of the problem. The firm might heed less to solvers’ trial and error
outside its knowledge space. Hosting a crowdsourcing contest might thus help fit the

61



given data but not necessarily solve the business problem that motivated the firm
to opt for crowdsourcing rather than internal R&D (Amatrian and Basilico 2012).

However, the existing literature on crowdsourcing has yet to differentiate satisfy-
ing the firm within the system (of the firm and solvers) from enhancing the overall
system performance in discovering high quality solutions. Interactions between
the seeker firm and solvers within the system, such as the acquisition of solutions
via parallel search (Liu et al. 2014, Jian et al. 2019) and ongoing feedback from
the seeker firm to solvers (Jiang et al. 2021, Mihm and Schlapp 2019, Sanyal and
Ye 2023, Wooten and Ulrich 2016), have been investigated to help the seeker firm
get better solutions from crowdsourcing. Yet, what constitutes “better” in the
system is defined by the firm’s knowledge about the solution space. Satisfying
the seeker firm is only part of the crowdsourcing system. The selected solution is
always with the highest quality as perceived by the seeker firm but not necessarily
be the one with the highest absolute quality. When the firm’s existing knowledge
is limited, solutions adopted by the firm might be attractive for the firm at first
glance but fail to ultimately induce genuine innovation. The neglect of a systems
view of crowdsourcing thus hinders crowdsourcing from being utilized effectively. As
such, an important question remains unanswered: How to enhance crowdsourcing
effectiveness from a systems view?

This study aims to generate theoretical insights from a systems view to stimulate
future research on crowdsourcing. Specifically, we study crowdsourcing by considering
the seeker firm and a crowd of solvers as a system and investigate the performance
implications of the interactions between the seeker firm and solvers on the ability
of the crowdsourcing system to obtain high quality solutions. Given that in most
crowdsourcing practices, the seeker firm evaluates the solvers solutions, the evaluation
should be according to its knowledge. Therefore it is difficult, if not impossible, to
observe the ground truth – i.e., how the system consisting of the firm and solvers
performs. Therefore, this study takes a simulation approach to answer the above
questions. Simulation is particularly useful in developing theory when the focal
phenomenon involves multiple interacting processes and when empirical data is
challenging to obtain (Davis et al. 2007). The created simulation model explicitly
captures different levels of the seeker firm’s existing knowledge and enables us to
examine the interactions between the seeker firm and external solvers from a systems
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view. The simulation results reveal two paradoxes related to the solution flow from
the crowd of solvers to the seeker firm and related to the knowledge flow from the
seeker firm to the crowd. First, when crowdsourcing is most needed to develop
solutions beyond the seeker firm’s existing knowledge, the crowdsourcing system is
also most likely to overlook high quality solutions developed by the crowd. Second,
the seeker firm’s feedback to solvers may make the seeker firm more satisfied with
crowdsourcing at the cost of worsening crowdsourcing effectiveness, leading to a
system collapse. To resolve these paradoxes, we investigate whether the seeker firm
could enhance the crowdsourcing system’s ability to obtain high quality solutions by
proactively learning from the crowd about what constitute a good solution. We find
this knowledge flow from the crowd to the seeker firm can enhance crowdsourcing
effectiveness, especially when the seeker firm has a low level of knowledge and the
problem is not complex. Notably, we also find a potential synergy between the seeker
firm’s knowledge and the wisdom of the crowd, where modest learning from the
crowd can lead to higher quality solutions compared to relying solely on the firm’s
own knowledge or the wisdom of the crowd. This knowledge flow also interacts with
other flows in affecting the overall crowdsourcing effectiveness. The crowdsourcing
system is able to obtain higher quality solutions by first learning from the crowd
and providing feedback only in the latter half of crowdsourcing.

Our study makes several contributions. First, to our knowledge, this is one of
the first studies to investigate crowdsourcing from a systems view. It highlights
the potential misalignment between satisfying the seeker firm in the system and
enhancing the overall system performance in discovering high quality solutions.
Second, this study contributes to research on the parallel path effect and the seeker
firm’s feedback in affecting crowdsourcing effectiveness by pointing to the critical
role of the seeker firm’s knowledge in the crowdsourcing system. Third, this study
also contributes to the crowdsourcing literature by highlighting the possibility and
boundary conditions of using the wisdom of the crowd to further enhance the overall
system performance. Each of these contributions points to exciting future research
inquiry.
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3.2 Theoretical Foundation

3.2.1 Crowdsourcing as Landscape Search

The landscape metaphor has become a useful theoretical framework to study
complex problem solving (Kauffman 1993). It uncovers the performance implication
of problem solving as adaptive search in different problem environments. The
ruggedness of the landscape (i.e., the complexity of the solution space) hinders
landscape search and as a result, creates challenges to effective problem solving
– when the solution space is complex, problem solving is likely to end up with
suboptimal solutions (i.e., local optima on the landscape) where no improvement
can be attained by merely considering incremental alternatives. As such, the ability
to escape local optima and explore many different parts of the solution landscape
(i.e., solution space) generates the greatest chance of finding the optimal solution,
especially for complex problems (Fleming and Sorenson 2003).

When relying on internal R&D, the seeker firm can only search the solution
landscape according to its existing knowledge and may fail to develop solutions
beyond the scope of its knowledge base. In contrast, crowdsourcing offers the
seeker firm a cost-efficient approach to finding high quality solutions through large
scale parallel search of the solution landscape (Afuah and Tucci 2012). Through
crowdsourcing, a seeker firm can attract solvers with diverse knowledge about the
problem. The diversity in knowledge distinguishes the solvers’ initial positions on the
solution landscape and consequently influences their subsequent search trajectories,
enabling the crowd of solvers to explore the landscape more extensively than the
seeker firm could through internal R&D. At the end of crowdsourcing, all solutions
discovered by the crowd of solvers are submitted to the seeker firm for reward and
as a result, become visible to the seeker firm. In this way, the seeker firm is able to
conduct distant search on the rugged solution landscape to increase the likelihood of
obtaining high quality solutions. This is essentially the mechanism of the “parallel
path effect” (Boudreau et al. 2011) where increasing the number of crowdsourcing
participants is associated with more extensive exploration of different parts of the
landscape and as a result, increases the likelihood that seeker firm gains access to
high quality solutions.
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This idea is deeply ingrained in the contemporary crowdsourcing literature. A
variety of elements, including the reward structure (Yang et al. 2009, Liu et al. 2014,
Jian et al. 2019), problem specification (Jiang et al. 2020), feedback on progress
(Jiang et al. 2021, Sanyal and Ye 2023), the number of live crowdsourcing campaigns
(Mo et al. 2021), and availability of AI assistants (Lysyakov and Viswanathan 2023),
have been investigated in terms of their impact on solver participation rates and the
amount of effort solvers exert. A key aim of this line of research is to enable the
seeker firm to obtain high quality solutions by enhancing the parallel path effect.
What requires careful consideration, however, is whether and to what extent the
seeker firm can fully leverage the parallel path effect. When the problem is broad
and complex, the seeker firm may not fully understand all aspects of solutions due to
its limited knowledge regarding the domains relevant to the crowdsourced problem.
Its limited knowledge, on the one hand, is what actually motivates the seeker firm
to adopt crowdsourcing to conduct distant search (Afuah and Tucci 2012). On
the other hand, the limitations of the seeker firm’s knowledge also implies that the
seeker firm may lack the capability to identify and utilize external solvers’ knowledge
(Cohen and Levinthal 1990). The knowledge base of the firm has been identified as
the key determinant of its ability to exploit knowledge from a variety of external
sources, for instance, online communities (Huang et al. 2022) and open platforms
(Niculescu et al. 2018). In the crowdsourcing context, the seeker firm’s (limited)
knowledge regarding the domains relevant to the crowdsourced problem determines
the mental representation of the solution space (Sanyal and Ye 2023). In turn,
the firm’s inaccurate mental representation may lead them to misevaluate solvers’
parallel search and eventually affect how well the seeker firm leverages the parallel
path effect.

In sum, the seeker firm conducts large scale parallel distant search on the
solution landscape via crowdsourcing. Although the seeker firm could enhance
solvers’ parallel search by strategically designing crowdsourcing, it may still fail
to leverage the parallel path effect as expected due to its limited knowledge. A
re-evaluation of crowdsourcing that incorporates the seeker firm’s limited knowledge
thus becomes important.
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3.2.2 Firm’s Knowledge in Crowdsourcing

The prior literature on crowdsourcing has hinted at how the seeker firm’s knowl-
edge may affect solvers’ parallel search via interactions between the seeker firm and
solvers. First, when launching the crowdsourcing contest, the seeker firm describes
the crowdsourced problem by articulating what it wants the solution solvers to
achieve. The information provided by the seeker firm determines what constitutes a
“good” solution and will inevitably affect solvers’ search (Jiang et al. 2020, Zaggl et al.
2023). Second, throughout the contest, the seeker firm can provide ongoing feedback
to incentivize solvers as well as to reduce the uncertainty of solvers’ in-progress search
(Jiang et al. 2021, Sanyal and Ye 2023, Mihm and Schlapp 2019, Jian et al. 2019,
Wooten and Ulrich 2016). On-going feedback, similar to the initial specification of
the crowdsourced problem, does not objectively reflect the performance of solvers’
contemporaneous solutions but is noisy and subjective to the seeker firm’s private
knowledge and preferences (Jiang et al. 2021, Mihm and Schlapp 2019). When the
seeker firm opts for crowdsourcing for knowledge beyond its existing knowledge,
feedback may inadvertently transmit the bias sourced from the firm’s limited knowl-
edge to the solvers. Last, at the completion of the crowdsourcing contest, the seeker
firm evaluates all submitted solutions to select the best one from the pool. This
process, however, is influenced not only by the absolute solution quality but also
by how the seeker firm perceives and evaluates the submitted solutions. The seeker
firm tends to filter out solutions that capture distant knowledge beyond its local
base (Piezunka and Dahlander 2015), despite the potential of such solutions to be of
high quality (Jeppesen and Lakhani 2010). The seeker firm may evaluate solutions
according to different (and potentially imperfect) criteria due to a lack of knowledge.

Crowdsourcing can thus be conceptualized as a system influenced by the seeker
firm’s (limited) knowledge in all aspects. The system’s ability to obtain high quality
solution is also constrained by the seeker firm’s (limited) knowledge. For example,
concrete execution guidelines in the problem specification have been shown to be
more useful than high-level conceptual objectives for crowdsourcing outcomes (Jiang
et al. 2020). However, the seeker firm might lack knowledge about the detailed
problem-solving process and can only provide general objectives about possible
solutions in the problem specification at the launch of crowdsourcing. In a similar
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vein, the seeker firm might not have sufficient knowledge about the interdependencies
among different design elements and fail to effectively break down the problem into
separable modules that are easier to tackle (Afuah and Tucci 2012, Hu and Wang
2020). The firm’s in-progress feedback and final selection can thus become misleading
for solvers as it conditions on some hidden contingencies which are unbeknown to the
solvers. Moreover, the impact of the seeker firm’s (limited) knowledge on interactions
between the seeker firm and solvers, albeit in isolation, paints a systems view of
crowdsourcing. The impact of the seeker firm’s (limited) knowledge on various
interactions may influence each other, leading to unexpected system level outcomes.
Feedback, for instance, may navigate solvers from searching distant domains to
those more familiar to the seeker firm (Park et al. 2022, Sanyal and Ye 2023). Yet,
considering the seeker firm’s tendency to select solutions that are more familiar to
them (Piezunka and Dahlander 2015), providing feedback to solvers may hinder
solvers’ exploration of the solution landscape and at the same time, increases the
likelihood that the seeker firm will be satisfied with the familiar solutions. Put
differently, the crowdsourcing system may end up with a scenario where the seeker
firm constantly acquires solutions that it deems satisfactory but are of low quality.
It is thus crucial to understand the performance of the crowdsourcing system and
more importantly, how to overcome the potential suboptimality caused by the seeker
firm’s limited knowledge about the solution space.

3.2.3 Learning from the Crowd

As discussed above, problems arising from the outflow of knowledge from the
seeker firm to the crowd of solvers has been hinted at from different aspects. In
contrast, issues related to the inflow of knowledge from solvers to the seeker firm
remains relatively underexplored in the extant crowdsourcing literature which has
predominantly taken the selection of the winning solution as the primary approach
through which the seeker firm intakes solvers’ knowledge (e.g., Mo et al. 2021,
Mihm and Schlapp 2019). Yet, as the scope and knowledge requirements of the
crowdsourced problem expand, it becomes unlikely for any single solver to possess
the full range of knowledge required to effectively solve the problem (Gurca et al.
2023, Majchrzak and Malhotra 2020). In turn, solvers’ limited knowledge impedes
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the quality of their submitted solutions, even if one is chosen to be the winner among
the submissions. As such, acquiring knowledge via adopting the winning solution
could be ineffective for the seeker firm. Whilst a body of research has attempted
to address this issue by encouraging more solvers to participate in crowdsourcing
(Boudreau et al. 2011, Liu et al. 2014, Jian et al. 2019), scant attention has been
paid to acquiring knowledge from all submitted solutions rather than from only the
winning solution.

The crowd, as a collective of solvers with diverse knowledge, exhibits its own
wisdom (Surowieck 2004). The crowd’s wisdom hinges on each solver making
independent decisions as per its own knowledge. When individual decisions from
different aspects are aggregated, it is expected that the errors entailed in individual
decisions would cancel each other out, leading to more accurate crowd-level decisions
(Muller-Trede et al. 2017, Da and Huang 2020). It has been shown to reach
comparable or even superior performance compared to experts in various tasks
such as funding decisions (Mollick and Nanda 2016), earning forecasts (Da and
Huang 2020), and hedonic judgments (Muller-Trede et al. 2017). Applying the same
logic, although the seeker firm may not comprehend all aspects of its problem, it
could learn about what solution elements should be taken and how these elements
should be organized in these aspects to constitute a “good” solution from all solvers’
submissions. For example, in the Netflix Prize contest, Netflix gained insights
into algorithms with high performance by examining the source code submitted by
solvers (Amatrian and Basilico 2012). In this way, the seeker firm can upweight
(downweight) the quality of a solution if it has incorporated (missed) the solution
elements considered by other solvers, even if the seeker firm may lack a nuanced
understanding of them. The prior literature on crowdsourcing has implied such
opportunities for the seeker firm to learn from the crowd of solvers and update its
understanding of the solution space. When all solvers submit their solutions to the
seeker firm for in-progress feedback (Jian et al. 2019, Jiang et al. 2021) and final
selection (Piezunka and Dahlander 2015, Park et al. 2022), the solution seeker is
able to observe all solutions along with how various solution elements are included
and considered by solvers and aggregate them into an updated mental model. In
some crowdsourcing practices, such as two-stage contests (Hou and Zhang 2021, Liu
and Kim 2023), the seeker firm can review all submitted solutions and select eligible
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Figure 3.1: A Systems View of Crowdsourcing

finalists for the second round contest. The seeker firm can also refine its evaluation
and selection criteria accordingly during the initial first round selection.

Learning from the crowd, however, does not occur in isolation either. Whether
and to what extent it could overcome the potential suboptimality caused by the
seeker firm’s limited knowledge depends on other flows in the crowdsourcing system.
The seeker firm’s intermittent feedback, for instance, has been shown to be associated
with solution diversity (Sanyal and Ye 2023). In turn, solution diversity determines
how a solution element considered by the crowd of solvers has been validated from
diverse perspectives, affecting the effectiveness of the seeker firm’s learning.

We summarize the aforementioned interactions between the seeker firm and
solvers that have been constrained by the seeker firm’s knowledge as well as learning
from the crowd of solvers in Figure 3.1. As indicated by the solid arrows, all solvers’
solutions will be evaluated and selected by the seeker firm according to its knowledge
and then applied to solve the crowdsourced problem. The dashed arrows show how
knowledge flows within the crowdsourcing system. On the one hand, the seeker firm’s
knowledge determines what to be crowdsourced and how it would provide feedback
to solvers. On the other hand, the seeker firm can also learn from the wisdom of the
crowd about what constitute a “good” solution. As discussed, satisfying the seeker
firm is merely a subcomponent of the crowdsourcing system and does not guarantee
producing high quality solutions from the system. To the best of our knowledge,
this study is among the first to distinguish crowdsourcing effectiveness from seeker
firm satisfaction and investigate crowdsourcing effectiveness from a systems view.
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3.3 Methodology
In this study, we use a simulation to investigate crowdsourcing for two reasons.

First, as shown in Figure 3.1, the focus of this study is to examine crowdsourcing
effectiveness from a systems view. However, the ground truth is difficult to establish
because most observational data only captures whether the seeker firm is satisfied
with crowdsourced solutions within the crowdsourcing system. Simulation allows
us to investigate crowdsourcing when observational data is accessible (Miranda
et al. 2022). Second, we attempt to examine the complex interactions among
the seeker firm and solvers and how these interactions impact the overall system
performance. Simulation enables us to observe the emergence of system-level
patterns from micro-level interactions (Davis et al. 2007). We follow the simulation-
based theory development process as per Davis et al. (2007). We draw from the
theoretical foundations discussed above to choose the simulation model and create the
computational representations for each theoretical constructs in the crowdsourcing
system. The developed model is verified against prior research findings and with
robustness checks. A series of simulation experiments are conducted to generate
theoretical insights from a systems view.

Specifically, we model a crowdsourcing contest consisting of three entities –
a problem with a certain level of complexity, a number of solution solvers who
independently search for solutions, and a seeker firm who selects the winning
solution at the end of the contest. During the contest, the seeker firm can also guide
solvers’ search process by providing feedback on solvers’ contemporaneous solutions
as well as learn from the crowd. Each entity will be discussed in detail below.

3.3.1 The NK Fitness Landscape Model

As we discussed above, crowdsourcing is essentially a process through which the
seeker firm conduct large scale parallel distant search on the solution landscape.
Therefore, we choose the NK fitness landscapes model (Kauffman 1993, Levinthal
1997, Rivkin and Siggelkow 2003) as the analytical apparatus for our study.

The NK fitness landscapes model creates a multidimensional space (i.e., the
fitness landscape) that includes N elements and K interdependencies among these
elements. Each configuration of N decisions d =< d1, d2, . . . , dN > is associated
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with a fitness value F (d) (i.e., the altitude on the landscape), which is calculated as
the average of the fitness contribution ci of every element di, where ci depends not
only on the specification of the focal element di but also on K other interdependent
elements – i.e., F (d) = ΣN

i=1ci(di|K other dj’s)/N , where ci is randomly drawn from
a uniform distribution U(0, 1).

By adjusting the parameter K for a given N , the NK fitness landscapes model
enables the researcher to tune the ruggedness of the landscape (i.e., the complexity
of the problem). When there are few interdependencies among elements (i.e., low
K), the generated landscapes are smoother, whereas the landscape becomes more
rugged if elements are tightly coupled with each other (i.e., high K).

3.3.2 Crowdsourcing Problem

Following convention, we model a crowdsourcing problem consisting of N elements
d1, d2, . . . , dN that need to be configured by solvers, where each element di can take
the value of 0 or 1. The di’s represent decisions on a particular knowledge domain i.
For example, when the seeker firm crowdsources its internal problem and data to
external solvers for predictive algorithms (e.g., Lee et al. 2018, Jin et al. 2021), the
elements (di) of the crowdsourcing problem can include the choice of the analytical
method (e.g., deep learning-based model vs. causality model), choice of computing
power (e.g., local vs. cloud clusters), and the adoption of available exemplar (e.g., yes
vs. no), etc. The elements can be interdependent such that the fitness contribution of
a particular choice for an element could also depend on the choice of other decisions.
For instance, to develop an effective algorithm, using cloud-based computation
is more beneficial when a deep learning model is adopted given the scalability of
cloud computing. Formally, a crowdsourcing problem is represented by a space
consisting of 2N possible solutions, where each solution is an N bit configuration:
d =< d1, d2, . . . , dN >. Each location in the space (i.e., one particular solution
configuration) is associated with a fitness value representing the configured solution’s
performance. The elements can be interdependent such that the fitness contribution
of a particular choice for an element could also depend on the choice of other K

decisions.
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3.3.3 Solvers

3.3.3.1 Knowledge Set

Solvers differ in the knowledge they possess. For instance, NASA used to post
its internal challenges online to collaborate with domain experts from a variety
of technological fields, including material science, clinical medicine, mechanical
engineering, and microbiology (Lifshitz-Assaf 2018). Therefore, solvers are modeled
as agents who are capable of determining the values of a subset of the configuration
space (d). Formally, each agent in the crowd holds a knowledge set Dc, where
Dc ⊂ {1, 2, . . . , N} and |Dc| = Nc. Elements in Dc index the elements in the
knowledge domain of an agent and as a result, the agent can configure.

Because of limited knowledge outside their domains, solvers’ search for solutions
is imperfect and can only reflect those aspects within their knowledge domains. We
model it as search on simplified cognitive representations of the actual landscape
(Gavetti and Levinthal 2000, Hahn and Lee 2021). Specifically, a solver would
perceive a solution d as dDc , where the subscript Dc represents those di are within
this solver’s knowledge set Dc. The solver can only search and evaluate dDc given
unknown elements outside Dc. Simply put, solvers abstract the actual landscape
into a smoother version where some peaks and valleys are ignored due to a lack of
nuanced understanding of that area (i.e., simplified cognitive representation). On the
abstracted landscape, fitness values generally represent how well configurations work
across unknowns. Formally, a solver would perceive a solution d =< dDc , dDC

c
>

as with fitness value F̃c(d) = E[F (d)|dDC
c

], where F̃c(d) represents the quality
of a solution d perceived by a solver, dDc

C represents those di that are outside
of Dc (i.e., in the complement of Dc), and E[ ] represents the expected fitness
across unknown decisions. For example, suppose N = 6 and Nc = 4, if a solver
is only knowledgeable about the first four design elements (i.e., Dc = {1, 2, 3, 4}),
then one of its solutions could be represented as d =< 1, 0, 1, 0, ∗, ∗ >, where ∗
represents unknown elements. The solver’s perceived value towards this solution
can be calculated as the average fitness value across unknowns. Namely, the average
fitness value of d =< 1, 0, 1, 0, 0, 0 >, < 1, 0, 1, 0, 0, 1 >, < 1, 0, 1, 0, 1, 0 >, and
< 1, 0, 1, 0, 1, 1 >.1

1This modeling approach does not mean that a solver actually knows the fitness values of
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At the beginning of the simulation, CrowdSize solvers are randomly seeded
on the generated landscape. Each solver starts search from a configuration d =<

d1, d2, . . . , dN > with all elements in dDc being initialized as 0 or 1 with equal
probability for a randomly generated knowledge set Dc according to Nc. Solvers’
solutions to configuring dDc will be evaluated by the seeker firm during crowdsourcing.

3.3.3.2 Search with Performance Feedback

During each iteration, solvers randomly select one element di from their knowledge
set Dc and change its value from 0 to 1 or vice versa to propose an alternative
configuration d′. For the current configuration d and the proposed alternative d′,
where the Hamming distance between d and d′ in Dc is 1, solvers would adopt d′ if
F̃c(d′) > F̃c(d) or remain with status quo d, otherwise.

Solvers’ search is sensitive to the seeker firm’s feedback. For instance, if submitted
solutions are rated as of high quality by the seeker firm, solvers would refrain from
redesigning the whole solution but would rather make minor modifications and
improvements to their current solutions (Jiang et al. 2021). Our simulation model
captures this process as follows. When solvers receive feedback F∗ from the firm,
they would choose an alternative d′ if F∗(d′) ≥ F∗(d) or remain with the status quo
d, otherwise. After receiving feedback, solvers would update their understanding
of the tested solution d such that F̃c(d) is replaced by F∗(d). In this way, when
solvers receive positive (negative) feedback from the firm, they are less (more) likely
to change the current configuration.

3.3.4 Seeker Firm

3.3.4.1 Knowledge Space

As discussed ealier, the seeker firm may possess limited knowledge regarding the
domains outside its existing knowledge. Therefore, we model the seeker firm also
as an agent with imperfect knowledge about the solution space. Similar to solvers,
all solutions and is able to calculate the average fitness values across configurations of unknown
elements. Instead, the average value is simply an unbiased expected value that a solver would
perceive a solution configuration given its imperfect knowledge. The perceived fitness values of
different configurations may be higher or lower than the actual fitness values due to a lack of
knowledge. Yet, how the agent perceives all configurations on the landscape as a whole would be
largely correlated with the actual fitness landscape.
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the seeker firm is knowledgeable about the value of a subset of a configuration
d =< d1, d2, . . . , dN >. Formally, the seeker firm holds a knowledge set Df , where
Df ⊂ {1, 2, . . . , N} and |Df | = Nf . Elements in Df index the elements in the
knowledge domain of the seeker firm and as a result, it can assess. The seeker firm
would perceive a solution as d =< dDf

, dDC
f

>, where the subscript Df represents
di is from the firm’s knowledge set Df . The seeker firm would perceive a solution d

as with quality F̃f(d) = E[F (d)|dDC
f

], where DC
f represents di is outside Df , and

E[ ] represents the expected fitness across unknown decisions.

3.3.4.2 Solution Evaluation

The seeker firm has a randomly generated initial configuration d. If a solver
submits a solution dDc to the seeker firm, the seeker firm would hypothetically
adopt the elements that have been configured in dDc and evaluate the integrated
configuration dint according to its knowledge set Df . For example, suppose the
seeker firm’s initial configuration d =< 1, 0, 1, 0, 1, 0 >, if a solver is knowledgeable
about the first four design elements (i.e., Dc = {1, 2, 3, 4}) and submits a solution
dDc =< 1, 1, 1, 1, ∗, ∗ > to configure the first four elements, the seeker firm would
evaluate dDc

according to its perceived value towards dint =< 1, 1, 1, 1, 1, 0 >.

3.3.4.3 Feedback

During each iteration, the seeker firm has a probability of pfeedback to give feedback
to solvers during their parallel search. We model the firm’s feedback towards a
submitted solution dDc , F∗, as the firm’s perceived value F̃f(dint), where dint is
the integrated solution based on the seeker firm’s initial configuration d and the
submitted solution dDc .

3.3.4.4 Learning from the Crowd

The seeker firm can learn from solvers throughout crowdsourcing by enumerating
solvers’ solutions and analyzing what constitutes a “good” solution from the solvers’
perspectives. If most submitted solutions share the same configuration of certain
design elements, the seeker firm could view the configuration as ground truth and
devalue a solution that has not taken the same configuration, even if the seeker firm
may not possess the knowledge to assess the configuration accurately. To incorporate
the seeker firm’s learning from the crowd, we allow the seeker firm to update its
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Figure 3.2: Illustration of the Updating of the Seeker Firm’s Perceived Values
Notes: Figure 3.2a represents absolute fitness values of different configurations; Figure 3.2b-d
represent how the seeker firm and solvers perceive the fitness landscape according to their
knowledge bases; the perceived values are calculated as the average of absolute fitness values
across unknown domains; Figure 3.2e shows the occurrence of different configurations; Figure 3.2f
displays how the seeker firm updates its perceived values towards different configurations
according to their occurrences.

evaluation of solvers’ solutions. Specifically, the seeker firm will count the occurrence
of solvers’ solutions dDc to configuring certain elements in all submitted solutions.
If a configuration dDc has been used for freq times in solvers’ submissions, then
for a solution d that contains the configuration dDc , its perceived value is updated
according to a learning rate lr. Formally,

F̃f (d)afterLearning = (1 − lr) × F̃f (d)beforeLearning + lr × freq

Learning from the crowd is easiest seen with an example (see Figure 3.2).2

2According to the NK landscapes model, the real landscape is a multidimensional space and
thus cannot be visualized. These figures are simplifications of N + 1 dimensional spaces (i.e., N
design elements and one additional dimension for fitness values) for illustration purposes. Values
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Suppose a firm takes the crowdsourcing approach to develop a trading algorithm
and there are, for simplicity, two domains that need to be configured to develop an
effective solution: the first domain pertains to the business context and determines
what evaluation metrics should be used to align with the firm’s specific environment,
for instance, the maximal drawdown and the frequency of trade (i.e., choices A
and B in Figure 3.2); the second domain is more technical and deals with what
algorithms should be selected to build the trading solution. The choice of machine
learning, ensemble learning, and deep learning falls into this category (i.e., choices
1 and 2 in Figure 3.2). As highlighted by the circle in Figure 3.2a, there is a
best combination of evaluation metrics and algorithms (i.e., a global optimum; the
center cell associated with a fitness value = 1) that contributes to high quality
solutions. However, the seeker firm only possesses knowledge about the business
domain (as in Figure 3.2b) and as a result, can only perceive solutions according to
the business domain, regardless of how the technical domain is configured. As shown
by Figure 3.2b, the seeker firm perceives no difference between two choices made in
the technical domain. Instead, it evaluates choices in the business domain based on
their performance in general across unknowns (e.g., the perceived value of choice A
= 1

2 × (0.4 + 1.0) = 0.7). Consequently, as highlighted by the circle in Figure 3.2b,
the seeker firm would prefer solutions that take “choice A” (i.e., using the maximal
drawdown to evaluate the trading solution) in the business domain. Suppose one
solver from the business domain and one solver from the technical domain join the
crowdsourcing and configure their solutions independently according to their specific
knowledge domains. As highlighted by the circle in Figures 3.2c and d, the business
expert will submit a solution with the business domain configured as “choice A”
because it has the highest value perceived by the expert. Similarly, the technical
expert will submit a solution with the technical domain configured as “choice 1” (i.e.,
using deep learning methods). The seeker firm could count the frequency of different
configurations being used by solvers. As shown in Figure 3.2d, configurations with
“choice A” and “choice 1” are used by both solvers. A solution with both “choice
A” and “choice 1” thus will have the highest frequency freq = 2. The seeker firm
could update its perceived values towards this solution according to a learning rate
in cells represent fitness values (solution quality).
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lr = 0.1 (as in Figure 3.2e). For the above solution with both “choice A” and “choice
1”, its perceived value will be replaced with 0.83(= 0.7 × 0.9 + 2 × 0.1). In this sense,
the seeker firm is able to utilize both its internal knowledge base and the wisdom of
the crowd to find the global optimum.

3.3.4.5 Solution Adoption

At the completion of crowdsourcing, all solvers will complete their search and
submit their solutions dDc to the seeker firm. The seeker firm will hypothetically
integrate dDc into its configuration to evaluate all solutions and adopt the one with
the highest perceived value F̃f (dint).

Table 3.1 summarizes the parameters involved in our simulation model and the
performance metrics we use to evaluate crowdsourcing effectiveness.

Table 3.1: Overview of Simulation

Crowdsourcing Problem
N The number of solution elements
K The number of interdependent elements for each focal element

Solvers
CrowdSize The number of solvers
Nc The number of solution elements solvers can configure

Seeker Firm
Nf The number of solution elements the seeker firm is knowledgeable

about
pfeedback The likelihood of give feedback to solvers during each iteration

lr
The extent to which the seeker firm updates its perceived values
towards various configurations according to the wisdom of the crowd

Performance Measure
F̃f (d) The seeker firm’s perceived quality of solutions
F (d) The absolute quality of solutions

3.4 Simulation Results
We use the model described above to run four sets of computational experiments

that each examine different aspects of crowdsourcing from a systems perspective.
For each simulation experiment, we adopt the following strategy. We fix N = 14
and vary K from 0 to 13 (i.e., the full range of complexity values when N = 14).
We set the size of the solvers’ knowledge set Nc as 7. In other words, each solver
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Figure 3.3: Crowdsourcing vs. R&D
Notes: For brevity, Figure 3.3 only includes the results for combinations of problem complexity
(K) at low, medium and high levels (across columns of figures) and the seeker firm’s knowledge
(Nf ) at low (circle markers), medium (cross markers), and high (star markers) levels – i.e.,
K = {1, 7, 13} and Nf = {1, 7, 13}.

is knowledgeable about and therefore can change values for half of the possible
elements. We run the simulation for 100 periods (when it reaches stable state). All
experiments are seeded with 20,000 replications, each facing a unique landscape
randomly generated according to the given N and K. The results reported below
are statistically significant with a 99% confidence level.

3.4.1 Experiment 1 – Solution Flow: Crowdsourcing vs.
R&D

We begin our analyses by examining the effectiveness of the solution flow of
crowdsourcing versus the seeker firm’s internal R&D.3 We disallow the seeker firm
to provide feedback or learn from the crowd for this baseline experiment.

Figure 3.3 shows the absolute quality of solutions (i.e., F (d)) developed from
3The internal R&D process is modeled as the seeker firm’s iterative and incremental search. The

seeker firm modifies one design element during each iteration and adopts the proposed configuration
if it is perceived as better than the status quo, so on and so forth.
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internal R&D (dashed lines) and crowdsourcing (solid lines). Our analyses are based
on 980 = (14 × 5 × 14) experimental conditions under which the seeker firm may
possesses 14 levels of knowledge (i.e., Nf = {1, . . . , 14}; as indicated by the circle,
cross, and star markers) and run crowdsourcing with 5 levels of number of solvers
(i.e., CrowdSize = {50, 100, 200, 400, 800}; across the x-axis of each subplot) at 14
levels of problem complexity (i.e., K = {0, . . . , 13}; across the columns in Figure
3.3). Not surprisingly, as the classical NK model would predict, both internal R&D
and crowdsourcing suffer a performance decline as problem complexity increases.
The absolute quality of the solution from internal R&D when the seeker firm has
high level of knowledge (dashed lines with star markers), for instance, decline from
0.91 in low complexity problems to 0.68 in high complexity problems. Meanwhile,
we also find evidence for the parallel path effect – i.e., involving as many solvers as
possible addresses the uncertainty in complex problem solving and thus enhances
crowdsourcing effectiveness. As shown by the solid lines with star markers, the
absolute quality of the adopted solution from crowdsourcing increases as the number
of solvers increases. Comparing the slopes of the solid lines with star markers in
problems with different complexity, we find that the parallel path effect is most
impactful for complex problems. The net benefit of increasing the number of solvers
from 50 to 800 is around 2% (10%) in low (high) complexity problems. These
findings are consistent with prior literature on crowdsourcing (e.g. Boudreau et al.
2011) and lends support for validity of our modeling approach.

However, to what extent the seeker firm can utilize the parallel path effect
depends on its knowledge. The seeker firm is able to utilize the parallel path
effect when it has a high level of knowledge (see the positive slope of solid lines
with star markers across solver number). However, as the seeker firm’s knowledge
level decreases, merely involving more solvers does not guarantee crowdsourcing
effectiveness. As shown by the solid lines with circle and cross markers, when the
seeker firm does not possess sufficient knowledge, the absolute quality of the solutions
from crowdsourcing adopted by the seeker firm does not increase as the number of
solvers increases.

Figure 3.4 shows the quality of the best solution from crowdsourcing (which the
seeker firm may fail to adopt) in the dashed lines. As suggested by the parallel
path effect, the crowd of solvers manages to find solutions of higher quality as the
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Figure 3.4: How Firm’s Knowledge Impacts the Parallel Path Effect
Notes: The perceived quality was normalized to the range [0, 1] within each level of
complexity. It therefore captures the extent to which the best solution in the firm’s
mental representation of the solution space has been discovered.

number of solvers increases. Figure 3.4 also shows the perceived quality of the
adopted solution from crowdsourcing (i.e., F̃f(d)) in the solid lines. We find that
the perceived quality is negatively associated with the seeker firm’s knowledge. The
slope of the solid lines across the number of solvers gradually decreases as the seeker
firm’s knowledge level declines. When the seeker firm has insufficient knowledge
(as in the solid lines with cross and circle markers), it can only appreciate and
evaluate limited aspects of the submitted solutions and as a result, becomes more
likely to be satisfied with the solvers’ solutions. This, in turn, hinders the seeker
firm benefits from involving as many solvers as possible and makes the parallel path
effect under-leveraged.

These results suggest a paradox that has yet to be carefully addressed in the
crowdsourcing literature. On the one hand, crowdsourcing has the greatest potential
compared to internal R&D for the seeker firm when the seeker firm does not possess
sufficient knowledge about the solution space. The quality difference between the
best solution from crowdsourcing (see dashed lines in Figure 3.4) and the solution
from internal R&D (see dashed lines in Figure 3.3) is greater when the seeker firm
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possesses less knowledge. On the other hand, when crowdsourcing has the greatest
potential (i.e., when the seeker firm does not possess sufficient knowledge about the
solution space), the seeker firm fails to fully leverage this potential specifically due
to the lack of knowledge. The quality difference between the adopted solution from
crowdsourcing (see solid lines in Figure 3.3) and the best solution from crowdsourcing
(see dashed lines in Figure 3.4) is also greater when the seeker firm possesses less
knowledge. These results suggest that when the seeker firm turns to crowdsourcing
for solutions that require knowledge beyond its existing base, it also lacks the
knowledge to identify and utilize the diverse knowledge possessed by the crowd to
its full potential. The conventional wisdom of crowdsourcing – i.e., the parallel path
effect, however, fails to resolve this paradox as discussed above. We summarize these
findings with the following paradox:

Paradox 3.1. When the seeker firm has insufficient knowledge about the solution
space, crowdsourcing is most needed but also least utilized.

3.4.2 Experiment 2 – Knowledge Flow: Feedback in Crowd-
sourcing

Experiment 2 studies the knowledge flow from the seeker firm to the solvers,
namely how the seeker firm’s feedback affects the absolute quality of the adopted
solution. We fix the number of solvers at 100 and allow the seeker firm to provide
feedback to solvers at certain probabilities during crowdsourcing. 980(= 14 × 14 × 5)
experimental conditions were analyzed for all possible combinations of firm knowledge
levels (i.e., Nf = {1, . . . , 14}), problem complexity (i.e., K = {0, . . . , 13}), and
feedback probabilities (i.e., pfeedback = {0, 0.25, 0.50, 0.75, 1}).4

Figure 3.5 presents the absolute quality of the solutions adopted by the seeker
firm (i.e., F (d)) across feedback probabilities. As shown by the solid lines with
star markers, when the seeker firm has a high level of knowledge, providing feed-
back to solvers tends to increase the absolute quality of the adopted solution (i.e.,

4We also experimented with different numbers of solvers and found no qualitative differences.
In addition to the extent to which the seeker firm provides feedback to solvers, prior studies have
also suggested the moderating effect of the timing of feedback (e.g. Jiang et al. 2021, Sanyal and
Ye 2023) on the impact of feedback. Therefore, we also examined the timing of feedback – i.e.,
early and late feedback (providing feedback only in the first and second half of crowdsourcing).
The qualitative results remain unchanged.
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Figure 3.5: Absolute Quality of the Adopted Solution with Feedback

Figure 3.6: Perceived Quality of the Adopted Solution with Feedback

crowdsourcing is more effective), especially for highly complex problems. The slope
of the solid line with star markers is steeper in problems with higher complexity.
However, as the seeker firm’s knowledge level declines, providing feedback can hinder
crowdsourcing effectiveness, especially when problem complexity is low. As shown
by the solid lines with circle and cross markers, providing feedback decreases the
absolute quality of the adopted solutions in these cases. Taken together, these results
point to the seeker firm’s knowledge as a critical moderator of the effectiveness of
feedback.
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Next we examine how the seeker firm perceives the adopted solution from
crowdsourcing. Figure 3.6 shows the perceived quality of the solutions adopted by
the seeker firm (i.e., F̃f (d)) across feedback probabilities. Interestingly, despite the
heterogeneous impact on the absolute quality, providing feedback generally increases
the quality of the adopted solution as perceived by the seeker (see the increasing
trends of dashed lines with cross and star markers). In other words, the seeker firm
is more satisfied with the adopted solution when it provides feedback. The only
exception is when the seeker firm only has limited knowledge and as a result, can
only evaluate limited aspects of the submitted solutions and is already satisfied
with the adopted solution from the crowd (see dashed lines with circle markers).
When combining the impact of feedback on the absolute and perceived quality of the
adopted solution, we find a potential lock-in caused by the seeker firm’s insufficient
knowledge – the seeker firm’s attempts to increase crowdsourcing effectiveness via
feedback might increase the perceived quality to the detriment of the absolute quality
of the adopted solution. In other words, although the seeker firm may perceive that
crowdsourcing effectiveness has improved when it provides feedback, crowdsourcing
effectiveness has actually worsened. These results point to a second paradox of
crowdsourcing:

Paradox 3.2. When the seeker firm has insufficient knowledge about the
solution space (i.e., when crowdsourcing is actually most needed), the seeker firm’s
feedback to solvers worsens crowdsourcing effectiveness even though firm may be
more satisfied with the solutions developed via crowdsourcing.

3.4.3 Experiment 3 – Knowledge Flow: Learning from the
Crowd

The previous two experiments highlight that the system of crowdsourcing is
limited by the seeker firm’s knowledge. More importantly, the crowdsourcing system
may collapse when it produces lower quality solutions yet makes the seeker firm
more satisfied. Experiment 3 aims to examine whether the other knowledge flow
in the crowdsourcing system, namely the seeker firm’s learning from the crowd,
might help to resolve the above paradoxes. We fixed the number of solvers at 100,
disallowed feedback from the seeker firm and manipulated the extent to which the
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Figure 3.7: Absolute Quality of the Adopted Solution with Learning
Notes: The x-axis was rescaled to better illustrate the existence of the tipping
point.

seeker firm learns from the crowd (i.e., lr). Our analyses are based on testing
19, 796 = (14 × 14 × 101) experimental conditions – 14 levels of firm knowledge (i.e.,
Nf = {1, . . . , 14}), 14 levels of problem complexity (i.e., K = {0, . . . , 13}), and 101
levels of learning rate (i.e., lr = [0, 1] with a step size of 0.01). Figure 3.7 shows the
absolute quality of the adopted solution from crowdsourcing when the seeker firm
learns from the crowd across different levels of problem complexity (across columns
of figures), different levels of firm knowledge (solid, dashed, and dotted lines), and
learning rates (x-axis).

We find that learning from the crowd could potentially increase the absolute
quality of the adopted solution, albeit depending on the level of the seeker firm’s
knowledge and problem complexity. When the seeker firm has limited knowledge
regarding the domains relevant to the crowdsourced problem, its existing knowledge
base is less capable of evaluating solutions developed by the crowd. As a result, the
seeker firm should mostly rely on the judgments made by the solvers about what
constitutes a “good” solution and evaluate solutions accordingly. As shown by the
dashed lines, the seeker firm is able to find solutions of higher quality as long as
it learns from the crowd (i.e., when lr > 0). As the seeker firm’s knowledge level
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increases, the benefit of learning from the crowd diminishes. Only a modest extent
of learning (see the dotted line when lr < 0.05) can help the seeker firm obtain
higher quality solutions. We also find that the optimal extent of learning from the
crowd (i.e., lr) decreases as the seeker firm’s knowledge level increases. For instance,
the solid and dotted lines in Figure 3.7a show that the optimal extent of learning
decreases from 0.05 to 0.01 when the seeker firm’s knowledge declines from a high
to a medium level. These results suggest that as the seeker firm’s knowledge level
increases, the seeker firm could rely less on the solvers’ knowledge. Moreover, when
the seeker firm’s knowledge level is relatively high, the inverted-U shape functions
across the extent of learning from the crowd (i.e., lr) also point to the synergy
between the seeker firm’s knowledge and the wisdom of the crowd (see the solid and
dotted lines). By incorporating solvers’ judgments about the mainstream design
choices into its existing knowledge base, the seeker firm is able to obtain solutions
of higher quality compared to solely relying on its own knowledge or on the wisdom
of the crowd.

The above findings are moderated by problem complexity. First, as the level
of problem complexity increases, the benefits of learning gradually diminish. For
instance, when the seeker firm’s knowledge level is low, learning from the crowd could
enhance the absolute quality of the adopted solution by around 0.18 in problems
with low complexity (as shown by the dashed line in Figure 3.7a) but only by 0.04 in
problems with high complexity (as shown by the dashed line in Figure 3.7c). Second,
as problem complexity increases, the optimal extent of learning from the crowd (i.e.,
lr) declines. The optimal extent of learning from the crowd drops from 0.01 to 0
when the seeker firm has a high level of knowledge (as shown by the dotted lines in
Figures 3.7a and c) and from 0.05 to 0.01 when the seeker firm has a medium level
of knowledge (as shown by the solid lines in Figures 3.7a and c). The only exception
is when the seeker firm has limited knowledge and relies heavily on the wisdom of
the crowd (as shown by the dashed lines). These results suggest that incorporating
solvers’ knowledge becomes less beneficial in complex problems – when the landscape
is smooth(er), there is a stronger correlation among nearby solutions. Solvers’ choice
for a certain design element is less likely to be impacted by other design elements and
is also less likely to impact the fitness contribution of those elements. As a result, the
independent choices made by solvers are more accurate and tend to build a consensus
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about what constitutes a “good” solution. Incorporating solvers’ knowledge thus
tends to enhance the seeker firm’s understanding of the solution space. Conversely,
when the solution space is (more) rugged, solvers’ choice for a certain design element
depends on the configuration of other relevant design elements. Solvers are unlikely
to reach an accurate consensus as each of them may have specific configurations,
making learning from the crowd less beneficial and the synergy between the seeker
firm’s knowledge and the wisdom of the crowd less attainable.

Taken together, we propose the following:
Proposition 3.1a. Learning from the crowd enhances the absolute quality of

the solution adopted from crowdsourcing when the seeker firm has a low level of
knowledge and the problem is not complex.

Proposition 3.1b. As the seeker firm’s knowledge level increases, synergy with
the wisdom of the crowd becomes more attainable.

Proposition 3.1c. As the problem complexity increases, the benefits of learning
from the crowd diminish; synergy between the seeker firm’s knowledge and the
wisdom of the crowd becomes less achievable.

3.4.4 Experiment 4 – A Systems View of Crowdsourcing

The above results indicate that the knowledge flow from the crowd to the
seeker firm (i.e., learning from the crowd) could potentially resolve the paradoxes in
crowdsourcing. This experiment examines the impact of learning from the crowd,
along with other flows, on crowdsourcing effectiveness from a systems view. We
fixed the number of solvers at 100 and allowed the seeker firm to provide feedback
to (pfeedback = 1) as well as learn from the crowd. Our analyses are based on testing
19, 796 = (14 × 14 × 101) experimental conditions – 14 levels of firm knowledge,
14 levels of problem complexity, and 101 levels of learning rate lr = [0, 1] with a
step size of 0.01. Figure 3.8 shows the absolute quality of the adopted solution from
crowdsourcing (as shown by the dashed lines) when the seeker firm always provides
feedback to and learns from the crowd across different levels of problem complexity
(across columns of figures), different levels of firm knowledge (across rows of figures),
and learning rates (x-axis). We also included results from Experiments 2 (as shown
by the leftmost points on the dashed lines when lr = 0) and 3 (as shown by the
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Figure 3.8: Absolute Quality of the Adopted Solution with Learning and Learning
and Feedback

solid lines) as baselines.
Counterintuitively, we find that the absolute quality of the adopted solution

is worsened when the seeker firm provides feedback and learns from the crowd
simultaneously. When the seeker firm has a low or a medium level of knowledge,
providing feedback hinders the effectiveness of learning from the crowd (see the
dashed and solid lines in the 1st and 2nd rows of Figure 3.8). In other words,
simultaneously providing feedback and learning from the crowd is always less effective
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than solely learning from the crowd for the seeker firm to obtain higher quality
solutions. When the seeker firm has a high level of knowledge, learning from the
crowd weakens the positive effect of providing feedback on the absolute quality
of the adopted solution (i.e., the highest points on the dashed lines are always
associated with no learning (lr = 0) in the 3rd row of Figure 3.8). Put differently,
simultaneously providing feedback and learning from the crowd is always less effective
than merely providing feedback. These results suggest the two knowledge flows in
the system of crowdsourcing are interdependent. On the one hand, the benefits of
learning from the crowd source from the wisdom of the crowd that requires solvers
to be as independent as possible. Independent solvers with diverse knowledge can
each evaluate particular aspects of a solution. As a result, the seeker firm can regard
certain design choices as of high quality if they have been validated and taken by
solvers with diverse knowledge. However, the seeker firm’s feedback homogenizes
solvers’ evaluation of solutions and thus harms learning. On the other hand, when
the seeker firm has a high level of knowledge, it is likely to increase the absolute
quality of the adopted solution by providing feedback on aspects that cannot be
captured by any individual solver. Learning from the crowd, however, undermines
the value of ongoing feedback by forcing the seeker firm to incorporate solvers’
in-progress (and potentially underdeveloped) solutions into its existing knowledge.

Taken together, these results suggest providing feedback to and learning from
the crowd may be detrimental to each other if they are implemented simultaneously,
necessitating the isolation of feedback and learning in crowdsourcing design. Prior
research on crowdsourcing has demonstrated that the seeker firm may provide
feedback at different timing (Sanyal and Ye 2023, Jiang et al. 2021), which presents
natural opportunities to isolate feedback from learning. As such, we conduct two
additional experiments in which the seeker firm first learns from then provides
feedback to the seeker firm, or the other way around.5 Solid lines with vertical
line markers and dashed lines with vertical line markers in Figure 3.9 present the
absolute quality of the adopted solution when the seeker firm first learns from the
crowd then provides feedback, and when the seeker firm first provides feedback then
learns from the crowd, respectively. To better highlight the impact of isolating

5For simplicity, we divide crowdsourcing into two stages according to the midpoint – i.e., 50th
period.
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Figure 3.9: Absolute Quality of the Adopted Solution with Learning, Learning and
Feedback, Early Learning and Late Feedback, and Early Feedback and Late

Learning

feedback and learning, Figure 3.9 also shows previous results (i.e., learning and
learning and feedback simultaneously) in solid and dashed lines, respectively.

We find that if the seeker firm first provides feedback and then learns from the
crowd, the absolute quality of the adopted solution seems to be nudged up compared
to the scenario when the seeker firm provides feedback and learns from the crowd
at the same time (i.e., all the dashed lines with vertical line markers are above the
dashed lines when lr > 0 in Figure 3.9). However, the absolute quality is still less
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than or equal to when the seeker firm only provides feedback (the leftmost point of
the dashed lines in the 3rd row of Figure 3.9) or learns from the crowd (the solid
lines in the 1st and 2nd rows of Figure 3.9). The value of learning from the crowd is
undermined by the seeker firm’s feedback that homogenizes solvers’ evaluation. As
a result, there is little synergy between the seeker firm’s existing knowledge and the
wisdom of the crowd, hindering crowdsourcing effectiveness to be further enhanced.

In contrast, we find that the seeker firm may adopt a solution of similar and
even higher quality if it first learns from and then provides feedback to the crowd.
The solid lines with vertical line markers tend to have the highest performance for
problems with medium complexity when the seeker firm has a low or a medium
level of knowledge (as in the 2nd column, 1st and 2nd rows of Figure 3.9), and for
problems with low complexity when the seeker firm has a high level of knowledge (as
in the 1st column, 3rd row of Figure 3.9). These results suggest that the seeker firm
is only able to transmit the knowledge learned from the crowd to the crowd under
certain conditions. When the seeker firm has limited knowledge about domains
relevant to the crowdsourced problem, it mostly relies on solvers’ judgments about
what design choices constitute a good solution. On the one hand, the quality of the
wisdom of the crowd decreases as problem complexity increases (as in Propositions
3.1). On the other hand, to what extent the seeker firm can utilize the wisdom of
the crowd to guide the solvers’ search also depends on problem complexity. When
problem complexity is low, there are few interdependencies among different design
elements and as a result, how a particular design element contributes to the quality
of the overall solution is less dependent on other design elements. Knowing if a
particular design element in the solution fits other solvers’ judgments is unlikely
to induce solvers to re-configure the remaining elements. Providing feedback in
the late stage thus may fail to fully utilize the wisdom of the crowd to guide
solvers’ search. As problem complexity increases, it is more likely for solvers to
search the whole knowledge space again if one particular design element has been
adjusted. Therefore, taken these two forces together, when the seeker firm has
limited knowledge regarding the domains relevant to the crowdsourced problem, it
can further enhance the absolute quality of the adopted solution by first learning
from and then providing feedback to the solvers, especially for problems with medium
complexity levels. As the seeker firm’s knowledge level increases, it relies less on
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solvers’ judgments and is more likely to take advantage of the synergy between its
existing knowledge and the wisdom of the crowd (as shown by the inverted-U shape
functions across the extent of learning in Figure 3.7). As such, the seeker firm’s
feedback captures not only whether a design choice fits the wisdom of the crowd
but also how it actually performs. However, the benefits of learning from the crowd
gradually diminish as problem complexity increases, making providing feedback
after learning less valuable for complex problems. The difference between the solid
line with vertical markers and the other lines in the 3rd row of Figure 3.9 is most
pronounced when problem complexity is low.

In summary, it is possible for the solution seeker to further enhance crowdsourcing
from a systems view by first learning from and then providing feedback to the crowd.
We summarize our findings into the following propositions:

Proposition 3.2a. When the seeker firm has a low level of knowledge and the
problem is of medium complexity, learning first from and then providing feedback to
the crowd enhances the absolute quality of the solution adopted from crowdsourcing.

Proposition 3.2b. When the seeker firm has a high level of knowledge and the
problem is of low complexity, learning first from and then providing feedback to the
crowd enhances the absolute quality of the solution adopted from crowdsourcing.

3.4.5 Sensitivity Analysis

We conducted a number of sensitivity analyses. First, as discussed, we varied
the number of solvers (100, 200, 400) for Experiments 2, 3, and 4 and found no
substantive differences in the results. Second, we varied the size of the solvers’
knowledge set Nc. While results from Experiments 1, 2, and 3 remain qualitatively
unchanged, increasing (reducing) the solvers’ knowledge level makes learning from
the crowd relatively more (less) beneficial than providing feedback to solvers. As
a result, our results in Experiment 4 would shift towards more learning (when
solvers possess relatively more knowledge) and more feedback (when solvers possess
relatively less knowledge), respectively. Table 3.2 summarizes all the simulation
results accordance with the framework we proposed in Figure 3.1.
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Table 3.2: Summary of Experiments and Results

Experiment Systems View Simulation Results(as per Figure 3.1)

1
The solution flow from
the crowd of solvers to
the seeker firm

Paradox 3.1. When the seeker firm has insuffi-
cient knowledge about the solution space, crowd-
sourcing is most needed but also least utilized.

2
The knowledge flow from
the seeker firm to the
crowd of solvers

Paradox 3.2. When the seeker firm has insuf-
ficient knowledge about the solution space (i.e.,
when crowdsourcing is actually most needed), the
seeker firm’s feedback to solvers worsens crowd-
sourcing effectiveness even though firm may be
more satisfied with the solutions developed via
crowdsourcing.

3
The knowledge flow from
the crowd of solvers to
the seeker firm

Proposition 3.1a. Learning from the crowd en-
hances the absolute quality of the solution adopted
from crowdsourcing when the seeker firm has a low
level of knowledge and the problem is not complex.
Proposition 3.1b. As the seeker firm’s knowledge
level increases, synergy with the wisdom of the
crowd becomes more attainable.
Proposition 3.1c. As the problem complexity
increases, the benefits of learning from the crowd
diminish; synergy between the seeker firm’s knowl-
edge and the wisdom of the crowd becomes less
achievable.

4
The interactions of the
solution and knowledge
flows

Proposition 3.2a. When the seeker firm has a low
level of knowledge and the problem is of medium
complexity, learning first from and then providing
feedback to the crowd enhances the absolute quality
of the solution adopted from crowdsourcing.
Proposition 3.2b. When the seeker firm has a
high level of knowledge and the problem is of low
complexity, learning first from and then providing
feedback to the crowd enhances the absolute quality
of the solution adopted from crowdsourcing.

3.5 Discussion and Conclusion
This paper offers a novel perspective on how to enhance crowdsourcing effective-

ness from a systems view. Drawing on the tension between the parallel path effect
and knowledge absorptive capacity theory, we posit that the seeker firm is unlikely
to possess the full range of knowledge to evaluate solutions when solvers with diverse
(albeit limited) knowledge are engaged in a crowdsourced problem that requires
knowledge from multiple domains. As such, crowdsourcing is a system constrained
by the seeker firm’s knowledge – solvers’ parallel search always needs to be evaluated
and selected by the firm before being applied to the crowdsourced problem. We
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extend the NK fitness landscape model to examine how the system of crowdsourcing,
within which the seeker firm with limited knowledge interacts with solvers via solu-
tion and knowledge flows, performs in discovering high quality solutions. Our results
uncover two paradoxes related to the solution flow, in which solutions developed by
the solvers are submitted to the seeker firm and the knowledge flow, in which the
seeker firm provides feedback to the solvers. First, the crowdsourcing system is most
likely to overlook high quality solutions developed by the solvers when they are most
needed. Second, when the seeker firm provides feedback, although the seeker firm
perceives the adopted solution as of higher quality, the absolute performance may
be poor. To resolve these paradoxes, we examine the knowledge flow from the crowd
of solvers to the seeker firm by enabling the seeker firm to learn from the crowd
about what design choices constitute a good solution. We find that learning from
the crowd helps the seeker firm obtain higher quality solutions, albeit conditionally
depending on the seeker firm’s knowledge level and problem complexity. We find
that the two knowledge flows can be detrimental to each other such that the system
performance can only be enhanced by isolating providing feedback to and learning
from the crowd. These findings point to a wide range of theoretical and practical
implications.

This study is, to the best of our knowledge, the first holistic examination of
crowdsourcing effectiveness from a systems view. It introduces a new and important
conceptual framework for understanding crowdsourcing effectiveness by highlighting
the existence of the cave of crowdsourcing. In the famous allegory of “The Cave,”
the Greek philosopher Plato describes a group of people who have been imprisoned
all their lives, chained to gaze at the wall in front of them. Behind the prisoners,
objects are passed through in front of a fire, projecting shadows on the wall. The
shadows are the reality for the prisoners because they have never seen anything
else but may not be accurate representations of the real world. This story is often
told to describe the chase for truth of the world. When prisoners are born with
intelligence incapability in the cave, instead of naming the “shadows” as reality, the
only way to approach reality is by escaping from the cave. Along with this anecdote,
our study suggests that to fully utilize the innovativeness of crowdsourcing, it is
crucial to evade the cave of crowdsourcing. Due to the nature of crowdsourcing to
discover solutions for the seeker firm, satisfying the seeker firm has been the reality
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for solvers in many crowdsourcing practices. However, as the crowdsourced problem
becomes increasingly complex and requires multidisciplinary knowledge (Gurca et al.
2023, Majchrzak et al. 2021, Majchrzak and Malhotra 2020), it becomes almost
impossible for the seeker firm to possess the full range of relevant knowledge. In
turn, limited knowledge hinders the seeker firm’s understanding and consequently
its ability to evaluate solutions submitted by solvers with diverse knowledge and
may not be able to distinguish between a satisfactory solution from an effective one,
making satisfying the seeker firm likely to become the “shadow” of reality. The
discrepancy between “shadow” (i.e., satisfaction) and “reality” (i.e., effectiveness)
requires a clear distinction between satisfying the seeker firm within the system
(i.e., naming the “shadows”) and enhancing the overall system performance in
discovering effective solutions (i.e., chasing reality). For instance, open crowdsourcing
platforms have received considerable attention in academia due to the accessibility
of data. However, it has primarily (and perhaps implicitly) focused on the seeker
firm’s satisfaction at the end of crowdsourcing (e.g., Mo et al. 2021, Jin et al.
2021) rather than the absolute quality of the adopted solution, which would better
reflect crowdsourcing effectiveness. Without a systems view outside the cave of
crowdsourcing, crowdsourcing platforms may constantly host (seemingly) successful
crowdsourcing campaigns but generate few valuable solutions to the seeker firm.
The conventional wisdom of crowdsourcing and the taken-for-granted approach of
studying crowdsourcing with data drawn from crowdsourcing platforms thus need
to be carefully reconsidered in terms of whether they indeed help the seeker firm
in developing truly innovative solutions. While this study takes a first step by
generating theoretical propositions via a novel simulation-based approach, we urge
future studies to continue to bridge this discrepancy.

By highlighting the existence of the cave in crowdsourcing, this study extends
our understanding of crowdsourcing in several ways. First, this study adds to the
growing body of research that seeks to enhance crowdsourcing effectiveness via
strengthening the parallel path effect (e.g., Jian et al. 2019, Boudreau et al. 2011).
Prior studies have mainly examined various ways to encourage solver participation to
increase the likelihood of having one solver with the required knowledge participate
in crowdsourcing. Although this perspective is reasonable, it may be untenable
when the crowdsourced problems require knowledge beyond the seeker firm’s existing
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knowledge base, the raison d’être of crowdsourcing. Several recent studies have
shown that the seeker firm may fail to utilize the parallel path effect and only adopt
solution it is familiar with (e.g., Piezunka and Dahlander 2015). Our findings provide
evidence that the seeker firm’s knowledge impedes the parallel path effect. The seeker
firm’s existing knowledge base determines its representation of the problem (and
solutions) and eventually how the solvers’ parallel search is evaluated according to
the (potentially) inaccurate mental representation. When the “best” solution defined
according to the seeker firm’s mental representation happens to be discovered by
the solvers, further involving solvers has a marginal impact on overall crowdsourcing
effectiveness as the “shadows” have already been fully seized by the solvers. This
study thus contributes to the crowdsourcing literature by highlighting the seeker
firm’s knowledge as a potential boundary condition of the effectiveness of the parallel
path effect.

Relatedly, this study also contributes to research on the impact of the seeker
firm’s feedback in shaping solvers’ parallel search (e.g., Jiang et al. 2021, Sanyal
and Ye 2023, Mihm and Schlapp 2019) from a normative perspective by showing the
potential misalignment between the perceived and absolute quality of the adopted
solution when the seeker firm guides solvers with feedback. Prior research has
mainly investigated the performance implication of feedback through the lens of the
parallel path effect – i.e., whether and to what extent providing feedback would
affect solvers’ participation level and search behavior. A somewhat overlooked aspect
is that feedback, albeit in various forms, is inherently grounded in the seeker firm’s
existing knowledge about the solution space of the crowdsourced problem. Our
simulation results suggest that the seeker firm’s feedback could be the “chains” that
force solvers to face the “shadows” on the wall, making the seeker firm more likely
to obtain solutions of higher perceived quality within the system (i.e., satisfactory
solutions). However, to what extent feedback increases the likelihood of finding
solutions of higher absolute quality (i.e., effective solutions) depends on whether
the “shadows” are accurate representations of reality. When the seeker firm has
limited knowledge regarding the domains relevant to the crowdsourced problem, the
seeker firm’s mental representation may deviate from the landscape and as a result,
providing feedback makes the seeker firm satisfied at the cost of worsening overall
crowdsourcing effectiveness. This study thus points to an alternative mechanism
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through which feedback may affect crowdsourcing effectiveness. Future research
could investigate the interplay between how feedback affects the parallel path effect
and how feedback steers solvers to chase the “shadows.”

Finally, this study also contributes to the crowdsourcing literature by showing the
possibility of using the wisdom of the crowd to evade the cave of crowdsourcing. The
prior literature on the power of crowds could be generally divided into two streams –
one stream has mainly focused on the parallel path effect to conduct independent
search in mass via crowdsourcing (Boudreau et al. 2011, Jian et al. 2019); the other
has focused on how to aggregate crowds’ beliefs to improve decision-making accuracy
(Surowieck 2004, Da and Huang 2020). The parallel path effect and wisdom of the
crowd, albeit focusing on different tasks, both require the participation of solvers
(i.e., the crowd) with diverse knowledge. As such, crowdsourcing can naturally
benefit from utilizing the wisdom of the crowd. This study integrates these two
streams of literature by examining how the seeker firm could learn from solvers
in crowdsourcing. Whilst the seeker firm would only adopt one solution with the
highest perceived quality, it could learn about the design choices that have been
frequently made in solvers’ solutions from the union of solvers. Our findings suggest
that when the seeker firm has limited knowledge regarding the domains relevant
to the crowdsourced problem, learning from the crowd can generally enhance the
absolute quality of the solution adopted by the seeker firm. By incorporating the
knowledge about whether a mainstream design choice has been incorporated in a
solution into the seeker firm’s existing knowledge, it is possible to make the “shadows”
closer to reality. However, the wisdom of the crowd becomes less informative in
problems with high complexity due to interdependencies among different design
elements. As a result, learning may backfire as problem complexity increases. Our
results also suggest that to fully utilize the wisdom of the crowd, the seeker firm
should first “unchain” solvers by ceasing feedback to solvers. Taken together, this
study thus points to a contingency view of learning from the crowd to evade the
cave of crowdsourcing.

We suggest several directions for future research into this underexplored area.
First, although this study, to the best of our knowledge, is the first to examine
the wisdom of the crowd in the crowdsourcing context, the seeker firm in practice
may have already begun to learn from the crowd implicitly. Some crowdsourcing
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platforms, for instance, support in-progress ratings given by the seeker firm (Jiang
et al. 2021) and two-stage competitions (Hou and Zhang 2021), which provide
natural opportunities for the seeker firm to update its understanding of the solution
space according to the exposed in-progress solutions. Some crowdsourcing platforms
have also implemented ongoing communication channels between the seeker firm
and solvers during crowdsourcing. Future research could validate the possibility of
learning from the crowd via qualitative interviews with the seeker firm. Second, this
study uses computational experiments to generate theoretical propositions of learning
from the crowd. Future research could test these propositions via experimental or
field studies. These propositions may not be tested in any single study due to the
difficulty of simultaneously manipulating or measuring all the variables and solution
(knowledge) flows in our simulation model. This study highlights possible boundary
conditions about how individual studies’ different (sometimes even conflicting)
results should be compared and accumulated. Last, prior research has suggested
that the seeker firm’s attention may be crowded out in crowdsourcing (Piezunka
and Dahlander 2015). Learning from the crowd, however, requires the seeker firm
to focus on in-progress solutions during crowdsourcing. Future research can thus
examine whether and to what extent the seeker firm is able to allocate attention to
in-progress solutions to utilize the wisdom of the crowd.

This study points to several practical implications as well. First, this study
suggests that the seeker firm’s efforts to leverage external knowledge via crowdsourc-
ing must take into account the impact of its existing knowledge base. Although
crowdsourcing enables the seeker firm to conduct parallel search of the solution
landscape cost-effectively compared to serial trial and error via internal R&D, it
still involves a considerable expenditure of time and financial resources to attract
solvers. Even if a great number of solutions can be generated by artificial intelligence
technologies in a cost-efficient manner (Boussioux et al. 2024), the extent to which
these solutions can be effectively leveraged still depends on the firm’s existing knowl-
edge base. Considering the seeker firm’s knowledge as the bottleneck of the parallel
path effect, the seeker firm should carefully evaluate (and enhance) its existing
knowledge base to align efforts in attracting solvers. Second, this study suggests
the seeker firm should reassess the performance implication of how it steers solvers’
parallel search. Some rules of thumb in extant practices, for instance, designing
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reward structures to guarantee solver participation and offering in-progress feedback,
have been shown to have marginal and even adverse impacts on crowdsourcing
effectiveness beyond merely satisfying the seeker firm when the seeker firm has
limited knowledge regarding the domains relevant to the crowdsourced problem.
The seeker firm can thus first evaluate its knowledge base before directing the crowd
of solvers. When the crowd of solvers can find its way, less sometimes is more. Third,
this study also points to a new direction for the seeker firm to enhance crowdsourcing
effectiveness via learning from the crowd. Learning from the crowd requires the
seeker firm to engage in the solution development process and update its evaluation
criteria correspondingly. Our results provide guidance on to what extent the seeker
firm should learn from the crowd and whether the seeker firm should learn from the
crowd together with other crowdsourcing policies like providing feedback.

Despite the strengths of this study, some limitations should be noted. Our
extended NK model, similar to other simulation models, is a simplified abstraction
of reality. We only capture the basic properties of crowdsourcing and the interactions
between the seeker firm and solvers. Crowdsourcing in the real world is more
complicated. For instance, feedback from the seeker firm may take place in various
forms (e.g., private vs. public, quantitative vs. qualitative) (Mihm and Schlapp
2019, Sanyal and Ye 2023). Likewise, solution solvers and the seeker may exhibit
differences beyond different knowledge levels. In a similar vein, learning from the
crowd in reality is also constrained by solver motivation. Solvers may participate
in crowdsourcing to merely take a chance on the reward and thus submit less
valuable solutions to the seeker firm. Future research could continue to add more
details to the developed model according to empirical observations and examine
their impact on the effectiveness of the crowdsourcing system. It is worth noting
that most observational data is about how the seeker firm perceives a solution
developed via crowdsourcing and is thus unlikely to be the ground truth to study
how the system consisting of the seeker firm and solvers performs. We encourage
more longitudinal studies in the crowdsourcing field to step out of the cave and
uncover the long-term performance implications beyond short-term satisfaction and
acceptance of solutions by the seeker firm. The simulation methodology equips us
with a theoretical framework to abstract reality and to foresee possible outcomes
and boundary conditions on this journey.
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Chapter 4 Conclusions

4.1 Summary
Crowdsourcing is fast emerging as a mainstream innovation tool for firms. How-

ever, despite its wide adoption, crowdsourcing has been challenged with respect to
its ability to solve complex problems. This thesis aims to further crowdsourcing for
innovative solutions to complex problems. Given the limits of Taylorism assumptions
in the extant crowdsourcing research, this thesis first proposes a post-Taylorism
theoretical perspective of crowdsourcing that improves crowdsourcing effectiveness
with a focus on the (re)combination of expertise across varying levels of problem
complexity and then conduct two related studies that develop different aspects of
the proposed theoretical perspective through a simulation-based theory building
approach (Davis et al. 2007).

The first essay investigates (re)combination through teaming that takes place in
a self-selection manner. It focuses on how such self-selected teaming would influence
overall crowdsourcing effectiveness. I first find suggestive empirical evidence from
Kaggle that solvers are likely to rely on quality signals from publicly available
information on crowdsourcing platforms in the teaming process. Based on the
empirical observations, I extend the NK fitness landscape model and conduct
counterfactual experiments to unlock the impact of self-selected teaming on global
crowdsourcing effectiveness. I find that the impact of teaming on crowdsourcing
effectiveness originates from the immediate returns from identifying other solvers
(or their solutions) to integrate with at the time of teaming and potential (but
time-consuming) returns from joint teamwork after teaming. The identification,
integration, and teamwork effects are moderated by problem complexity and the
timing of teaming and may make teaming detrimental to overall crowdsourcing
effectiveness under certain conditions.
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The second essay examines knowledge (re)combination between the firm (i.e.,
the solution seeker) and solvers. I first conceptualize crowdsourcing as a system
constrained by the firm’s existing knowledge base. I further extend the NK fitness
landscape model and conduct simulation experiments to illustrate how the extant
crowdsourcing literature and practice may only contribute to suboptimal problem-
solving. I find that when massive parallel search is most needed to develop solutions
beyond the firm’s knowledge base, the firm is also most likely to overlook high
quality solutions. Second, feedback from the firm may make the firm more satisfied
at the cost of worsening crowdsourcing effectiveness. To mitigate the identified
issues, I examine whether and how the seeker firm could enhance the crowdsourcing
system’s ability to obtain high quality solutions by proactively learning from the
crowd about what constitute a good solution (i.e., the wisdom of the crowd). I find
a potential synergy between the seeker firm’s existing knowledge and the wisdom
of the crowd, albeit depending on problem complexity and the interplay between
learning and other interactions between the solution seeker and solvers.

In summary, my dissertation examines the impact of knowledge (re)combination
on crowdsourcing effectiveness for complex problems. Overall, our findings suggest
that knowledge (re)combination can enhance crowdsourcing effectiveness and help
firms discover high quality solutions. However, if not properly managed, it may also
backfire. Notably, the impact of knowledge (re)combination may be misleading if
the outcome variable is not clearly defined. Our findings suggest that the quality of
individual solutions and the seemingly high quality solutions selected by the solution
seeker does not always align with overall crowdsourcing effectiveness. Finally, our
results highlight problem complexity as a key contingency factor for the above
conclusions.

4.2 Contributions
This thesis makes significant contributions to theory, methodology, and practice.

Chapter 2 and Chapter 3 have already discussed the contributions within their
specific contexts and foci. The following sections will outline and discuss each of the
contributions from a broader perspective.
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4.2.1 Contributions to Theory

This thesis contributes to the literature on crowdsourcing by proposing a new
theoretical framework that relaxes the assumptions grounded implicitly in Taylorism
management in existing crowdsourcing research. The proposed framework highlights
three essential elements that complement the Taylorism view of crowdsourcing. First,
in addition to recruiting as many solvers as possible and matching the crowdsourced
problem with suitable expertise from specialized solvers, the crowdsourced problem
can be solved in a collaborative manner where the expertise possessed by the seeker
and solvers (re)combines each other and ignite exploration into solutions that can
hardly be discovered by parallel search alone. However, improper (re)combination
cannot compensate for the loss in parallel search and may hamper crowdsourcing
effectiveness. The crowdsourcing literature should therefore incorporate knowledge
(re)combination as a key theoretical construct. I suggest, in particular, several
directions for future research to further our understanding of knowledge (re)com-
bination in crowdsourcing. First, from a descriptive perspective, as suggested by
the empirical observation in Essay I, knowledge (re)combination in crowdsourcing,
although not formally managed, does not occur in a fully random manner. As
such, future research should collect data and investigate how knowledge (re)com-
bination unfolds at a finer level of granularity. While my dissertation focuses on
direct knowledge (re)combination among agents, knowledge (re)combination can
be even more complex and may be better conceptualized as a dynamic network
in which agents interact with one another over time. For instance, a solver may
build its solution on top of others’ solutions, which themselves were built upon
prior solutions submitted by earlier participants. The solutions submitted by earlier
participants, in turn, may be influenced by how the seeker firm steer the massive
parallel search. The recent emergence of AI tools further exacerbates the tendency
for knowledge (re)combination to concentrate along specific edges in the network
(e.g., human solvers using a public AI agent). I therefore encourage future research
to examine knowledge (re)combination in crowdsourcing by incorporating both the
contemporaneous and temporal interdependencies among agents. Theoretical lenses
such as network dynamics and complex adaptive systems might be leveraged. Such
descriptive studies will further refine the micro-level theoretical assumptions about
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whether and how knowledge (re)combination takes place in crowdsourcing. While
my dissertation offers a way to understand the impact of micro-level (re)combination
on macro-level outcomes (i.e., global crowdsourcing effectiveness) from a normative
perspective, the extent to which knowledge (re)combination is beneficial depends
critically on its micro-level foundations. Relatedly, from a prescriptive perspective,
I hope my dissertation can also inspire future research to design crowdsourcing
systems that better incentivize knowledge (re)combination in a desired manner. A
two-stage approach should be employed to examine the effectiveness of different
design strategies. Namely, how a design influences micro-level behaviors and in turn,
how global crowdsourcing effectiveness is achieved.

The proposed theoretical framework also takes a contingency view regarding
complexity. Early theoretical perspectives of crowdsourcing have been proposed and
validated on simple tasks. This thesis further refines them by including complexity
as a boundary condition. The results of this thesis highlight that the same attempt
to increase crowdsourcing effectiveness may have divergent impacts in problems
with varying complexity levels. Therefore, the development of crowdsourcing theory
should be prudent specifically with regard to levels of problem complexity levels.
Here I suggest two directions for future research related to the sources and channels
through which complexity influences crowdsourcing. First, as explored in Essays I
and II, the complexity associated with problem solving can stem from two sources
– the problem itself and the integration of the solution into the firm. Seemingly
simple crowdsourced problems can exhibit hidden complexity when substantial
interdependencies exist between the seeker firm and crowdsourcing solvers. A more
nuanced view of the pattern and distribution of interdependencies among design
elements between the seeker firm and crowdsourcing solver can therefore help advance
our understanding of the moderating role of complexity. Second, complexity can act
as a contingency factor through different channels. It may influence crowdsourcing
effectiveness by directly affecting the likelihood of finding high quality solution,
or by affecting how knowledge (re)combination occurs and how such knowledge
(re)combination influences crowdsourcing effectiveness. Future research therefore
should differentiate among these channels, as the way complexity exerts its influence
may require different remedies to fully leverage crowdsourcing for complex problem
solving.
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Finally, the proposed framework focuses on crowdsourcing effectiveness rather
than efficiency, which was the primary focus of most prior crowdsourcing studies.
While an efficiency-oriented theoretical framework helps crowdsourcing to produce
effective solutions by encouraging solver participation and submission, this thesis
further complements this view by arguing and showing that the crowdsourcing
effectiveness can be further enhanced by active (re)combination. Crowdsourcing
research can better underpin crowd-based innovation activities by integrating these
two views. The move from efficiency to crowdsourcing effectiveness requires an
ontological shift – from studying crowdsourcing solvers (and their solutions) to
examining the performance of crowdsourcing systems. This shift therefore points
to a more system-oriented epistemology in which interactions among agents are
central to understanding crowdsourcing effectiveness. It opens up a range of research
questions, some of which have been discussed above using the example of knowledge
(re)combination. For example, how do micro-level interactions aggregate to influence
crowdsourcing effectiveness? What types of interaction patterns best support the
discovery of high quality solutions? And how can platforms be better designed to
improve the performance of crowdsourcing systems? Answering these questions, of
course, requires innovative research designs to capture and evaluate crowdsourcing
outcomes. In addition to the simulation-based approach employed in this dissertation,
large-scale field experiments and longitudinal studies examining whether the firm
benefit from crowdsourcing could provide richer insights into the the effectiveness of
crowdsourcing beyond the quality of individual solutions or short-term satisfaction.

4.2.2 Contributions to Methodology

This thesis contributes to the research methodology by introducing and extending
the basic NK fitness landscapes model to crowdsourcing research. The proposed sim-
ulation model captures massive parallel search for problems with different complexity
levels and interdependency patterns. More importantly, it enables counterfactual ex-
perimentation on crowdsourcing effectiveness. Future research can easily extend the
proposed model by changing some components to study other phenomena relevant
to crowdsourcing.

Second, this thesis also brings novel insights into the extant methods in crowd-
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sourcing research. The mainstream empirical methods should adapt to investigate
crowdsourcing effectiveness rather than efficiency. For those studies that approx-
imate crowdsourcing effectiveness with solvers’ performance or the quality of the
winning solutions, this thesis offers a more comprehensive picture of the underlying
data generating process and how the observed data may be biased representations of
crowdsourcing effectiveness. For analytical methods used in the extant crowdsourcing
literature, this thesis provides an alternative perspective to formalize the seeker and
solvers according to the assumptions of bounded rationality and anticipate possible
outcomes when a crowd of actors interact with each other. Given constraints of
time, imperfect information, and insufficient knowledge at both the seeker and solver
ends, analytical methods should be more prudent in making assumptions such as
simplifying crowdsourcing as a one-shot game between several decision makers.

4.2.3 Contributions to Practice

Practical contributions from this research are many-fold. First, this research offers
guidance to firms on whether and how they should adopt crowdsourcing approach to
pursue innovative solutions. In deciding whether to adopt a crowdsourcing approach,
Essay I highlights the importance of understanding the solver population in terms
of whether solvers are inclined toward collaboration or tend to avoid it. Likewise,
Essay II points to the firm’s existing knowledge base as a key factor that influences
the effectiveness of crowdsourcing. The results from these two essays also suggest
that crowdsourcing effectiveness largely depend on how proactively firms manage
the crowd. For instance, decisions about whether to allow team formation and what
information to provide to nudge the team formation process, as well as whether
and to what extent in-progress feedback and evaluation updates should be offered.
This research also suggests that there is no one-size-fits-all approach to running
crowdsourcing. It identifies several important boundary conditions, such as the
number of solvers recruited and the complexity of the problem, for firms to consider
when strategically opting in and managing crowdsourcing.

This thesis also has important implications for crowdsourcing platforms. It
contributes to the design of crowdsourcing platforms. The results of this thesis
should help platforms to design and examine different features from both the parallel
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path and (re)combination perspective. Meanwhile, crowdsourcing platforms should
also commit to improving the innovativeness of crowdsourcing rather than merely
improving the average quality of individual solutions or satisfying the seeker, which
may hamper the value of crowdsourcing and crowdsourcing platforms in the long
run.

4.3 Limitations
There are several limitations for this research that need to be carefully consid-

ered when interpreting the findings. First and foremost, this thesis draws on a
simulation-based approach. The computation models developed are still simplified
abstractions of the real world based on certain assumptions about how crowdsourcing
operates. The models do not reflect all possible factors that might affect crowdsourc-
ing effectiveness. For example, the models do not account for solver motivation,
which is an important factor influencing the level of effort solvers contribute in the
crowdsourcing process. Interpretation of the simulation results should be made with
caution, as the model’s abstraction defines the contextual boundaries of the findings.
Future research could relax the assumptions made in this thesis and examine the
boundary conditions of my findings.

Second, this thesis considers only two representative cases of knowledge (re)com-
bination – i.e., team formation between formerly independent solvers, and knowledge
(re)combination between the seeker and solvers via feedback and learning. There
are various ways in which knowledge possessed by different actors is combined
in crowdsourcing. For example, the crowd of solvers can co-develop solutions in
a community-based manner. Likewise, the solution seeker may influence solvers’
parallel search by providing exemplars. While the theoretical insights can, to some
extent, be applied to these variations, future research should incorporate additional
contextual factors that influence the effectiveness of knowledge (re)combination
among solvers, and between the solution seeker and solvers.

The conclusions derived from the simulation experiments are also not empirically
tested. The key variable in this thesis, namely crowdsourcing effectiveness, poses
challenges for empirical validation. Each crowdsourcing competition typically yields
only one observation (i.e., the quality of the best solutions from all discovered ones),
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and there is no counterfactual for how the same competition would perform under
alternative teaming policies and firm interventions. I encourage future research to
bridge this gap through creative empirical strategies.
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Appendix A Appendices

A.1 The NK Fitness Landscape Model
The creation of new technologies, products and services involves solving complex

problems that require configuring a large number of interdependent elements (Simon
1962). The attempt to find high quality configurations of interdependent elements
can be illustrated using the metaphor of a “rugged landscape” (Levinthal 1997).
Each location on the landscape represents one possible configuration of elements,
and its height represents the performance (or fitness) of that configuration. Finding
a high quality configuration is thus akin to reaching a high peak on the rugged
landscape. The NK fitness landscapes model provides a formal framework for
constructing such landscapes computationally and for modeling agents’ behavioral
rules aimed at reaching high peaks.

A.1.1 Modeling the Problem Space

In our context, the fitness landscape represents the problem space that solvers
must search for high quality solutions to configuring interdependent elements. The
problem space involves N elements d1, d2, . . . , dN , and K interdependencies between
each element and other elements. A configuration is thus represented by a N -
element vector d =< d1, d2, . . . , dN >, where di can take the value of 0 or 1. The
interdependencies among N elements can be represented by an N × N influence
matrix (INF), where INFi,j = 1 if the fitness contribution of the ith element ci is
influenced by the jth element, or 0 otherwise. Figure A.1 shows an example of an
influence matrix when N = 12 and K = 3. The fitness contribution of each element
is influenced by its own specification (i.e., all diagonal cells (i.e., i = j) in Figure
A.1 have the value of 1) and the specification of three other elements. For instance,
the fitness contribution of the first element c1 is influenced by the specifications of
the second, fifth, and last elements according to Figure A.1.
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Figure A.1: Example of an Influence Matrix (INF) when N=12, K=3

Given an influence matrix, fitness values are randomly generated. Specifically, for
each possible specification of element di and K other interdependent elements, ci is
randomly drawn from a uniform distribution U(0, 1). For instance, the first element
d1 in Figure A.1 will have a total of 16 possible fitness contributions randomly
drawn from the uniform distribution (i.e., d1 ∈ {0, 1}, d2 ∈ {0, 1}, d5 ∈ {0, 1}, d12 ∈
{0, 1}). The overall fitness value of a configuration d is the average of all N fitness
contributions ci, namely F (d) = 1

N

∑
i ci where ci = ci(di|k other dj’s). Given the

influence matrix as per Figure A.1, a configuration d = ⟨0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1⟩
has a fitness value:

F (d) = 1
12[c1(d1 = 0|d2 = 1, d5 = 0, d12 = 1) + c2(d2 = 1|d4 = 1, d8 = 1, d9 = 0)+

c3(d3 = 0|d6 = 1, d8 = 1, d10 = 1) + c4(d4 = 1|d2 = 1, d7 = 0, d11 = 0)+

c5(d5 = 0|d6 = 1, d9 = 0, d10 = 1) + c6(d6 = 1|d1 = 0, d3 = 0, d8 = 1)+

c7(d7 = 0|d3 = 0, d4 = 0, d11 = 0) + c8(d8 = 1|d1 = 0, d4 = 1, d6 = 1)+

c9(d9 = 0|d2 = 1, d6 = 1, d12 = 1) + c10(d10 = 1|d3 = 0, d5 = 0, d7 = 0)+

c11(d11 = 0|d2 = 1, d6 = 1, d9 = 0) + c12(d12 = 1|d1 = 0, d4 = 1, d7 = 0)]

This procedure of assigning fitness values to each configuration enables us to
tune the ruggedness of the generated landscapes by modifying the degree (i.e., K)
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and pattern (i.e., INF) of interdependencies.1 When there are few interdependencies
among elements (i.e., low K), the generated landscape is more smooth; conversely,
when elements are highly interdependent (i.e., high K), the resulting landscape is
more rugged. Figures A.2a and A.2b illustrate a smooth landscape with a single
peak (i.e., the global optimum) and a rugged landscape with multiple peaks (i.e., a
global optimum and numerous local optima), respectively. The ruggedness of the
fitness landscape influences the difficulty of finding the global optimum. As shown
by Figure A.2a, when the landscape is smooth, incremental local search enables
agents to eventually reach the global optimum. However, when the landscape is
rugged (see Figure A.2b), incremental local search tends to lead agents to local
optima. What’s worse, agents are likely to get stuck at those local optima because
incrementally changing their configurations will always yield fitness values lower
than the status quo.

Figure A.2: Illustrative Examples of Fitness Landscapes
Notes: The real fitness landscape is a N + 1 dimensional space (N dimensions for N elements
and 1 dimension for fitness values). For illustrative purpose, Figures A.2a and A.2b are 3-D
simplifications of the real fitness landscape. The x-axis and y-axis have no specific meaning other
than to indicate the proximity of configurations.

Figure A.3 shows the average number of peaks on the fitness landscape across
different levels of complexity (i.e., K) when N = 12 (i.e., the setup in our main
analysis). Not surprisingly, when K = 1, there are only a few peaks on the landscape.
As K increases, the number of peaks on the landscape significantly increases. When

1Whilst it is possible to specify the influence matrix to explore the impact of various interde-
pendency structures (e.g., Rivkin and Siggelkow 2003, 2007), this study adopts a more general
approach by randomizing these effects – i.e., we randomly generate influence matrices according to
predefined parameters N and K and then use the stochastic procedure described above to generate
fitness values for all possible configurations (i.e., the fitness landscape).
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K = 11, there are around 300 peaks on the landscape. In other words, around 7.3%
(=300

212 ) configurations are local peaks that hinder agents from reaching the global
optimum. As such, the degree of interdependencies (i.e., K) translates into the
complexity of searching for high fitness configurations on the landscape.

Figure A.3: Number of Local Peaks when N=12

A.1.2 Modeling Agents with Diverse Knowledge

As discussed, when the crowdsourced problem becomes broad in scope and
requires the integration of knowledge from many different domains, there may
be no individual solver who understands all aspects of the problem. Imperfect
knowledge possessed by solvers can hinder solvers from fully understanding the
problem, leading to incomplete mental representations of the problem. Imperfect
knowledge also prevents solvers from developing complete solutions beyond the scope
of their individual knowledge. To faithfully model these characteristics, we need to
model agents’ knowledge in a way that the lack of knowledge about elements outside
their knowledge domain would hamper a focal agent’s search on the landscape. To
do so, we adopt Gavetti and Levinthal’s model (2000) of cognitive simplification,
which allows agents to have a simple, low-dimensional representation of a more
complex, high-dimensional fitness landscape based on their imperfect knowledge.
The actual modeling approach is to set an agent’s perceived fitness value F̃ (d) of
solution d by averaging the fitness values across all possible configurations of the
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elements outside of its knowledge domain D. Table A.1 provides a numeric example
of how cognitive simplification is modeled. When there are 8 design elements (i.e.,
N = 8), an agent with knowledge about the first 6 elements would perceive a
solution d = ⟨0, 1, 0, 1, 0, 1, 0, 1⟩ as ⟨0, 1, 0, 1, 0, 1, ∗, ∗⟩, where ∗ indicates unknown
elements. The perceived value equals to the average fitness across all the possible
configurations of the unknown elements – i.e., all possible combinations of the last
two elements in the third column of Table A.1.

Table A.1: An Illustrative Example of Cognitive Simplification

Agent’s Knowledge Configuration Fitness across Unknowns Perceived Fitness

D = {1, 2, 3, 4, 5, 6} d = ⟨0, 1, 0, 1, 0, 1, ∗, ∗⟩

F (d = ⟨0, 1, 0, 1, 0, 1, 0, 0⟩) = 0.82

F̃ (d) = 0.7975F (d = ⟨0, 1, 0, 1, 0, 1, 0, 1⟩) = 0.75
F (d = ⟨0, 1, 0, 1, 0, 1, 1, 0⟩) = 0.94
F (d = ⟨0, 1, 0, 1, 0, 1, 1, 1⟩) = 0.68

This modeling approach does not mean that an agent actually knows the fitness
values of all solutions and is able to calculate the average fitness values across
configurations of unknown elements. Instead, the average value is simply an unbiased
expected value that an agent would perceive a solution configuration given its
imperfect knowledge. As illustrated in the third and fourth columns of Table A.1,
the perceived fitness values of different configurations may be higher or lower than
the actual fitness values due to a lack of knowledge. Yet, how the agent perceives
all configurations on the landscape as a whole would be largely correlated with the
actual fitness landscape.

Figure A.4 shows how the generated cognitive simplification correlates with the
actual fitness landscape when N = 12 and |D| = 6 (i.e., the setup in our main
analysis). Whilst the correlation between randomly generated fitness landscapes (the
dashed line) is always around 0, the correlation between the cognitive simplification
and the actual fitness landscape is above 0.6 when problem complexity is low (i.e.,
the leftmost point on the solid line). As the problem complexity increases, their
correlation declines but remains significant and positive. These results are consistent
with conventional wisdom. That is, as elements become tightly interdependent, a
lack of knowledge of certain elements would exacerbate the imperfect evaluation of
solution configurations.

To capture solvers’ diverse knowledge, in each replication of the simulations, we
always randomly set each agent’s decision set D. Each design element has a equal
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Figure A.4: Correlation between Cognitive Landscapes and Fitness Landscapes
when N=12, |D|=6

probability of being selected into agents’ decision sets. It is possible that certain
elements being more commonly represented in the population of agents and others
being less so. Therefore, we also experimented with alternative setups in which
elements are chosen according to a nearly normal distribution (i.e., Beta(2, 2)) and
found that the alternative distribution only affects the size of the proposed effects
without qualitatively altering our conclusions.

With imperfect evaluation, agents search the problem landscape in an iterative
and incremental manner. Continuing with the example above, let’s suppose that
an agent’s current solution configuration is d = ⟨0, 1, 0, 1, 0, 1, ∗, ∗⟩, with knowledge
about how to configure the first 6 design elements (i.e., D = {1, 2, 3, 4, 5, 6}). During
search, the agent would randomly change one design element within its decision
set D and adopt the change if the new configuration is perceived as being better
than the status quo based on the imperfect evaluation. In other words, a new
configuration d′ would be selected from the 6 neighboring configurations:

{⟨1, 1, 0, 1, 0, 1, ∗, ∗⟩, ⟨0, 0, 0, 1, 0, 1, ∗, ∗⟩, ⟨0, 1, 1, 1, 0, 1, ∗, ∗⟩,

⟨0, 1, 0, 0, 0, 1, ∗, ∗⟩, ⟨0, 1, 0, 1, 1, 1, ∗, ∗⟩, ⟨0, 1, 0, 1, 0, 0, ∗, ∗⟩, }

The new configuration d′ would be adopted to replace the current configuration
d = ⟨0, 1, 0, 1, 0, 1, ∗, ∗⟩ if F̃ (d′) > F̃ (d). Otherwise, the current configuration d is
retained.
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In the extended model, we also examine the scenario where agents exhibit
heterogeneous search capability and are able to consider more than one alternative
configuration in each iteration. Continuing with the N = 8 and D = {1, 2, 3, 4, 5, 6}
example, suppose that the agent can consider 8 alternative configurations and the
current configuration is d = ⟨0, 1, 0, 1, 0, 1, ∗, ∗⟩. The agent would first consider all 6
neighboring configurations listed above and 2 additional configurations that involve
changing two decisions – e.g., {⟨1, 0, 0, 1, 0, 1, ∗, ∗⟩, ⟨0, 0, 1, 1, 0, 1, ∗, ∗⟩}. Among all
considered configurations, the one with the highest perceived value F̃ (d′) will be
eventually selected. The selected configuration d′ will be adopted to replace the
current configuration d if F̃ (d′) > F̃ (d). In this way, the number of alternative
configurations the agent can consider reflects its problem-solving capability. An
agent with a higher level of problem-solving capability is able to consider more
alternatives and assess the ramifications of changing more design elements at once
within a given time frame (Rivkin and Siggelkow 2003).

In the extended model, we randomly vary the number of alternatives an agent can
consider from 1 to 2 × ND (i.e., 12 in our main analysis). It is worth noting that the
upper bound is set to sufficiently capture the advantages of agents with higher levels of
search capability in altering and evaluating multiple design elements simultaneously.
Further increasing the upper bound would only add to the computational burden
without qualitatively changing the results.

A.1.3 Modeling Teaming

At the time of teaming t, each agent has a probability (pteamup) to initiate a
team-up invitation. If an agent u decides to initiate a team-up invitation as per
pteamup, it sorts other agents according to the quality signal on which it relies and
considers possible teammates one by one. The invitation process stops if an agent on
the ordered list accepts the invitation (i.e., a team is formed) or if no agents accept
the invitation (i.e., no team is formed). The recipients v of team-up invitations
also sort other agents according to the public quality signal and have a probability
(paccept) to accept the team-up invitation. When a team is formed, agents in the
team are excluded from subsequent matches.

In our main analysis, we set pteamup as a constant equal to 0.2 to approximate
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the proportion of teams on Kaggle. As for paccept, we specify it as an exponential
decay function of the extent to which the sender is favored according to the public
quality signal. It takes the form of α · (e−βx + γ), where x is the relative order of the
sender agent according to different quality signals. When rank information is used,
x represents the relative order of agents’ performance at the timing of teaming (i.e.,
F (d); x takes the value of 1 if the sender agent is with the highest F (d) among all
solvers, so on and so forth). When knowledge-based information is used, x represents
the relative order of the knowledge overlap between the sender u and recipient v

(i.e., |Du ∩ Dv|; x takes the value of 1 if the sender agent is with a modest level
of knowledge overlap when teaming takes place according to moderate knowledge
overlap).2 When capability information is used, x represents the relative order of
the sender’s search capability (i.e., the number of alternatives it can consider; x

takes the value of 1 if the sender agent has the greatest search capability among all
solvers).

To calibrate hyperparameters α, β, and γ, we conducted a grid search on the
parameter space (i.e., α = {0.1, 0.3, 0.5, 0.7, 0.9}, β = {0.1, 0.3, 0.5, 0.7, 0.9}, γ =
{0.001, 0.003, 0.005, 0.007, 0.009}) with 200 populations of 100 agents to minimize
the mean squared error (MSE) of the following terms: 1) the average proportion
of teams in the population of crowd is 0.2; 2) the distribution of team member’s
relative order is as closed as to our empirical observation (i.e., Figure 2.2a); 3) the
likelihood of teaming probability across x closely matches Figure 2.2b. We specify
α = 0.5, β = 0.1, and γ = 0.001 for our main analysis.

Unlike rank- and capability-based information, the extent of knowledge overlap
varies among agents. An agent with an unfavored extent of knowledge overlap for a
focal agent might be perceived as having a favored extent of knowledge overlap for
another agent (i.e., a greater value of paccept). As a result, agents are more likely to
team up when they rely on the extent of knowledge overlap to determine possible
teammates. α thus is normalized by multiplying it by 0.14 when agents team up
according to knowledge overlap. In a similar vein, when we raise the number of
agents in the crowd, the proportion of teams increases because agents each will

2In our primary analyses, agents are sorted by the extent of knowledge overlap (i.e.,
⟨6, 5, 4, 3, 2, 1, 0⟩ for maximal knowledge overlap; ⟨3, 2, 4, 1, 5, 0, 6⟩ for modest knowledge overlap;
and ⟨0, 1, 2, 3, 4, 5, 6⟩ for minimal knowledge overlap).
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receive more invitations. As such, we normalize α by 100
CrowdSize

.
It is important to note that the specification of the probability of teaming might

vary on different crowdsourcing platforms for different contests. As such, our main
thesis, namely how teaming impacts the overall crowdsourcing effectiveness through
affecting the interplay between the parallel path effect and the identification, integra-
tion, and teamwork effects, is built upon random team formation as a counterfactual
baseline. Different specifications of the probability of teaming would only alter the
size of different effects without qualitatively changing our conclusions.

Once a team is formed, agents in the team stick together for the remainder of
the simulations. The next section explains how agents in teams jointly search the
landscape after the timing of teaming.

A.1.4 Modeling Teamwork

Prior research on the NK fitness landscape model has documented various ways
to model how a complex problem is decomposed and how subsets of design elements
are allocated to two or more agents to collectively search the landscape (e.g., Rivkin
and Siggelkow 2003, Siggelkow and Rivkin 2005). A key modeling decision is
to determine the extent of specialization and integration (Baumann et al. 2018).
Specialization refers to the labor division among agents. A team’s specialization
is jointly determined by agents’ decision sets D, which are randomly generated as
per section A.1.2, and how agents with diverse decision sets are teamed together
(i.e., the teaming process in section A.1.3). Integration refers to the process through
which agents with different labor divisions collaborate. Unlike groups in traditional
organizations where hierarchies play an important role in collaboration, self-organized
teams in crowdsourcing are often small and relatively more decentralized and as
a result, all team members are more likely to share authority over accepting and
rejecting what should be done. Therefore, we adopt the “liaison archetype” as per
Siggelkow and Rivkin (2005). That is, a team member agrees to a new solution
configuration only if, based on its evaluation, a payoff at least as high as that of the
status quo is yielded.

To illustrate how agents in a team jointly search the problem landscape, let us
suppose again that the solution configuration is d = ⟨0, 1, 0, 1, 0, 1, 0, 1⟩. Suppose
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that agent u with decision set Du = {1, 2, 3, 4, 5, 6} and agent v with decision set
Dv = {3, 4, 5, 6, 7, 8} team up. In this case, agent u would perceive the solution
as d = ⟨0, 1, 0, 1, 0, 1, ∗, ∗⟩, whilst agent v would perceive the same solution as
d = ⟨∗, ∗, 0, 1, 0, 1, 0, 1⟩. In each iteration, agent u would select an alternative
solution configuration d′

u following the rule described in section A.1.2 (i.e., changing
one or two of the first 6 design elements). If the alternative is perceived as better
than agent u’s current solution du (i.e., F̃u(d′

u) > F̃u(du)), the alternative would be
proposed to agent v; otherwise, the status quo du would be proposed to agent v.

Once agent v receives the proposal, it would evaluate whether the proposed
configuration leads to a perceived value at least as high as its current configuration.
The proposal would be approved if F̃v(d′

u) ≥ F̃v(dv). If the proposal is approved by
agent u, the solution configuration d is updated according to agent v’s proposal. In
order to keep the number of alternatives the team can consider identical before and
after teaming, we assume that agent u and agent v each has a chance to propose and
evaluate the other’s proposal. Continuing the example above, after updating the
solution configuration, agent v takes a turn to search for an alternative configuration
according to its imperfect evaluation and propose it for agent u’s evaluation. See
Table A.2 for a numerical example of the whole procedure when agent v is with
higher search capability (i.e., agent v is able to change two elements at once) and
agent u is with lower search capability (i.e., agent u is only able to change one
element at once).

Table A.2: An Illustrative Example of Joint Search

Input
Solution Configuration d = ⟨0, 1, 0, 1, 0, 1, 0, 1⟩

Agent u Agent v
Du = {1, 2, 3, 4, 5, 6}, du = ⟨0, 1, 0, 1, 0, 1, ∗, ∗⟩ Dv = {3, 4, 5, 6, 7, 8}, dv = ⟨∗, ∗, 0, 1, 0, 1, 0, 1⟩

Step 1.1 Agent u proposes a new solution configuration
based on its evaluation d′

u = ⟨0, 0, 1, 1, 0, 1, ∗, ∗⟩

Step 1.2
Agent v accepts the proposed solution con-
figuration because F̃v(⟨∗, ∗, 1, 1, 0, 1, 0, 1⟩) ≥
F̃v(⟨∗, ∗, 0, 1, 0, 1, 0, 1⟩)

Step 2.0
Solution Configuration d = ⟨0, 0, 1, 1, 0, 1, 0, 1⟩

Agent u Agent v
du = ⟨0, 0, 1, 1, 0, 1, ∗, ∗⟩ dv = ⟨∗, ∗, 1, 1, 0, 1, 0, 1⟩

Step 2.1 Agent v proposes a new solution configuration
based on its evaluation d′

v = ⟨∗, ∗, 1, 1, 0, 0, 0, 1⟩

Step 2.2
Agent u rejects the proposed solution con-
figuration because F̃u(⟨0, 0, 1, 1, 0, 0, ∗, ∗⟩) <
F̃u(⟨0, 0, 1, 1, 0, 1, ∗, ∗⟩)

Outcome
Solution Configuration d = ⟨0, 0, 1, 1, 0, 1, 0, 1⟩

Agent u Agent v
du = ⟨0, 0, 1, 1, 0, 1, ∗, ∗⟩ dv = ⟨∗, ∗, 1, 1, 0, 1, 0, 1⟩
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We also assume that during joint search, agents build and update their meta-
knowledge of knowledge possessed by others, which serves as a guide for identifying
the knowledge needed (Wegner 1987). Meanwhile, team members will gradually
become better aware of their teammates’ knowledge and construct a shared under-
standing of the problem (Alavi and Tiwana 2002, Robert et al. 2008, 2018), which
helps to align each other’s search behaviors. Agents’ evaluation of solution config-
urations gradually becomes more coherent because shared team cognition unifies
the divergent cognitions towards a coherent understanding of the problem. The
extent to which such a coherent understanding can be built depends on the degree
of knowledge overlap. Greater common ground among team members’ respective
knowledge bases (i.e., more knowledge overlap) facilitates intra-group communication
and coordination and reduces inconsistencies and conflicts (Espinosa et al. 2007,
Cramton 2001). In the above example (i.e., Table A.2), greater common ground
increases the likelihood of agents u and v working around the same design elements.
When inconsistencies arise on these design elements, agents are more likely to be
aware of the configurations of those design elements outside their knowledge domains
that lead to the inconsistencies. Conversely, teams formed by members with no
overlapping knowledge might miss the opportunity to build a shared understanding
because each of them independently works on a subset of design elements.

As such, in our simulation model, an agent u has a probability of plearn ×
|Du ∩ Dv| to incorporate the configuration of one element from its teammate v’s
decision set in evaluating alternatives d. Continuing the example in Table A.1,
if an agent u with decision set Du = {1, 2, 3, 4, 5, 6} would perceive a solution
d = ⟨0, 1, 0, 1, 0, 1, 0, 1⟩ as ⟨0, 1, 0, 1, 0, 1, ∗, ∗⟩. Now if agent u knows its teammate
v has configured the seventh element as 1, the perceived value would equal to the
average fitness across the possible configurations of the last element. Table A.3
provides a numeric example.

Table A.3: Cognitive Simplification Given Knowledge Overlap

Agent’s Knowledge Configuration Fitness across Unknowns Perceived Fitness

D = {1, 2, 3, 4, 5, 6} d = ⟨0, 1, 0, 1, 0, 1, 1, ∗⟩ F (d = ⟨0, 1, 0, 1, 0, 1, 1, 0⟩) = 0.94
F̃ (d) = 0.81

F (d = ⟨0, 1, 0, 1, 0, 1, 1, 1⟩) = 0.68
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A.1.5 Model Validation

In this validation experiment, we investigate the likelihood of finding the global
optimum of the problem landscape only through parallel search (i.e., agents search
independently) across varying levels of problem complexity. We vary the number of
agents in the simulation from 0 to 500 so as to benchmark our model to the classical
NK model and validate our conceptualization of crowdsourcing as landscape search.
Figure A.5 shows the results.

Figure A.5: Likelihood of Finding the Global Optima in Parallel Search

As the classical NK model would predict (Levinthal 1997), individual agents
suffer a performance decline as problem complexity increases (see the performance
gap between the solid line (low complexity) and the dotted line(high complexity)).
A crowd of 500 solvers has a likelihood of 40% of generating the optimal solution
for the solution seeker when the complexity is low, but the probability of finding
the optimal solution reduces to about 10% for high-complexity problems. Moreover,
we find that the likelihood of finding the global optima increases as the number
of agents, suggesting the efficiency of the parallel path effect for crowdsourcing.
Consistent with the crowdsourcing literature (Boudreau et al. 2011, Afuah and Tucci
2012), the simulation results also suggest that the parallel path effect would be more
critical for problems with high complexity. The marginal return of increasing the
number of solvers keeps decreasing when the complexity is low (see the slope of
the solid line). Doubling the number of solvers from 200 to 400 only increases the
likelihood of finding the best solution by around 30% (= (0.39 − 0.3)/0.3) when
problem complexity is low. Conversely, the marginal return of increasing the number
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of solvers almost remains the same for problems with high complexity (see the slope
of the dotted line). Doubling the number of solvers from 200 to 400 can almost
double the likelihood of find the best solution when problem complexity is high.
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