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Abstract. Crowdsourcing has evolved as an organizational approach to distributed problem 
solving and innovation. As contests are embedded in online communities and evaluation 
rights are assigned to the crowd, community members face a tension: They find themselves 
exposed to both competitive motives to win the contest prize and collaborative participation 
motives in the community. The competitive motive suggests they may evaluate rivals strategi-
cally according to their self-interest, the collaborative motive suggests they may evaluate their 
peers truthfully according to mutual interest. Using field data from Threadless on 38 million 
peer evaluations of more than 150,000 submissions across 75,000 individuals over 10 years 
and two natural experiments to rule out alternative explanations, we answer the question of 
how community members resolve this tension. We show that as their skill level increases, 
they become increasingly competitive and shift from using self-promotion to sabotaging their 
closest competitors. However, we also find signs of collaborative behavior when high-skilled 
members show leniency toward those community members who do not directly threaten 
their chance of winning. We explain how the individual-level use of strategic evaluations 
translates into important organizational-level outcomes by affecting the community structure 
through individuals’ long-term participation. Although low-skill targets of sabotage are less 
likely to participate in future contests, high-skill targets are more likely. This suggests a feed-
back loop between competitive evaluation behavior and future participation. These findings 
have important implications for the literature on crowdsourcing design, and the evolution 
and sustainability of crowdsourcing communities.
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License. You are free to copy, distribute, transmit and adapt this work, but you must attribute this 
work as “Organization Science. Copyright © 2024 The Author(s). https://doi.org/10.1287/orsc.2021. 
15163, used under a Creative Commons Attribution License: https://creativecommons.org/licenses/ 
by/4.0/.” 
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1. Introduction
Crowdsourcing as an organizational approach to distrib-
uted problem solving and innovation (Afuah and Tucci 
2023) has come a long way. Originally conceived as 
an approach through which firms solicit contributions 
from independent individuals, the past decade has seen 
a significant evolution in crowdsourcing design. Two 
aspects stand out. First, crowdsourcing contests are now 
often embedded in online communities (Jeppesen and 
Lakhani 2010, Riedl and Seidel 2018, Grad et al. 2023, 
Zaggl et al. 2023, Riedl et al. 2024). Second, many of these 
crowdsourcing communities have adopted open partici-
pation architectures that assign evaluation rights to the 

crowd (Majchrzak and Malhotra 2013, Blohm et al. 2016, 
Dahlander et al. 2019).

When community members are asked to evaluate 
their rivals in contest-based communities, they face a ten-
sion as they find themselves exposed to both competitive 
motives to win the contest prize and collaborative partic-
ipation motives in the community (Deutsch 1949, Fiske 
1992). Community members may evaluate their rivals 
fairly according to the collaborative ideal of the commu-
nity (Fiske (1992) calls this equality matching), or they may 
act in self-interest and evaluate them strategically to 
maximize their own chances of winning the contest (mar-
ket pricing). That is, the incentives designed to encourage 
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effort during idea generation (i.e., the contest prize) intro-
duce a competitive element in the otherwise collabora-
tive idea-evaluation process. This may thus tempt idea 
generators to violate collaborative community norms 
and evaluate ideas in strategic self-interest. Embedding 
contests in online communities appears to have created a 
mismatch between organizational context and incentives 
(Gallus et al. 2022): the organizational context is collabo-
rative yet the incentives are competitive. Such incongru-
ent incentive schemes can backfire with unintended 
consequences and lower participation. It is not clear how 
individuals evaluate their peers as they face this tension 
between competitive and collaborative motives; and in 
case they act in self-interest and evaluate strategically: 
who do they target and with what consequences?

Collaborative aspects of mutual interest, such as 
helping behavior, reciprocity, and a desire for fairness 
(Wasko and Faraj 2000, Franke and Shah 2003, Gebauer 
et al. 2013, Bauer et al. 2016) are key characteristics of 
communities which bring individuals with shared inter-
ests in member or social welfare together (Faraj and 
Johnson 2011, Majchrzak and Malhotra 2013). Shared 
values and norms play a crucial role in sustaining good 
community citizenship and mutually interested collabo-
rative behavior (Chiu et al. 2015, Ivaturi and Chua 2019). 
Individuals may consequently choose to evaluate fairly 
and truthfully along the meritocratic ideal. On the other 
hand, when contests are embedded in such communi-
ties, the self-interested motivation to win the contest 
prize is in conflict with the mutually interested participa-
tion motivation of the community. The economics litera-
ture on strategic behavior in contests (see Konrad (2009) 
for a summary) provides precise predictions for the 
self-interested evaluation behavior we may expect to see 
in crowdsourcing contests. It predicts that competitors 
engage in sabotage—defined as the effort of one individ-
ual that reduces the performance of another—and self- 
promotion—a form of unproductive effort that makes 
one’s own contributions appear better without increas-
ing the quality of the contributions itself (Lazear and 
Rosen 1981, Magee and Galinsky 2008, Konrad 2009).1
However, it is not at all clear if these predictions of self- 
interested behavior from contest theory bear out given 
the community setting. Indeed, research has shown that 
community members sometimes act collaboratively 
even when they are direct competitors (Franke and Shah 
2003, Harhoff et al. 2003) and that they are sometimes 
overly positive in their peer evaluations (Aadland et al. 
2019, Klapper et al. 2024). Investigating sabotage and 
self-promotion together is crucial. Although sabotage 
decreases the quality signal, (self-)promotion increases it 
and the two may cancel each other out. Sabotage also 
comes with an externality: Beyond the saboteur, it also 
increases the chances of winning for all other competitors 
(Konrad 2009). As a result, the presence of one form of 
strategic behavior affects the effectiveness of the other. 

Community members will therefore consider the two 
forms of strategic behavior jointly as they attempt to 
resolve the tension between competition and cooperation.

Past work has repeatedly identified such conflicting 
competitive and collaborative motivations underlying 
behavior both in online communities and social situa-
tions more broadly (Deutsch 1949, Lewis 2000). Self- 
interested behavior refers to actions of an individual or 
entity being conducted for the sole purpose of achieving 
personal benefits (Cropanzano et al. 2005, Smith 2010). 
In contrast, collaborative behavior refers to actions of 
individuals or entities being conducted in pursuit of a 
common goal and thus for the purpose of achieving 
mutual benefits (Deutsch 1949, Fjeldstad et al. 2012). 
Examples of collaborative behavior include knowledge 
sharing and contributing to joint problem solving, pro-
viding fair peer evaluations, encouraging new members, 
or the maintenance of shared resources (Li et al. 2007, 
Chiu et al. 2015, Chambers and Baker 2020). These self- 
interested (competitive) and mutual-interested (collabo-
rative) motivations are often simultaneously present 
and they interact with each other in complex ways 
(Franke and Shah 2003, Roberts et al. 2006, Bullinger 
et al. 2010, Nambisan and Baron 2010, Adler and Chen 
2011, Hutter et al. 2011, Majchrzak and Malhotra 2013, 
Bauer et al. 2016, Chambers and Baker 2020).

However, existing studies do not offer precise pre-
dictions of how individuals resolve tensions between 
competitive and collaborative participation motives 
when asked to evaluate peers in crowdsourcing con-
tests in which they are competing. Recent research on 
crowdsourcing communities has started to acknowl-
edge the existence of strategic behavior (Archak and 
Sundararajan 2009, Hutter et al. 2011, Liu et al. 2014, 
Hofstetter et al. 2018a, Chen et al. 2020, Deodhar et al. 
2022). Notably, Klapper et al. (2024) highlight that peer 
evaluations, when transparent, offer the possibility for 
strategic behavior as they can provide individuals with 
a platform to shape their own reputation. However, 
their work is focused on noncompetitive environments 
with transparent evaluations which is only the case in 
some peer evaluation settings.

Therefore, we do not fully understand how and why 
strategic behaviors arise, its dynamics, nor how it 
affects the structure of the crowdsourcing community 
via long-term participation (Balietti and Riedl 2021) 
when evaluations are anonymous and competitive. 
Thus, we complement existing research by offering 
insights for these manifestations of peer evaluations. 
The covert nature combined with competition is likely 
to spur an additional strategic behavior beyond the 
self-promotion found in prior studies (Edelman and Lar-
kin 2015, Klapper et al. 2024), namely sabotage of compe-
titors. Thus, we provide a more comprehensive view on 
strategic behaviors in crowdsourcing communities that 
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differentiates between self-promotion and sabotage and 
investigates their complementary effect.

Our paper addresses two research questions. (1) How 
do participants in crowdsourcing communities resolve the ten-
sion between the competitive and collaborative participation 
motive when asked to evaluate their peers? (2) How does the 
way participants resolve the tension change the composition of 
the community when some individuals are more motivated by 
the competitive aspects of the contest? A core moderator for 
self-interested behavior suggested by contest theory is 
skill2 because it affects the chance to win the contest and 
thus affects the gain an individual can expect from mak-
ing strategic peer evaluations (Boudreau et al. 2016). This 
suggests that the strength of competitive and collabora-
tive motives may depend on skill and that the tension is 
greatest for highly skilled participants who are most 
likely to win the contest, while it is less acute for those of 
lower skill who know they are unlikely to win.

We investigate these questions using longitudinal 
panel data from a leading crowdsourcing community 
(Threadless), analyzing more than 38 million peer eva-
luations of 150,000 ideas by 75,000 individuals over 
10 years. Using self-interested behavior predicted by con-
test theory as a framework, we look at self-promotion, 
sabotage, and skill as a moderator to identify both the 
culprits as well as the targets of strategic behavior. We 
then draw on the rich online community literature to 
explain collaborative behavior that is currently not well 
explained by contest theory. We also explain how the 
individual-level use of strategic evaluations translates 
into important organizational-level outcomes by affect-
ing the community structure through individuals’ long- 
term participation.

We have two main findings. First, we find behavior 
that is both consistent with self-interest and mutual inter-
est in a rich and nuanced way. Consistent with self- 
interested behavior predicted by contest theory, we find 
lower-skilled individuals do not sabotage but self- 
promote. As their skill level increases, they increasingly 
adopt more competitive strategies and shift from using 
self-promotion to sabotaging their closest competitors 
(other high-skill individuals). Conversely, we also find 
signs of collaborative behavior when they show leniency 
toward those community members who do not threaten 
their chance of winning. Using insights from two natural 
experiments—an evaluation rule change and a change in 
incentives—we rule out alternative explanations and 
establish that the observed behavior is indeed strategi-
cally motivated. Second, we find that the future partici-
pation of the targets of sabotage is potentially affected, 
depending on their skill level. Low-skill targets of sabo-
tage are less likely to participate in future contests, 
while high-skill targets are more likely. This suggests a 
feedback loop between competitive evaluation behav-
ior and future participation. Individuals increasingly 
act strategically as their skill level increases, and they 

find the resulting fierce competition so engaging that 
they increase their future participation even though it 
makes them the targets of sabotage.

Our paper makes three key contributions. First, we 
extend prior research on the competitive and collabora-
tive nature in crowdsourcing (Franke and Shah 2003, 
Nambisan and Baron 2010, Hutter et al. 2011, Bauer et al. 
2016). Our theorizing explains why community mem-
bers sometimes wear the competitive hat rather than the 
collaborative one when they evaluate their peers. Specifi-
cally, we theorize that leniency is a crucial collaborative 
element that allows individuals to better justify self- 
interested strategic evaluations through a form of moral 
licensing (Blanken et al. 2015). Second, we challenge the 
assumption in much community research that the ten-
sion between competitive and collaborative participation 
motives is a tension across individuals due to stable attri-
butes (some people are competitive, whereas others are 
collaborative; Lakhani and Wolf 2003, Erat and Gneezy 
2012, Belenzon and Schankerman 2015, Reuben et al. 
2015) by showing that the tension is instead context spe-
cific and can be described coherently based on the com-
petitiveness of the situation (which depends on the skill 
of the individuals involved). Third, our work contributes 
to our understanding of important organizational-level 
outcomes by showing how ostensible negative strategic 
behavior can have positive long-term effects. We theo-
rize how the self-reinforcing dynamic of strategic behav-
ior affects the social structure of communities (Faraj and 
Johnson 2011, Huang et al. 2014, Hofstetter et al. 2018b, 
Kim et al. 2018, Piezunka and Dahlander 2019).

2. Contest-Theoretic Intuition
How would evaluation behavior look like in a world with-
out community in which evaluators act only according to 
self-interest? In this section, we develop a simple theoreti-
cal framework to formalize predictions of self-interested 
evaluation behavior for heterogeneous participants in 
crowdsourcing contests with an open participation archi-
tecture. Like much formal modeling work, our model is a 
simplified version of what we might expect going on in 
real contests but that can help build credible behavioral 
foundations about mechanisms that may explain observed 
behavior (Knudsen et al. 2019).

2.1. Background
Sabotage and self-promotion are conceptually similar in 
that they affect the relative ranking within contests: 
Because the contest winner is determined based on the 
relative rank-order of contestants, any action that increases 
the likelihood to win for one contestant by necessity 
implies that the likelihood of other contestants is reduced. 
The economics literature points to one important differ-
ence between self-promotion and sabotage with regard 
to their effect on the relative ranking (Konrad 2009). 
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Self-promotion affects the likelihood of the culprit to win 
relative to everyone else (the relative likelihood to win 
among all others remains the same) while sabotage has 
an important externality. The action of the culprit affects 
the relative likelihood of the target and all other contestants 
to win: Everyone’s likelihood to win is affected, not only 
the likelihood of the culprit committing the sabotage. As 
we will show in our economic model, this distinction has 
important implications on the cost-benefit calculation to 
determine which form of strategic behavior to employ. In 
the Online Appendix (Section A), we provide a brief 
overview of the economics literature on strategic be-
havior. There we show that, although sabotage is well 
understood theoretically, empirical insights are scarce 
(especially with regard to the effect of skill), and that so 
far prior work has not modeled sabotage and self- 
promotion together. It is thus unclear how the two affect 
each other.

2.2. Basic Model Setup
To keep the modeling tractable and the exposition simple, 
we build on previous models of sabotage in a single con-
test (so call one-shot contest), actors that are differentiated 
by skill, and a single winner prize (Konrad 2000, Harbring 
and Irlenbusch 2011). We term the participants in the con-
test “agents.” The contest consists of three types of agents: 
high type agents, low type agents, and neutral outsiders. 
The contest proceeds as follows. First, agents will make 
contest submissions (every agent makes exactly one sub-
mission). Second, the value of each submission is deter-
mined through peer evaluation. Third, the submission 
with the highest value (determined through peer evalua-
tion) wins the single contest prize (M).

First, we look at contest submissions. Low and high 
types produce a contest submission (i.e., an idea) of low 
(bl) and high quality (bh), respectively. Without loss of 
generality, we normalize the evaluation scale to range 
from zero and one. Furthermore, by construction the 
quality of a low submission is lower than that of a high 
submission (0 < bl < bh < 1). Neutral outsiders are 
agents who participate only in the evaluation phase of 
the contest but do not enter their own submission into 
the contest. As they are not competing for the winner 
prize, they have no incentive to act strategically and eval-
uate sincerely; thus, they help us establish the “true qual-
ity” of a submission.

Second, to determine the value of a submission, we 
make the simplifying assumption that every agent (each 
outsider, low, and high type) evaluates every submis-
sion. Because every submission thus receives the same 
amount of evaluations, we can determine the value of a 
submission by summing up all the evaluations each sub-
mission receives. Although evaluations can be sincere 
(i.e., bl or bh, respectively), an agent can also sabotage any 
other agent, evaluating their submission with zero or 
promote them by evaluating their submission with one. 

As an example, in the case of sincere evaluation by 
everyone (no promotion and no sabotage), the value of a 
high type would be bh times the number of high types 
(h), low types (l), and outsiders (n; i.e., vh � bh(n+ l+ h)). 
The only other assumption required for our model is 
that there are fewer high types than low types, and even 
more outsiders than low types (i.e., n> l>h), which 
should be realistic in most cases.

Third, to determine how to act during peer evaluation 
(i.e., evaluate sincerely, sabotage, or promote), agents 
consider the cost and benefits of their actions. The benefit 
for an agent derives from that agents likelihood of win-
ning the contest multiplied by the prize of the contest 
(M)—that is, the incentive of the idea generation phase 
of the contest. To calculate an agent’s likelihood of win-
ning, we rely on established contest literature and for 
simplicity model this as a Tullock contest (Tullock 1980). 
In a Tullock contest, the probability of winning is propor-
tional to the value of an agent’s submission (i.e., the sum 
of the evaluations the agent receives on her submission) 
in relation to the total contest output (i.e., aggregate eva-
luations of all contest submissions). As far as the costs 
are concerned, we assume that while evaluating sin-
cerely is free of costs, sabotaging and promoting incurs 
costs (cs and cp, respectively). Costs associated with pro-
motion and sabotage might arise from the costs of identi-
fying suitable targets (Harbring et al. 2007, Münster 
2007), the moral costs associated with lying (Gneezy et al. 
2018, Abeler et al. 2019), or violating social norms (Elster 
1989). In our empirical setting, evaluating is anonymous 
but this is not an assumption of our model. If evaluation 
is anonymous, this simply means that the costs associ-
ated with promotion and sabotage may be relatively 
small as there are no reputation costs associated with it 
(but moral costs may still exist).

From this setup, we can already derive four important 
insights.

Insight 1. The damage done by sabotage to a high 
type (evaluating zero instead of bh) is larger than the 
damage done to a low type (evaluating zero instead of 
bl because bl< bh by construction). The cost of a single 
act of sabotage is the same whether a high type or low 
type is targeted. This suggests that targeting high 
types is more attractive.

Insight 2. Following a parallel argument, the benefit 
gained by promoting a low type is larger than the ben-
efit gained by a high-type (i.e., 1� bl > 1� bh).

Insight 3. Promoting anyone other than oneself is not 
rational: One would incur the cost of promoting but 
has no benefit (in fact, one reduces one’s own chance 
of winning by promoting others). With this setup, it is 
immediately clear that sabotaging oneself and pro-
moting any agent other than oneself are not helpful in 
winning the contest prize and no rational agent would 
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engage in such behavior. In the following we thus 
speak of only “self-promotion” and simplify the nota-
tion to consider at most one promotion act per contest 
entry. Together with the previous insight, this sug-
gests that self-promotion will be more attractive to 
low types.

Insight 4. All neutral outsiders evaluate others sin-
cerely as they have nothing to gain from strategic 
behavior (because they did not submit to the contest 
their chance of winning the prize is zero) yet would 
incur cost of evaluating strategically.

Regarding the last point, note that neutral outsiders 
are not necessarily agents who never compete—they 
simply do not compete in the current contest. We will 
use this feature to identify strategic behavior in our 
empirical analysis where agents do not enter every con-
test: They evaluate as neutral outsiders in some weeks 
and evaluate as competitors with stakes from idea 
generation—and incentives to evaluate strategically—in 
the contest in other weeks.

2.3. Self-Promotion
Self-promotion increases an agent’s chance of winning. 
Because the expected gain from self-promotion is higher 
for a low type than a high type, there is a cost boundary 
at which all low type agents decide to self-promote, but 
none of the high type agents self-promote. If the cost of 
self-promotion are low enough, all high types will of 
course self-promote in addition to all low types who will 
continue to self-promote. Even low types will not self- 
promote if the cost exceeds their expected gain (see 
Online Appendix B for a formal proof).

2.4. Sabotage
The decision to sabotage—and who to sabotage—is 
more complicated. If an agent sabotages another agent, 
they decreases that agent’s output and thus decrease 
total contest output, which increases that agents proba-
bility of winning the contest (in the utility function the 
numerator of the agent’s output remains the same while 
the total contest output in the denominator decreases). 
However, this decrease in the denominator also benefits 
all other agents and thus sabotage has—contrary to self- 
promotion—an important negative externality (Konrad 
2000). In the Online Appendix, we first show a proof that 
the marginal gain from sabotaging one more agent of a 
given type is increasing in the number of agents of that 
type that are already being sabotaged. This means that 
an agent will either sabotage all agents of a given type, or 
none of that type. Second, we show that high types have 
more to gain from sabotaging other agents of a given 
type (all low types or all high types) than low types have 
to gain from sabotaging those the same agents (see proof 
in Online Appendix). This result follows from the exter-
nality associated with sabotage: the negative externality 

of sabotage that improves everyone else’s chance of win-
ning has a relatively larger impact for low types than 
high types. Hence, the relative gain from sabotaging 
other agents is larger for high types than low types. 
Third, we show that both high and low types have more 
to gain from sabotaging high types than low types, 
which follows from the fact that the damage done by 
sabotage to a high type is higher than the damage done 
to a low type.

A key question now is whether low types or high 
types find it more attractive to sabotage low types, or 
low types sabotage high types. That is, at what cost of 
sabotage will one group start to sabotage the other group 
(while also considering everyone else’s behavior). In the 
Online Appendix, we go through the exercise of calculat-
ing all bounds to establish the precise order according to 
which groups of agents will decide to sabotage other 
groups of agents. The bounds reveal that low types have 
more to gain from sabotaging high types than high types 
have to gain from sabotaging low types. The intuition 
behind this result rests on the fact that damage done by 
sabotage to high types is higher than the damage done to 
low types.

2.5. Predictions for Empirical Analysis
Our model allows us to make several predictions of the 
self-interested behavior of crowdsourcing participants. 
The first is that self-promotion is prevalent: Most agents, 
including low type agents, self-promote. The second is 
that high types are the most likely to sabotage. The third 
is that high types target each other with their sabotage. 
In addition to guiding our empirical investigation—in 
particular with regard to the crucial role of skill—these 
predictions also serve as a baseline expectation for self- 
interested strategic behavior that we can use to explore 
contrasting collaborative behavior.

3. Empirical Context
Our empirical setting is Threadless, a prototypical crowd-
sourcing community (Majchrzak and Malhotra 2016). 
Threadless is a crowdsourcing and e-commerce platform 
that hosts weekly T-shirt design contests (Nickell 2010). 
Since 2001, the site has developed into a leading crowd-
sourcing platform, pioneering a community-based busi-
ness model. The company involves its community of 1.5 
million members in nearly all aspects of the innovation 
process and does not employ any in-house designers 
(Lakhani and Kanji 2008). The platform draws on the cre-
ative talent of designers from across the world and has a 
distinct focus on building and nurturing an online com-
munity of creative individuals (Riedl and Seidel 2018).

The tension between competition and collaboration is 
apparent in our study context: the Threadless T-shirt 
design community. Threadless describes itself as being 
an “inspiring design community” (Nickell 2010, title 
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page). Like in many other crowdsourcing communities 
(Majchrzak and Malhotra 2013, 2016), Threadless users 
freely reveal their work by posting draft designs, ask for 
and provide feedback on designs in the forum, inspire 
each other with their work, read interviews, and learn 
from each other (Nickell 2010, Riedl and Seidel 2018). 
According to the founder, Threadless is about “real com-
munity, friendships, and working on fun, cool projects 
together” (Nickell 2010, inside cover flap). Community 
members value participation as an experience in itself 
with constructive and developmental spirit (Brabham 
2010), making the community ethos front and center. 
The community has also developed strong social norms 
supportive of collaborative behavior (Bauer et al. 2016). 
Threadless as a company is seen as a member in the com-
munity in which it participates rather than being its 
owner (Nickell 2010, p. 45). The designs printed on 
T-shirts and sold on the community’s e-commerce page 
are chosen by the community and most of the proceeds 
from sales are distributed to the community (Nickell 
2010). Yet, winning a design contest is coveted. The name 
of the designer of a winning design is printed on each 
T-shirt, thus giving credit to the individual. Winners are 
inducted into an elite alumni club, are invited to events, 
appear in interviews on the community’s blog, and are 
profiled in books and teaching cases (Lakhani and Kanji 
2008, Nickell 2010). Other communities even post public 
leader boards (Grad et al. 2023). Cash prizes for winning 
a contest have increased over the years (Nickell 2010). 
Designers have also been honored in additional Designer 
of the Year and Most Printed Design awards (Nickell 2010). 
Ultimately, being a successful contest winner can be a 
launch pad for design careers beyond Threadless (Nickell 
2010).

Contests are divided into two distinct and temporally 
separated stages: (1) entering a contest by submitting a 
design and (2) evaluating the submitted designs. To 
enter a contest, Threadless provides a designer kit and 
template, and submissions from any standard software 
program or digitized drawings are accepted, thus creat-
ing low barriers to entry. The submission section of the 
site is static and identical every week. Through a simple 
form, Threadless enables designers to upload their de-
sign, provide a thumbnail, title, and short description. 
The submission site provides no information as to how 
many designs have been submitted, or by who, or what 
their quality might be. At this stage, submissions under-
go an editorial review by Threadless staff before they go 
up for a seven-day rating period.3

Threadless posts designs publicly on their website for 
peer rating, using a scale from zero to five stars. The 
“score submissions” page shows a grid of all submis-
sions in the running with thumbnails, title (possibly 
trimmed to fit the grid), and username. To navigate 
designs, participants can toggle between “currently in 
the running” and “archive,” the design they submitted 

themselves, and a single “filter by keyword” search. 
Clicking on the thumbnail or title leads to the scoring 
page of a specific design which shows the full title and 
description, a thread of comments, and the days remain-
ing of the scoring period. The page also shows a counter 
of how many others have already scored the design, but 
no average rating is shown to avoid social influence and 
herding. The average rating is shown once the scoring 
period is over and the submission has entered the 
archive, but individual ratings are never revealed. That 
is, ratings are completely anonymous to the community 
(but not to us as the researchers).

Among the submissions that received the highest 
average rating, Threadless typically selects three to six 
designs per week as contest winners. We show the rating 
percentile of contest winners in the Online Appendix 
(Figure A.III). On average, contest winners scored in the 
95th percentile of all designs submitted that week. The 
median rank of printed designs is in the 98th percentile. 
The designs of contest winners are then printed and sub-
sequently sold through the Threadless e-commerce site. 
Designers receive a cash prize and additional store credit 
if their design was selected for printing. Threadless does 
not publish a global ranking with respect to designers’ 
past design evaluations as other crowdsourcing plat-
forms do (e.g., Topcoder). Threadless generated $30 mil-
lion in revenue in 2012 and provided more than $775,000 
in prizes over the observation period. We focus on the 
regular weekly contests from 2001 to 2011, excluding 
special and themed contests that Threadless also hosts 
occasionally from our analysis. The data were provided 
to us by Threadless directly (i.e., it was not scraped from 
the website) under a non-disclosure agreement change. 
The authors declare that they have no relevant financial 
or nonfinancial competing interests to report.

3.1. Identification Strategy
To empirically identify strategic contest behavior, we 
leverage the fact that the competition-collaboration ten-
sion is most acute for designers who participate in the 
evaluation when also being active submitters, and less 
acute when they only participate in the evaluation pro-
cess and are not themselves competing: A designer may 
evaluate the submissions of others without having her 
own design in the running in one week and then enter 
her own design in the contest and evaluate in the next 
week.4 We model the effects of participating in a contest 
on evaluation behavior using a difference-in-difference 
approach. That is, we model within individual differ-
ences between evaluations cast on competitors versus 
noncompetitors (thus controlling for unobserved indi-
vidual differences such as being a harsh critic in general) 
and within submission differences between evaluations 
cast by those who submitted to the contest and those that 
did not (thus controlling for submission quality). Evalua-
tions cast by an individual in a contest that the individual 
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did not compete in serve as control for those contests in 
which they did. At the same time, evaluations of the 
same submission from individuals who are not them-
selves competing in the contest serve as controls for indi-
viduals who are competing in the contest. In terms of 
our model, a contestant who did not submit a contest 
entry is a neutral outsider, and a (high/low type) contes-
tant otherwise.

“Neutral outsiders” are other individuals who submit 
to contests in general, just not to the one of the current 
week. Therefore, outsiders are still designers who are in 
a good position to judge the quality of submissions and 
not consumers who never submit. Why are outsiders 
participating in the rating? These outsiders appear to be 
predominantly motivated to participate in the rating pro-
cess to engage in the community and learn vicariously 
from the work of others (Riedl and Seidel 2018). We 
make the assumption that these outsiders are neutral in 
the sense that they have no direct incentive to evaluate 
strategically because they do not have anything to gain 
from doing so, whereas facing moral costs of lying if they 
evaluated strategically rather than truthfully. This as-
sumption seems particularly plausible given the commu-
nity focus of Threadless (Lakhani and Kanji 2008). This 
assumption not withstanding, it is possible that rivalries 
among a small set of competitors may cause them to eva-
lute strategically even when not competing (Kilduff et al. 
2010). We explore this in Online Appendix D.2.5

We model sabotage as the change in probability that 
individual i submits a zero star rating—the lowest possi-
ble rating—on submission j when having submitted to 
the same contest relative to not having submitted to the 
same contest. Conversely, we model self-promotion as 
the change in probability of rating one’s own submission 
with five stars—the highest possible rating—when rating 
one’s own submission versus rating someone else five 
stars.6 The two key explanatory variables are (a) a 
dummy variable indicating whether an individual is a 
participant in the contest (i.e., whether i has submitted to 
the same contest c and is in the running for the prize) 
and (b) a dummy variable indicating if the individual is 
rating his or her own submission (this is only possible if 
the other dummy variable is also one). That is, we esti-
mate the following equations:

0-Star Ratingij � β11Submitted to same contestij

+ β12Rate own submissionij + αi

+ αs + ɛij, (1) 
5-Star Ratingij � β21Submitted to same contestij

+ β22Rate own submissionij + αi

+ αs + ɛij, (2) 

where 0-Star Ratingij is an indicator that is one if the rat-
ing submitted by individual i on the submission j is a 
zero star rating, 5-Star Ratingij is an indicator that is one 

if the rating submitted by individual i on the submission 
j is a five star rating, αi are individual-level and αs 
submission-level fixed effects, and ɛij are error terms.

We use this approach to separately identify the two 
types of strategic behavior outlined in the previous theo-
retical model: 
• Self-promotion: If a five star vote is assigned to 

one’s own submission, this indicates self-promotion 
(β22 in Equation (1)). We provide robustness tests using 
a natural experiment to address concerns that this 
would not reflect strategic behavior but rather the 
result of overconfidence or an increased preference fit 
in Section 5.2.
• Sabotage: Sabotage is indicated if zero star votes 

are assigned more liberally when competing in the 
same contest versus being an outsider who has no 
stakes in the contest (controlling for how likely the sub-
mission is to receive zero stars overall; β11 in Equation 
(1)). We provide results from a second natural experi-
ment to provide evidence that low ratings are strategic 
rather than a result of endogenous entry into contests 
in Section 5.1.

We estimate our models as linear probability models 
for ease of interpretation (Angrist 2001, Greene 2012). A 
discussion of the usefulness of this approach can be 
found in Angrist (2001) and Moffitt (2001). Furthermore, 
notwithstanding the limitations of this approach, effi-
cient estimation approaches for ordinary least squares 
(OLS) exist for large data sets that support demeaning of 
multiple fixed effects. We estimate linear probability 
models using the lfe package for R (Gaure 2013), which 
supports demeaning of multiple fixed effects. This algo-
rithmic approach is mandatory as our data set is 
extremely large with more than 38 million observations, 
74,525 individual fixed effects, and 154,086 submission 
fixed effects (or 511 contest fixed effects).

To investigate how sabotage and self-promotion vary 
across skill levels we compute skill as the time lagged 
average submission quality.7 We compute skill for both 
the individual casting the rating (we refer to this as the 
source) and the individual who made the contest entry 
being evaluated (we refer to this as the target). We then 
estimate versions of the models in Equations (2) and (1) 
in which we include source and target status and their 
interactions with the Submitted to same contest and Rate 
own submission dummy variables. Because target skill is 
time invariant at the submission level, the main coeffi-
cient drops out.

3.2. Data
Our data consist of an unbalanced cross-panel of 74,525 
individuals participating in 511 contests, with more than 
38 million ratings on 154,086 contest entries (Table 1). 
The skill distribution is right skewed (Figure A.IIa in 
the Online Appendix), and thus, our empirical setting 
matches our model, which assumes fewer high types 
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than low types. The average contest size is 407 submis-
sions (Figure A.IIb in the Online Appendix shows the 
entire distribution). We show descriptive statistics and 
correlations of main variables in Table 2.

4. Results
We start with baseline estimates of a difference-in- 
difference model estimated (Table 3).8 With a continuous 
measure of ratings as dependent variable (Model 1), we 
find no signs of sabotage but rather slight leniency 
toward ones’ competitors (β � 0:024; p<0.001) and strong 
signs for self-promotion (β � 2:820; p<0.001). Moving to 
a linear probability model (Model 2) we find also find 
overall leniency: a slightly lower likelihood to rate zero 
stars when an individual submitted to the same contest 
(β ��0:008; p<0.001). That is, community members do 
not appear to act strategically against their competitors 
but instead show leniency. Our model with individual 
and submission fixed effects controls for the possibility 
that some contests include more low-quality submissions 
that deserve zero stars. Next, we estimate a linear pro-
bability model on casting a five star rating. We find a 
significant level of self-promotion (Model 3: β � 0:855; 
p<0.001). The effect of self-promotion is extremely 
strong. Seventy-five percent of individuals rate their own 
submissions, and the overwhelming majority of them 
does so with the highest possible rating: 97% of self-votes 
are five stars. Given that the average rating for non–self- 
ratings is only 1.80 stars, this indicates that contestants 
are self-promoting with dramatically inflated ratings.

Next, we investigate whether there is heterogeneity in 
the use of strategic behavior among those of different 
skill. We estimate a variation of Equation (2) and include 
measures of idea generation skill for both the source and 
the target of the rating, an interaction between source 

and target skill, and interaction terms between the Sub-
mitted to same contest dummy and source and target skill, 
respectively (Table 4).9 We find significant heterogeneity 
in sabotaging behavior. We find that higher-skill indivi-
duals are more likely to be the source of sabotage (Model 
1: β � 0:012; p<0.001) and are more likely to be the target 
of sabotage (β � 0:019; p<0.001). This pattern mirrors the 
predictions of our theoretical model. Turning to self- 
promotion, we estimate a similar model using the Rate 
own submission dummy variable but include only the 
interaction with source skill, since source and target are 
the same in the case where a contestant is voting on them-
selves. We find that higher-skill individuals are signifi-
cantly less likely to self-promote (Model 2: β ��0:055; 
p<0.001) compared with lower-skill contestants. This 
matches our model prediction that low-skill agents are 
more likely to engage in self-promotion.

To better interpret the heterogeneity across skill levels, 
we compute predicted values for the expected change in 
the likelihood to rate zero stars when competing versus 
not competing (Figure 1). The heat map in (a) shows that 
high-skill contestants target other high-skill contestants 
with an up to 6% increased likelihood of assigning a zero 
star rating when competing compared with their base-
line when not competing. The null-line marking the start 
of sabotaging behavior is not perfectly symmetric: High- 
skill contestants are sabotaged by contestants of all other 
skill levels. This matches our theoretical predictions that 
low types sabotaging high types is the second most 
lucrative form of sabotage (after high types sabotaging 
high types). We similarly compute the relative change in 
probability of self-promotion (because source and target 
skill are the same in the case of self-rating, this analysis is 
effectively the diagonal of the heatmap in (a)). Figure 1(b)
shows that the likelihood that contestants engage in self- 
promotion decreases with their own skill. This finding is 
in line with the predictions from our theoretical model 
that self-promotion is less effective among high types.10

As further evidence for the use leniency as mutual- 
interested compensation for self-interested strategic evalu-
ation, the Online Appendix (Table A.V) shows regressions 
on the contest level using standard deviation of the ratings 
that individuals cast as dependent variable. Those regres-
sions show that when individuals have submitted to the 

Table 1. Summary of Rating Behavior

Submitted to 
same contest

Rate own submission

No Yes

No 30,246,070 (13.58%)
Yes 7,772,772 (10.73%) 114,914 (74.58%)

Note. Parentheses show probability of rating conditional on submitting.

Table 2. Descriptive Statistics and Correlations of Main Variables

Variables Mean Standard deviation Minimum Maximum (1) (2) (3) (4) (5) (6)

Rating (1) 1.93 1.53 0.00 5.00
Submitted to same contest (2) 0.21 0.41 0.00 1.00 0.03
Rate own submission (3) 0.00 0.05 0.00 1.00 0.11 0.11
Contest size (4) 406.73 131.88 2.00 848.00 0.07 0.11 0.00
Average score in contest (5) 1.93 0.23 1.26 2.76 0.15 0.04 0.00 0.50
Source skill (6) 2.26 0.61 0.00 5.00 0.02 0.05 0.00 0.17 0.29
Target skill (7) 2.28 0.57 0.00 5.00 0.27 �0.01 �0.01 0.13 0.29 0.08

Note. All correlations are significant at p < 0.001.
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same contest, they make better use of the full rating 
spectrum and submit ratings with a higher standard 
deviation. The effect is amplified by skill so that higher- 
skilled individuals submit ratings with an even higher 
standard deviation. This suggests that leniency is a phe-
nomenon within a single contest: individuals accumu-
late credits on an invisible scorecard by promoting some 
community members (giving them higher ratings than 
they deserve) and then spend these credits on self- 
interested strategic evaluations (giving them lower rat-
ings than they deserve).

5. Mechanisms of Strategic Behavior
Why do some community members behave strategi-
cally? Is it really driven by incentives of the idea genera-
tion phase spilling over to idea evaluation or are there 
other alternative explanations? Exploring our data fur-
ther, we show that (a) sabotage is strategically motivated 
as a result of idea generation incentives spilling over to 
the idea evaluation, (b) self-promotion is strategically 
motivated and not just a result of overconfidence, (c) 
those who act strategically mostly use sabotage and self- 
promotion together rather than substituting one with the 
other, and (d) we briefly explore the effect that strategic 
behavior has on the selection of contest winners.

5.1. Sabotage Is a Result of Idea 
Generation Incentives

If peer evaluation is strategically motivated by idea gen-
eration incentives spilling over to idea evaluation, we 
would expect an increase in the probability to assign 
zero stars in contests with higher incentives (or more pre-
cisely, the prize spread between the contest winner and 
the contest loser(s); Lazear 1989, Harbring and Irlen-
busch 2011). Conversely, if idea evaluation is not strategi-
cally motivated, we would expect no change or possibly 
even a decrease in the probability to rate zero stars after 
the incentive change because submission quality can be 
expected to increase as a result of increased effort due to 
the incentive effect (Jeppesen and Lakhani 2010). We 
leverage a platform change as a natural experiment—a 
change in prize money awarded to contest winners. The 
prize for winning the weekly contest doubled from $500 
to $1,000 in 2005 (see Figure A.V in the Online Appen-
dix). This doubling of the contest prize was announced 
on the company’s blog on the day it took effect, and 
therefore, community members had no prior knowledge 
of it and were not able to withhold submissions or other-
wise alter their behavior in anticipation of it.11

We use a difference-in-difference design to identify 
the causal effects of the incentive changes. We use a six- 

Table 3. Estimates for Strategic Behavior in Contest

OLS Linear probability

Sabotage Self-promotion
Rating Zero star rating Five star rating

Variables (1) (2) (3)

Submitted to same contest: Yes 0.024*** �0.008*** �0.002***
(0.001) (0.000) (0.000)

Rate own submission: Yes 2.820*** �0.195*** 0.855***
(0.003) (0.001) (0.001)

Individual Fixed Fixed Fixed
Submission Fixed Fixed Fixed
Adjusted R2 0.382 0.372 0.210
No. of observations 38,102,880

Note. Standard errors are in parentheses, clustered at the submission level.
***p < 0.001; **p < 0.01; *p < 0.05.

Table 4. Estimates for Strategic Behavior with Skill 
Heterogeneity

Linear probability

Sabotage Self-promotion
Zero star rating Five star rating

Variables (1) (2)

Submitted to same contest: Yes �0.071*** 0.001***
(0.001) (0.000)

Rate own submission: Yes �0.194*** 0.957***
(0.001) (0.004)

Source skill �0.028*** �0.007***
(0.001) (0.001)

Source skill × Target skill �0.005*** 0.008***
(0.000) (0.000)

Submitted to same contest: Yes
× Source skill 0.012***

(0.000)
× Target skill 0.019***

(0.000)
Rate own submission: Yes
× Source skill �0.055***

(0.002)
Individual Fixed Fixed
Submission Fixed Fixed
Adjusted R2 0.391 0.243
No. of observations 18,787,584

Note. Standard errors are in parentheses, clustered at the submission 
level.

***p < 0.001; **p < 0.01; *p < 0.05.
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month time window before and after the incentive 
change. We estimate the same linear probability model 
for zero star ratings with individual- and submission- 
level fixed effects as before (Table 5). We find a signifi-
cant 2.2% increase in the probability to rate zero stars 
when competing after the incentive change (Model 1: 
β � 0:022; p<0.001). The effect is stronger (2.3%) in the 
first quarter after the incentive change and slightly 
weaker (2.0%) in the second quarter (Model 2: β � 0:023, 
β � 0:020; both p<0.001). Furthermore, we find that 
submission quality (as determined by ratings of neutral 
outsiders who have no incentive to rate strategically) is 
significantly higher after the incentive change (µbefore �

1:18, µafter � 1:39; t test, p<0.001). This indicates that 
the incentive change, as intended, indeed increases the 
average quality in the idea generation phase but also 
increases sabotage in the idea evaluation phase. A pla-
cebo test in which we selected a fake date four weeks 
before the actual incentive change provides further evi-
dence for the causal impact of the incentive change on 
the rating behavior (Model 3: β ��0:009; p<0.001) as it 
rather indicates a negative time trend.

5.2. Self-Promotion Is Strategically Motivated and 
Not Only Overconfidence

Why do community members evaluate their own sub-
missions so highly? High evaluations for one’s own sub-
mission could reflect overconfidence of contestants in 
their own abilities (Camerer and Lovallo 1999, Benabou 
and Tirole 2002) or an increased preference fit of one’s 

own creative work compared with the work of others 
(Franke et al. 2010, Berg 2016). To explore the mechanism 
behind the high self-evaluation, we leverage another 

Figure 1. (Color online) Strategic Behavior by Competitors of Heterogeneous Skill Levels 

Notes. For these figures the mean submission quality is used as measure of skill. (a) (sabotage) Relative change in probability of rating zero stars 
when competing compared with not competing across skill levels (top right: positive values; bottom left: negative values). Outer rugs show dis-
tribution of data. There are 4,512 (1,091) observations for source (target) skill ≥ 3:5. (b) (self-promotion) Relative change in probability of rating 
five stars when rating own submission compared with submissions by others of same skill (error band is 95% confidence interval).

Table 5. Natural Experiments of Sabotage Behavior After 
an Incentive Changes from $500 to $1,000 Prize Money 
Using 66 Months as Observation Windows

Linear probability

Sabotage: Zero star rating

Base Persistence Placebo test
Variables (1) (2) (3)

Submitted to same contest: Yes �0.037*** �0.037*** �0.035***
(0.000) (0.000) (0.000)

Rate own submission: Yes �0.179*** �0.179*** �0.179***
(0.000) (0.000) (0.000)

Submitted to same contest: 
Yes
× After 0.022*** 0.028***

(0.000) (0.000)
× 1st quarter after 0.023***

(0.000)
× 2nd quarter after 0.020***

(0.000)
× Fake after �0.009***

(0.000)
Individual Fixed Fixed Fixed
Submission Fixed Fixed Fixed
Adjusted R2 0.390 0.390 0.390
No. of observations 825,504

Note. Standard errors are in parentheses, clustered at the submission 
level.

***p < 0.001; **p < 0.01; *p < 0.05.
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natural experiment around a change in the scoring 
mechanism.

Before the change, every contest entry was posted on 
the website for the full seven-day rating period. After the 
change in 2005, contest entries with a rating below 1.5 
stars were eliminated from the rating process before the 
seven-day rating period was complete (see Figure A.VI 
in the Online Appendix).12 The change was announced 
and immediately implemented. If rating one’s own sub-
mission is not intended strategically but only reflect 
biased perception and overconfidence, we should not 
see any change in rating behavior around this rule 
change. If, however, rating on one’s own submission is 
intended strategically, such an evaluation should happen 
earlier to maximize the chance to progress past the 100 
vote/1.5 stars cutoff.

We analyze the sequence of evaluations for each contest 
entry and test when in the sequence the self-promoting 
evaluation was cast (Figure 2). By focusing on the relative 
position in the evaluation sequence we control for any 
behavior change that might occur for community mem-
bers evaluating the same contest entry. We focus our anal-
ysis on the 20-week period around the evaluation rule 
change (610 weeks before/after the rule change). We find 
that before the rule change, self-evaluation happens 
roughly in the middle of the sequence (43rd percentile). 
That is, self-evaluations were cast roughly on a random 
day during the evaluation period. After the rule change, 
self-evaluations are cast significantly earlier, falling in the 
25th percentile of the evaluation sequence. Our analysis of 
this natural experiment suggests that evaluating one’s 
own submission has a strategic intention (make it past 
the 1.5 stars cutoff) rather than simply a reflection of over-
confidence or preference for one’s own submission.

5.3. Sabotage and Self-Promotion Are Mostly 
Used Together

Do individuals use sabotage and self-promotion together 
to maximize the impact of their strategic behavior or do 
they substitute one for the other, maybe to atone for 
moral cost? As noted before, investigating this question 
empirically is difficult as we can identify sabotage only 
probabilistically through the difference-in-difference 

approach. However, we can get some meaningful 
leverage to identify possible substitution by using self- 
promotion (or rather the lack thereof) as our starting 
point. Remember that self-promotion is very common: 
86% of individuals who had a chance to self-promote 
(i.e., submitted to a contest and then rated at least some 
of their competitors) chose to do so and 97% of those 
self-ratings are five stars. Conversely, only 14% of indi-
viduals who had a chance to self-promote did not do so.

Using the same modeling approach with individual- 
and submission-level fixed effects as in the main analy-
sis, we find (Table A.VI in the Online Appendix) that 
the likelihood to rate the competition with zero stars if 
one has also self-promoted in the same contest is signif-
icantly lower than for those who did not (Model 1, 
β ��0:002; p < 0:01; having self-promoted in a contest 
implies also having submitted to that contest). This 
suggests that some individuals do in fact sabotage 
somewhat less when they have self-promoted. How-
ever, this coefficient estimate captures the effect of mar-
ginal individuals: individuals who only sometimes 
self-promote but not always (as otherwise the individ-
ual fixed effect captures this time-invariant behavior). 
As such, the estimate may mask the more specific effect 
among that group of more strategic individuals who 
always self-promote and for which the model cannot 
pick up variation in behavior. To check this possibility, 
we estimate the same model, but without individual- 
level fixed effects (Model 2). Here we find a large positive 
effect: those who have self-promoted also have a much 
higher likelihood to sabotage (β � 0:031; p < 0:001). 
Therefore, although the small group of marginal raters 
may indeed commit less sabotage when they also self- 
promoted, this is not the case for large majority of indivi-
duals who tend to use sabotage and self-promotion 
together to maximize their likelihood of winning the 
contest.

5.4. Consequences of Strategic Behavior: Effect 
on Selection of Contest Winners

Does strategic behavior affect idea selection? To quan-
tify the impact that strategic evaluations have on idea 
selection—compared with which ideas would be 
selected if all evaluations were truthful and followed the 
meritocratic ideal of the community—we perform two 
supplementary analyses. The first assesses the effect of 
self-promotion, the second of sabotage (see Online Ap-
pendix E). For self-promotion, keeping everything else 
constant, we find that the winner changes in 1.4% of con-
tests (7 of 511), and in 5.5% (28 of 511) there is a change 
in at least one of the top three ranks. For sabotage, we 
find that the winner changes in 12% of the contests, and 
in 48% there is a change among the top three. The effect 
is especially pronounced in close contests where the con-
test winner would change in 25% of cases, whereas 65% 
would see a change in the top three.

Figure 2. (Color online) Analysis of Rating Sequence 
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Note. Self-rating happens significantly earlier after the rule change.

Riedl, Grad, and Lettl: Competition and Collaboration in Crowdsourcing 
Organization Science, Articles in Advance, pp. 1–20, © 2024 The Author(s) 11 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

13
0.

22
6.

41
.1

5]
 o

n 
10

 M
ay

 2
02

4,
 a

t 0
3:

13
 . 

Fo
r 

pe
rs

on
al

 u
se

 o
nl

y,
 a

ll 
ri

gh
ts

 r
es

er
ve

d.
 



6. Consequences of Sabotage on 
Long-Term Participation

This section investigates a key organizational-level out-
come resulting from the emergence of strategic behavior: 
how does being the target of sabotage and leniency affect 
long-term participation and hence community structure? 
Retaining existing members is critical to sustaining the 
communities in which contests are embedded (Faraj et al. 
2011, Ransbotham and Kane 2011). Although existing 
research has investigated the motivation to join commu-
nities (Lakhani and Wolf 2003), much less is known 
about individuals’ progression and long-term participa-
tion in communities (Smirnova et al. 2022). There is a 
rich body of research on fair processes that would sug-
gest that the targets of unfair behavior (such as sabotage) 
or those who experience random shocks to their perfor-
mance evaluation, adjust their future effort and engage-
ment (Gomez-Mejia and Balkin 1992, Balietti and Riedl 
2021). Several studies that investigate sabotage in labora-
tory experiments find that being the target of sabotage 
increases the likelihood of dropout (Chen 2003, Charness 
et al. 2014, Balietti and Riedl 2021). Although we consider 
self-promotion of equal importance, this section focuses 
on the amount of sabotage and leniency received simply 
because the amount of self-promotion received is virtu-
ally identical across all individuals.

The analysis proceeds as follows. We analyze the like-
lihood to participate in next week’s contest, based on the 
amount of sabotage and leniency an individual experi-
enced on their current week’s submission. For this analy-
sis, it is important to recall that sabotage (leniency) can 
be identified only probabilistically. For example, a low- 
quality submission may deserve a zero star rating even if 
it comes from a competitor. Conversely, certain indivi-
duals may simply be harsh critics who rate most submis-
sions with zero stars without any intention to sabotage 
them. To measure the amount of sabotage (leniency) that 
a submission received, we rely on our microlevel model 
of sabotage developed previously.

For each individual, we estimate the counterfactual 
likelihood to cast a zero stars evaluation of neutral out-
sider (using Model 1 from Table 4). We then compute 
the “residual” between the evaluation that was actually 
cast and a counterfactual without strategic behavior. 
That is, our microlevel model of sabotage allows us to 
estimate the degree to which any of the zero star ratings 
are likely due to sabotage (accounting for submission 
fixed effects, evaluator fixed effects, and time varying 
covariates like source and target skill). We also compute 
the amount of leniency a submission received as “resi-
dual” between a non–zero stars rating that should 
have been a zero star rating. We then aggregate the 
evaluation-level residual to the submission level by tak-
ing the average across all ratings. This then captures the 
level of sabotage (leniency) that a submission received 

and gives us a panel data set in which we have an esti-
mate for the degree of sabotage (leniency) received by an 
individual for each contest. We then estimate a multiple 
event hazard model (Therneau and Grambsch 2000) to 
predict the likelihood of long-term participation.13

We find strong positive main effects of skill (Table 6, 
Model 1: β � 0:165; p < 0:001): Higher-skilled indivi-
duals are more likely to participate in future contests. 
There is a small marginally significant main effect of sab-
otage (β ��0:017; p < 0:10). We find a significant posi-
tive interaction between the level of sabotage received 
and skill (β � 0:066; p < 0:001). That is, high-skilled com-
munity members who received one standard deviation 
more sabotage are about 6.6% more likely to participate 
in the next contest compared with those who received 
only the average amount of sabotage. To better interpret 
the effect across skill levels, we convert skill to quintiles, 
using the middle quintile as our reference category 
(Model 2). Looking at the interaction between the level of 
sabotage received and skill, we find that individuals in 
first and second quintile react negatively to being targets 
of sabotage: their likelihood of participation in the next 
round drop significantly by 16% and 8%, respectively 
(β ��0:158; p < 0:001 and β ��0:076; p � 0:003). For 
high-skilled competitors, we find the opposite: They 
react positively to sabotage and their likelihood to par-
ticipate increases. There is an 8% increase for individuals 
in the fourth skill quintile (β � 0:075; p � 0:003) and a 
12% increase (β � 0:119; p < 0:001) for individuals in the 
highest skill quintile in the expected hazard to partici-
pate in the next round for a one unit change in received 
sabotage (one standard deviation).14

The pattern is reversed for the amount of leniency that 
a submission receives. The lowest skilled individuals 
increase their future participation by 17% (Model 4: 
β � 0:166; p < 0:001) when they receive an additional 
one standard deviation of leniency. The highest-skilled 
individuals on the other hand decrease their likelihood 
of future participation. For high-skilled individuals, we 
need to caution against placing too much weight on the 
coefficient for leniency: It is very rare that high-skilled 
individuals would submit a design of such low quality 
that it deserves a zero star rating, and hence there is vir-
tually no room to show leniency toward high-skilled 
individuals.

7. Discussion
Crowdsourcing has evolved as an organizational ap-
proach to distributed problem solving and innovation. 
As contests are embedded in online communities and 
evaluation rights are assigned to the crowd, community 
members face a tension between competitive and collab-
orative participation motives. This tension tempts idea 
generators to violate community norms and evaluate 
their peers strategically. Using large-scale digital trace 
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data from Threadless, a prototypical crowdsourcing com-
munity (Majchrzak and Malhotra 2016), we answer the 
questions of how community members balance the com-
petitive and collaborative motives as they evaluate their 

peers, and how the individual-level decisions they make 
change the structure of the community. We show that as 
their skill level increases, the competitive motive increas-
ingly wins out: community members shift from using 

Table 6. Analysis of Long-Term Participation

Hazard: Participate in next round

Sabotage Leniency

Skill 
continuous

Skill 
quintiles

Skill 
continuous

Skill 
quintiles

Variables (1) (2) (3) (4)

Sabotage received �0.017† �0.017
(0.010) (0.019)

Sabotage received
× Skill 0.066***

(0.009)
× Skill Q1 �0.158***

(0.027)
× Skill Q2 �0.076**

(0.027)
× Skill Q4 0.075**

(0.026)
× Skill Q5 0.119***

(0.026)
Leniency received �0.110*** �0.044

(0.018) (0.028)
Leniency received
× Skill �0.123***

(0.011)
× Skill Q1 0.166***

(0.028)
× Skill Q2 0.117***

(0.029)
× Skill Q4 �0.208***

(0.034)
× Skill Q5 �0.525***

(0.046)
Controls

Skill 0.165*** 0.170***
(0.013) (0.013)

Skill Q1 �0.341*** �0.443***
(0.035) (0.035)

Skill Q2 �0.084* �0.114***
(0.032) (0.033)

Skill Q4 0.122*** 0.096**
(0.035) (0.035)

Skill Q5 0.225*** 0.036
(0.044) (0.043)

Submission quality 0.976*** 0.982*** 0.821*** 0.797***
(0.027) (0.028) (0.034) (0.036)

Submission popularity 0.067*** 0.066*** 0.071*** 0.070***
(0.008) (0.008) (0.008) (0.008)

Competition size �0.000 �0.000 �0.000† �0.000*
(0.000) (0.000) (0.000) (0.000)

Average contest rating 0.953*** 0.933*** 0.845*** 0.779***
(0.053) (0.053) (0.056) (0.056)

AIC 912,233.777 911,871.273 922,869.780 921,779.500
R2 0.317 0.321 0.327 0.337
No. of observations 72,162 72,162 73,018 73,018
No. of events 48,052 48,052 48,639 48,639
PH test 0.000 0.000 0.000 0.000

Note. Multiple event hazard model of participation in the next week.
***p < 0.001; **p < 0.01; *p < 0.05; †p < 0.1.
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self-promotion to sabotaging their closest competitors 
(other high-skill individuals). However, community 
members also act in the collaborative spirit of the commu-
nity and show leniency toward those who do not directly 
threaten their own chance of winning.

In addition to these immediate short-term effects, we 
also find surprising long-term effects of the fierce compe-
tition that ensues. Although low-skill targets of sabotage 
are less likely to participate in future contests, high-skill 
targets are more likely. Furthermore, low-skilled benefi-
ciaries of leniency are encouraged and are more likely to 
participate in the future. This suggests a feedback loop 
between competitive evaluation behavior and future 
participation.

7.1. Theoretical Implications
Our findings have three important implications for the 
literature on the interplay between competitive and 
collaborative motives in crowdsourcing design, as well 
as the evolution and sustainability of crowdsourcing 
communities.

First, we extend prior research on the nature of com-
petitive and collaborative behavior in crowdsourcing. 
The tension between competition and collaboration has 
been identified by several crowdsourcing researchers 
(Franke and Shah 2003, Bullinger et al. 2010, Adler and 
Chen 2011, Hutter et al. 2011, Majchrzak and Malhotra 
2013, Boudreau and Lakhani 2015) and features promi-
nently in the broader organizations literature (Deutsch 
1949, Lado et al. 1997, Tsai 2002, Gallus et al. 2022). This 
work has shown that the level of knowledge sharing and 
mutual support decreases in communities when mem-
bers are also competing (Franke and Shah 2003, Harhoff 
et al. 2003). We complement this research with insights 
into evaluation behavior. We show that the competitive 
incentives designed to encourage effort during idea 
generation spill over into the collaborative community, 
creating a mismatch between the collaborative organi-
zational context and competitive incentives (Gallus 
et al. 2022). However, the resulting strategic behavior is 
not rampant and out of control as contest theory might 
predict. This suggests that embedding contests in com-
munities drives up the cost of amoral strategic behavior 
even in a community without reputation costs (because 
peer ratings are anonymous) and low search costs 
(because sabotaging everyone would only cost a few 
mouse clicks). The tension between competitive and 
collaborative participation motives is felt most acutely 
by high-skilled individuals who are most likely to win 
(and thus have the most to gain). Hence, they are the 
most willing to accept the cost of violating community 
norms.

However, community members not only sabotage, 
but they also show leniency. We theorize that showing 
leniency is a crucial collaborative element that allows 
individuals to better justify violating community norms 

with competitive evaluations through a form of moral 
licensing (Blanken et al. 2015). Moral licensing describes 
behavior in which people who behave in a moral way 
can also display behaviors that are immoral, unethical, 
or otherwise problematic (Merritt et al. 2010). Specifi-
cally, we theorize that individuals accumulate credits on 
an invisible scorecard by promoting some low-skilled 
community members (giving them higher ratings than 
they deserve) and then spend these credits on self- 
interested strategic evaluations (giving some rivals lower 
ratings and self-promoting their own work). Often, the 
more individuals are invested in the community, the 
stronger their perceived need to atone for the violation of 
community norms may be (Ashforth and Johnson 2001). 
From the perspective of contest theory, leniency is unex-
pected collaborative behavior because promoting any-
one other than oneself is counter to the self-interest of 
winning the contest. However, this leniency is not sim-
ply a collaborative act within the community. It has its 
own strategic nature as it is targeted toward those who 
least threaten one’s own chance of winning. Recognizing 
that showing leniency toward low-skilled community 
members is strategically motivated has far-reaching 
implications for our understanding of interactions in 
communities (Wasko and Faraj 2005, Faraj and Johnson 
2011, Ren et al. 2012). Future models of behavior in 
online communities need to consider not only interac-
tions themselves but also how they are motivated. Thus, 
leniency appears to be a crucial collaborative element 
that allows individuals to better justify self-interested 
strategic evaluations. It alleviates the tension between 
the mismatched collaborative organization structure and 
the competitive incentive (Gallus et al. 2022).

Second, our dyad-level approach offers complemen-
tary insights to previous studies that examined participa-
tion motivations at the individual level (Hippel and 
Krogh 2003, Wasko and Faraj 2005). Prior work focuses 
on competitive and collaborative participation motives 
as individual-level traits (some individuals are competi-
tive, whereas others are collaborative; Lakhani and Wolf 
2003, Erat and Gneezy 2012, Belenzon and Schankerman 
2015, Reuben et al. 2015) to explain why community 
members behave in certain ways. By contrast, we explain 
how the contextual factor of the competitive situation 
explains behavior. The same individual in the same con-
test may act competitively toward one individual yet 
show leniency toward another. Our theory and empirical 
results imply that within individual changes in skill and 
contextual factors (whether the individual is itself com-
peting for the prize versus a neutral outsider, and who 
the target of the behavior is) make some interactions 
more (or less) competitive and explain the observed 
microlevel behavior. When community members are not 
themselves competing, they evaluate their peers fairly 
with equal treatment of everyone (i.e., according to equal-
ity matching; Fiske 1992). When they are competing, the 
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evaluations depend on the competitiveness of the situa-
tion. The evaluation of those who do not threaten a com-
munity member’s own chance of winning fall into a 
different category of relational behavior. Those evalua-
tions are not governed by the competitive participation 
motivation (i.e., they are not based on a rational cost- 
benefit calculation of market pricing; Fiske 1992) and are 
instead evaluated under a collaborative scheme of kind-
ness and selfless generosity (i.e., under communal shar-
ing; Fiske 1992). As a result, skill (and social confirmation 
of skill from past success) is a key factor that shapes the 
strength and saliency of the self-interested motivation 
because it affects the gains individuals can expect from 
such behavior and can thus explain whether individuals 
wear a competitive or collaborative hat (Ashforth and 
Johnson 2001). Differentiating behavior based on the tar-
get allows individuals to be competitive and cooperative 
at the same time, thus alleviating the tension (Waldman 
et al. 2019). Individuals may have joined the community 
out of intrinsic motivation but once they have high skill 
(and have experienced success), the competitive motive 
takes over. This contributes to recent research which has 
started to acknowledge that there are changes and 
growth over individual “careers” in communities as they 
learn and improve their skill (Dahlander and O’Mahony 
2011, Riedl and Seidel 2018, Soda et al. 2021, Smirnova 
et al. 2022).

Our dyad-level investigation also adds to the nascent 
crowdsourcing literature that has started to acknowledge 
the existence of strategic behaviors (Archak and Sundar-
arajan 2009, Hutter et al. 2011, Liu et al. 2014, Hofstetter 
et al. 2018a, Chen et al. 2020, Deodhar et al. 2022, Klapper 
et al. 2024) by providing well-identified empirical evi-
dence for both sabotage and self-promotion in a pro-
minent crowdsourcing platform. In particular, our 
findings complement prior research on peer evaluations 
by highlighting the importance of competition and 
covertness of evaluations: Although Klapper et al. (2024) 
find that Wikipedia editors target negative evaluations at 
community members who are unlikely to retaliate, we 
show that when in direct competition—as it is the case in 
many crowdsourcing settings—negative evaluations are 
targeted toward the most prolific competitors. Further-
more, positive evaluations are more likely to be granted 
to those lower-skilled competitors who matter little for 
the overall outcome of the contest. Thus, the dynamic 
reverses compared with the findings of Klapper et al. 
(2024). This has important implications for crowd-
sourcing community organizers as it underscores the 
important roles of competition and transparency when 
designing the interactions of community members. 
Although nontransparent peer evaluations limit the pos-
sibility to use peer evaluations as a means to portray one-
self, it does reduce the costs to engage in sabotage 
behavior toward competitors. For settings where compe-
tition is prevalent it also highlights the usefulness of 

game-theoretic considerations to assess heterogeneous 
evaluation patterns.

On a more general note, we add important field evi-
dence to the existing economics literature on sabotage 
that has mostly relied on laboratory experiments (Lazear 
1989, Konrad 2000, Harbring and Irlenbusch 2011, Char-
ness et al. 2014) and found ambiguous evidence for the 
association between sabotage and skill (Harbring et al. 
2007, Charness et al. 2014, Chambers and Baker 2020).

Third, our work contributes to our understanding of 
the evolution and sustainability of online communities by 
showing how individual-level strategic behavior affects 
the organizational-level social structure of communities 
(Faraj and Johnson 2011, Huang et al. 2014, Hofstetter et al. 
2018b, Kim et al. 2018, Piezunka and Dahlander 2019). We 
document a self-reinforcing dynamic in which increased 
member skill not only leads to more strategic behavior 
but also increased future participation. This complements 
past studies that have investigated the fluidity of com-
munities focused on aspects of self-selection and open 
boundaries—that is, dynamics across individuals—with 
insights of dynamics within individuals (Faraj et al. 2011, 
Felin et al. 2017). Contrary to the expectation that unfair 
behavior would reduce engagement (Gomez-Mejia and 
Balkin 1992, Franke et al. 2013, Faullant et al. 2017, Balietti 
and Riedl 2021), strategic behavior appears to facilitate 
future participation because it encourages low-skilled 
individuals with leniency and engages high-skilled com-
munity members in challenging competition through sab-
otage. Strategic behavior appears to play an important 
organizational role in stabilizing the core of a community 
by engaging members in intense competition.

Why does being a victim of sabotage make highly 
skilled community members more likely to participate in 
future contests? We theorize that the fierce competition 
among the high-skilled adds to their intrinsic motivation 
and promotion focus. Competition can be thrilling and 
exciting, even when outcomes are negative (Franken and 
Brown 1995). Intrinsic motivation and corresponding 
theories may provide an explanation. First, according to 
self-determination theory (Ryan and Deci 2000) skilled 
individuals may experience a sense of competence and 
autonomy that can enhance their motivation. Having 
been a victim of sabotage could serve as a confirmation 
of being considered a true competitor, which could 
increase motivation and thus the likelihood of future par-
ticipation. Furthermore, the fierce competition among 
the high-skilled adds to the status incentive of the com-
petition and may be perceived as a challenge to over-
come, rather than a threat (To et al. 2020). Second, the 
challenge of competition is a trigger of a flow state 
(Csikszentmihalyi 1990). Higher-skilled individuals have 
a wider range in which flow can occur when the 
challenge-level rises compared with their lower-skilled 
counterparts. Being a victim of sabotage may thus 
increase the perceived challenge: Although low-skilled 
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individuals perceive sabotage as a threat, high-skilled 
individuals perceive it as a challenge (promotion focus 
To et al. 2020), making their participation in future con-
tests more likely.

Prior work has focused on collaborative behavior and 
explained why members in crowdsourcing act recipro-
cally toward others who have helped them in the past 
(Perry-Smith 2006, Jeppesen and Lakhani 2010, Dahlander 
et al. 2016, Safadi et al. 2021). By contrast, we explain why 
apparent reciprocity in terms of social network structure 
may also result from competitive behavior in which high- 
skilled members sabotage other high-skilled community 
members. We thus provide an additional explanation for 
the phenomenon of a consolidated community core of 
high-skill individuals that is a key characteristic of many 
crowdsourcing communities (Perry-Smith 2006, Jeppesen 
and Lakhani 2010, Dahlander et al. 2016, Safadi et al. 
2021). Our contest theory model and empirical results 
imply that behaviors (and resulting network structures) 
that appear to be reciprocal and collaborative can in fact 
be deeply competitive. Together, this shows why strategic 
behavior must be incorporated in our theoretical under-
standing of crowdsourcing communities that have often 
been studied using structural social network approaches. 
The understanding of the implications of social structure 
in communities could therefore benefit from a more sys-
tematic integration of, and attention to, how actors’ behav-
ioral motivation guides their behavior.

With the proliferation of social network studies focused 
on static structural aspects (Perry-Smith 2006, Jeppesen 
and Lakhani 2010, Dahlander et al. 2016, Safadi et al. 
2021), the feedback loops between dynamic interactions 
and their effect on structure suggest important questions 
for future research (Foley et al. 2021, Fulker et al. 2021, 
Soda et al. 2021). Our study is a first step in that direction. 
It provides an alternative explanation for why communi-
ties often have a core-periphery structure. Future work 
needs to consider not only the structure of community 
interaction itself but also the valence of interaction (e.g., 
are comments helpful or hurtful? Are ratings positive or 
negative?) and how the interactions are motivated. This 
may reveal more nuanced network structures in terms 
“negative” (competitive) ties (Labianca and Brass 2006), 
adding to our understanding of social networks from 
structural analysis that has focused on ties based on social 
relationships (e.g., friendship), communication, and infor-
mation flow (Wasserman and Faust 1994, Borgatti et al. 
2009).

7.2. Practical Implications
Our findings also have important practical implications. 
Counter to common sense, platform design that allows 
strategic behavior may not necessarily be bad. From an 
organizational perspective, strategic behavior is usually 
seen as destructive and thus undesirable. According to 
this view, organizations are well advised to limit its 

impact by designing incentives (and structures) that re-
duce strategic behavior. Our study reveals that this view 
is not always valid. The fierce competition among high- 
skilled community members which makes them targets 
of sabotage increases their future participation. It also 
leads to the encouragement of less skilled members 
through leniency. As a result, the competitive strategic 
behavior that ostensibly runs counter to the notion of a 
collaborative community does in fact have positive long- 
term effects on the community. Therefore, our study 
challenges conventional wisdom on strategic behavior: 
instead of eliminating strategic behavior entirely, the orga-
nizers of crowdsourcing communities may encourage it 
within controlled boundaries (e.g., anonymous voting).

7.3. Limitations, Generalizability, and 
Future Research

This paper is not without limitations. First, although 
Threadless is a prototypical crowdsourcing community 
and therefore highly suitable for generalization, there 
may still be some differences to other settings. For exam-
ple, Threadless does not publish an overall ranking 
which may limit competitive motivation compared with 
other settings (e.g., Topcoder publishes public rankings 
that can spur rivalry; Grad et al. 2023). Future research 
could therefore investigate the patterns of strategic beha-
viors in settings that differ from ours. The contest theory 
model can serve as a starting point for that research. The 
findings may apply to other contexts beyond crowdsour-
cing. As the theoretical reasoning and empirical setting 
of this study is concerned with individuals anonymously 
evaluating their rivals in an otherwise collaborative envi-
ronment, the study’s results may generalize to contexts 
with similar characteristics such as peer evaluation in 
teams, academic publishing, grant awarding, or political 
races. Second, this paper focuses on two specific forms of 
strategic behavior on the individual level. The study of 
other forms of strategic behaviors that emerge between 
two or more participants over time, such as interpersonal 
rivalry and reciprocity, are exciting avenues for future 
research. Finally, our work opens new fields to investi-
gate career dynamics in communities and the connection 
between individual behaviors and organizational-level 
outcomes like overall community structures.
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Endnotes
1 In terms of rating behavior this corresponds to rate oneself up 
(self-promotion) and to rate competitors down (sabotage). There are 
other forms of strategic behavior such as strategic entry decisions 
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(Liu et al. 2014), cheap talk (Archak 2010), and reciprocal rating 
(Hutter et al. 2011).
2 Skill in terms of generating high-quality contest entries not in 
terms of acting strategically, although the two may be correlated.
3 Threadless lists several reasons for declining a submission at this 
stage: designs using copyrighted material, duplication of prior 
work, inappropriate content, technical errors with the image file 
such as low resolution, text only designs, designs that use too many 
colors, are too large or cannot be printed for other reasons. The rat-
ing period is seven days with the exception of the change in rules 
about dropping design earlier which we exploit in the natural 
experiment on self-promotion in Section 5.2.
4 See Section C.2 in the Online Appendix for more details on the 
empirical patterns.
5 Fake accounts are not of great concern to our analysis. Although 
fake accounts may exist on Threadless in principle, our analysis 
includes only ratings cast by designers—users who also make 
design submission. To qualify as “designer,” a user needs to make a 
design submission that passes Threadless’ basic muster of being a 
valid submission (a real t-shirt design on the Threadless template, 
cannot be blank, cannot be an obvious copy of other work, etc.) and 
have their design submission actually put up for voting.
6 By using the two extreme outcomes, zero stars and five stars, 
respectively, we use a conservative measure of sabotage and self- 
promotion respectively, because (a) we only include the likely 
report of maximal lies (Gneezy et al. 2018), and (b) we make sure 
not to conflate the two behaviors. An alternative specification for 
sabotage would be, e.g., to use the probability that a design gets 
assigned a zero or one star rating. However, this would not just 
include sabotage (all designs that are of higher quality) but also 
self-promotion (all zero star designs that get assigned a one star rat-
ing) and therefore conflate the two behaviors. A similar argument 
can be made for self-promotion.
7 We use the quality of the best previous submission as a robustness 
check that is consistent with our results, see Section C.4 in the 
Online Appendix.
8 We cluster standard errors on the submission level to account for pos-
sible dependence of ratings of the same submissions and in the same 
contest. One may alternatively be concerned about capturing auto- 
correlation at the rater level. We examine the robustness of our specifica-
tion in Online Appendix C.5. The clustered standard errors are virtually 
identical to robust standard errors. Furthermore, p-values are generally 
much smaller than 0.001 (i.e., 1e� 9) so that our substantial conclusions 
are not affected by the level of clustering of standard errors.
9 This analysis relies on a reduced sample as we need to exclude (a) 
all ratings that an individual casts before making their first submis-
sion (because for those individuals we cannot compute idea genera-
tion skill), and (b) all ratings on every contestant’s first submission 
(again, because idea generation skill is still unknown for those indivi-
duals). We check whether the use of subsamples drives our findings 
in Section C.4 in the Online Appendix but find no evidence of this.
10 We perform three important robustness tests. First, we repeat the 
same analysis using the quality of the best design an individual sub-
mitted in the past (instead of the average of all past submissions) 
and find almost identical coefficients (Table A.III and Figure A.IV 
in the Online Appendix). Second, we explore alternative measures 
of skill: tenure, experience, and being a past winner (Table A.IV in 
the Online Appendix). We find no significant effect of tenure. We 
find mixed results for experience. We find a lower likelihood to sab-
otage for those with more evaluation experience but higher likeli-
hood to sabotage for those with more submission experience. This 
is consistent with the interpretation that competitive motivation is 
the driver behind strategic behavior (i.e., those who are competi-
tively motivated and make many submissions, sabotage more while 

those who may be more socially motivated and submit many eva-
luations). We find that past winners act significantly more strategi-
cally. They are both much more likely to sabotage, and other past 
winners are the targets. Being a past winner could be seen as 
socially validated skill. Third, we explore whether the reported 
effect of strategic behavior could be explained by dyadic rivalries 
instead (Kilduff et al. 2010, section D.2). We find that sabotage hap-
pens outside, and on top of, any pre-existing dyadic rivalries. Even 
within the same dyad, we still find a difference in individuals’ rat-
ing behavior between competing for the same prize versus not com-
peting which indicates strategic behavior. In summary, dyadic 
rivalry patterns are not sufficient to explain strategically motivated 
sabotage.
11 This natural experiment also helps us address another potential 
alternative explanation. An alternative explanation for the observed 
negative rating behavior could be seen in the endogenous decision 
to enter contests (Bockstedt et al. 2016). Contestants may submit 
entries to contests where they expect that competition is weak and 
therefore deserve lower ratings. Following the argument of endoge-
nous entry, we would expect either no change in zero-star ratings 
as contestants should not be able to time their contest entry around 
the incentive change.
12 Specifically, contest entries that had received ratings from 100 
different people, but the average of those rating was less than 1.5 
stars, were eliminated. The average rating still was not visible dur-
ing rating process but only to the platform owner. This rule change 
was introduced to help the platform owner to focus on a smaller set 
of contest entries by removing low quality submissions from the 
contests earlier.
13 We estimate an interval Cox proportional hazard model for mul-
tiple events, controlling for individual hazard rate of participation, 
exploiting within-individual variation in received sabotage; robust 
standard errors clustered at the individual level. We include the 
key observables that a competitor observes after a contest: the rating 
their submission received, the number of ratings received, the level 
of competition (number of competitors and average quality of all 
submissions in the contest), and our focal variable of interest, the 
amount of sabotage received.
14 We can also interpret the coefficients of our control variables. 
Having done well in a contest (high rating, many ratings) makes 
future participation significantly more likely. Competition has 
mixed effects (positive effect of high average rating across all con-
test submissions, no effect of competition size).
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