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Abstract—Though fundamental to innovation and essential to many indus-
tries and occupations, individual creativity has received limited attention
as an economic behavior and has historically proven difficult to study. This
paper studies the incentive effects of competition on individuals’ creative
production. Using a sample of commercial logo design competitions and a
novel, content-based measure of originality, I find that intensifying compe-
tition induces agents to produce original, untested ideas over tweaking their
earlier work, but heavy competition drives them to stop investing altogether.
The results yield lessons for the management of creative workers and the
implementation of competitive procurement mechanisms for innovation.

I. Introduction

HE creative act is a broadly important but understud-

ied phenomenon in economics. Millions of people in the
United States alone work in fields where creativity is essen-
tial to job performance, such as research, engineering, and
professional services—industries that are the engines of in-
novation and growth in modern developed economies. CEO
surveys also show that executives’ top concerns consistently
include the creativity of their employees and pursuit of in-
novation within the firm. Despite its importance, the creative
act itself has received limited attention as an economic be-
havior and has historically proven difficult to study due to the
challenge of measuring creativity and relating it to variation
in incentives.

This paper studies the incentive effects of competition on
individuals’ creative output, exploiting a unique field setting
where creative activity and competition can be measured and
related: tournaments for the design of commercial logos and
branding. Using image comparison tools to measure origi-
nality, I show that intensifying competition both creates and
destroys incentives for creativity. While some competition is
necessary to induce high-performing agents to develop origi-
nal, untested designs over tweaking their existing work, heavy
competition discourages effort of either kind. Theory sug-
gests these patterns are driven by the risk-return trade-offs
inherent in innovation. In the data, agents are most likely to
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produce original designs in a horse race against one other
competitor of similar quality.

It is useful to begin with a definition: creativity is the act of
producing ideas that are novel and appropriate to the goal at
hand (Amabile, 1996; Sternberg, 2008). The paper opens with
a simple model that provides a framework for thinking about
the economics of creative activity in a tournament setting,
which both guides the empirical analysis and rationalizes its
results.! In this model, a principal seeks a new product design
and solicits candidates from a pool of workers via a tourna-
ment, awarding a prize to the best entry. Workers enter designs
in turns, and once entered, each submission’s quality is pub-
lic knowledge. At each turn, workers must choose between
developing an original design or tweaking a previous entry,
cast as a choice between an uncertain and predictable out-
come. The model suggests that competition increases work-
ers’ incentives to produce original designs over tweaks, but
it also shows that heavy competition depresses incentives to
do either. Though intuitive, and in part a recasting of prior
theoretical research to this paper’s context, the model is use-
ful in framing and interpreting empirical results throughout
the paper.

The paper then turns to an empirical study of logo design
competitions, drawing on a sample of contests from a pop-
ular online platform.? In these contests, a firm (“sponsor”)
solicits custom designs from freelance designers (“players”),
who compete for a winner-take-all prize. The contests in the
sample offer prizes of a few hundred dollars and on average
attract around 35 players and 100 designs. An important
feature of this setting is that the sponsor can provide real-time
feedback on players’ designs in the form of one- to five-star
ratings. These ratings allow players to gauge the quality
of their own work and the intensity of competition while
the contest is underway. Most important, the data set also
includes the designs themselves, which makes it possible
to study creative choices over the course of a contest. |
use image comparison algorithms similar to those used by

'The model in this paper is related to Taylor (1995), Che and Gale (2003),
Fullerton and McAfee (1999), and Terwiesch and Xu (2008) but differs
in that it injects an explore-exploit dilemma into the agents’ choice set.
Whereas existing work models competing agents who must choose how
much effort to exert, the agents in this paper must choose whether to build
off an old idea or try a new one, much like a choice between incremental
versus radical innovation. The framework also has ties to recent work on
tournaments with feedback (Ederer, 2010), bandit problems in single-agent
settings (Manso, 2011), and models of competing firms’ choice over R&D
project risk (Cabral, 2003; Anderson & Cabral, 2007).

2The empirical setting is conceptually similar to coding competitions stud-
ied by Boudreau, Lacetera, and Lakhani (2011), Boudreau, Lakhani, and
Menietti (2016), and Boudreau and Lakhani (2015), though the opportunity
to measure originality is unique. Wooten and Ulrich (2013, 2014) have also
studied graphic design competitions, focusing on the effects of visibility
and feedback.
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commercial content-based image retrieval software (e.g.,
Google Image Search) to calculate similarity scores between
pairs of images in a contest, which I then use to quantify the
originality of each design relative to prior submissions by
the same player and her competitors.

This setting presents a unique opportunity to observe cre-
ative production in the field. Though commercial advertising
is important in its own right, the product development process
observed here is similar to that in other domains where pro-
totypes are created, tested, and refined. The nature of the set-
ting enables a more detailed empirical study of this process,
and its interaction with incentives, than is typically possible.
The tournament format is especially germane. Although the
website advertises itself as a crowd-sourcing platform, the
contracting environment is fundamentally a request for pro-
posals (RFP), a mechanism widely used by firms and gov-
ernment agencies to procure new products or technologies—
often over multiple rounds, with interim scoring, and typi-
cally with only the top bid rewarded.

The sponsors’ ratings are critical in this paper as a source
of variation in the information that both the players and I
have about the state of the competition. Using these ratings,
I am able to directly estimate a player’s probability of win-
ning, and the results establish that ratings are meaningful: the
highest-rated design in a contest may not always win, but a
five-star design increases a player’s win probability as much
as 10 four-star designs, 100 three-star designs, and nearly
2,000 one-star designs. Data on the time at which designs
are entered by players and rated by sponsors makes it pos-
sible to establish what every participant knows at each point
in time. The empirical strategy exploits naturally occurring,
quasi-random variation in the timing of sponsors’ ratings and
compares players’ responses to information they observe at
the time of design against that which is absent or not yet
provided.

I find that competition has large effects on the content of
players’ submissions. Absent competition, positive feedback
causes players to cut back sharply on originality: players
with the top rating produce designs more than twice as
similar to their previous entries as those with only low rat-
ings. The effect is strongest when a player receives her first
five-star rating—her next design will be a near replica of the
highly rated design—and attenuates at each rung down the
ratings ladder. However, these effects are reversed by half or
more when high-quality competition is present: competitive
pressure counteracts this positive feedback, inducing players
to produce more original designs. A battery of supporting
analysis establishes that this result is econometrically iden-
tified and is robust to alternative explanations and measures
of the key variables.

Taken alone, these results suggest that competition un-
ambiguously motivates creativity, but the analysis, and con-
clusion, presume no outside option. In practice, players
have a third option: they can stop bidding. Whether and
when this alternative becomes binding is its own ques-
tion. Consistent with previous research from other tourna-

ment and tournament-like settings (Baik, 1994; Brown, 2011;
Ross, 2012; Boudreau et al., 2016), I find that heavy com-
petition discourages further investment. Empirically, high
performers’ tendency to produce original work is great-
est when they face roughly fifty-fifty odds of winning—in
other words, when neck-and-neck against one similar-quality
competitor.

The driving assumption behind the model, and the inter-
pretation of these results, is that creative effort is risky but
high return. The data indicate that original designs outper-
form tweaks of low-rated work, but due to the ratings being
bounded above at five stars, the same comparison cannot be
made against tweaks of high-rated work. To test this assump-
tion, I recruit a panel of professional designers to administer
independent ratings designs on an extended scale and corre-
late their responses with these designs’ originality. I find that
original designs are on average more highly rated by these
panelists than tweaks, but the distribution of opinion also has
higher variance, reflecting risk. This evidence reinforces a
possible link between creativity and risk taking suggested by
research in other fields.

These findings contribute to a developing but mixed lit-
erature on the effects of competition on individual creative
output: economists argue that competition can motivate the
kind of risk taking that is characteristic of inventive activity
(Cabral, 2003; Anderson & Cabral, 2007), yet many psychol-
ogists argue that high-powered incentives and other extrinsic
pressures stifle creativity by crowding out intrinsic motivation
(see Hennessey & Amabile, 2010, for a review) or by causing
agents to choke (Ariely et al., 2009). Lab-based studies are as
mixed as the theory (Eisenberger & Rhoades, 2001; Ederer
& Manso, 2013; Erat & Gneezy, 2016; Charness & Grieco,
2018; Bradler, Neckermann, & Warnke, 2019), in part due to
differences in measurement and experimental design. Miss-
ing from this literature is the added nuance that competition
is not strictly a binary condition but rather can vary in inten-
sity across treatments—and as this paper shows, the effects
hinge crucially on the intensity of competition, as well as the
existence of an outside option.

The evidence that creativity can be elicited with balanced
competition has substantive implications for managers in cre-
ative industries and for the procurement practices of all or-
ganizations. Many practitioners appear to subscribe to the
intrinsic motivation theory of creativity endorsed by social
psychologists, which holds that extrinsic motivators are coun-
terproductive, and regularly communicated in the Harvard
Business Review (Florida & Goodnight, 2005; Amabile &
Khaire, 2008; Amabile & Kramer, 2012) and other business
publications. Although intrinsic motivation is valuable, the
results of this paper show that high-powered incentives can
be effective at motivating creativity. The results also provide
lessons for organizers of innovation prize competitions and
other competitive procurement mechanisms for innovation
(e.g., RFPs) on managing the intensity of competition.

The paper also makes a methodological contribution to
the innovation literature. Due to data constraints, empirical
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research has historically measured innovation in terms of in-
puts (such as R&D spending) or outputs (patents), when in-
novation is at heart about the individual acts of discovery and
invention that take place in between. As a result, there is rel-
atively little systematic, empirical evidence on the process of
idea production. This paper is an effort to fill this gap, invok-
ing new tools for content-based measurement of innovation
and using them to study how ideas are developed and refined
in response to incentives.

The paper is organized as follows. Section I discusses
related literature in economics and social psychology and
presents the model. Section II introduces the empirical set-
ting and describes the identification strategy. Section III es-
timates the effects of competition on the originality of sub-
missions. Section IV presents the countervailing effects on
participation. Section V provides evidence that creativity is
risky but has a high return, supporting the key assumption
of the model. Section VI discusses the implications of these
results for policy, management, and future research on cre-
ativity and innovation and concludes.

II. Background: Creativity and Incentives

A.  Existing Literature

Research on individual creativity has historically been a
subject for social psychology. The question of whether incen-
tives enhance or impair creativity is itself the focus of a con-
tentious, decades-old debate led by two schools of thought:
one camp argues that incentives impair creativity by crowding
out intrinsic motivation (Amabile, 1996; Hennessey & Am-
abile, 2010), whereas the other argues that incentives bolster
creativity, provided that creativity is explicitly what is be-
ing rewarded (Eisenberger & Cameron, 1996). Scholars in
each of these camps have written public rejoinders to the
other (Eisenberger & Cameron, 1998; Hennessey & Ama-
bile, 1998), while others have sought to develop and test more
nuanced theories in an attempt to reconcile these arguments
(Shalley & Oldham, 1997).

The empirical literature on which these arguments are
based in most cases invokes high-powered incentives (tour-
naments) in its experimental design. Despite dozens of ex-
periments, the empirical evidence has been unable to clar-
ify which of these positions is valid (Shalley, Zhou, &
Oldham, 2004). Different papers include different-sized re-
wards (which may or may not not be valuable enough to
overcome motivational crowd-out, to the extent it occurs),
different subject pools (college students versus grade-school
children), and inconsistencies in how performance is evalu-
ated and what features of performance are rewarded. Studies
cited by the pro-incentives camp reward subjects for creativ-
ity, whereas studies cited by the anti-incentives camp evalu-
ate creativity but often reward the best ideas. Experiments on
both sides rely heavily on judges’ assessments of creativity,
which they are typically asked to score according to their own
definitions.

Experimental economists have recently entered the lit-
erature, though often subject to the same limitations. Erat
and Gneezy (2016) evaluate subjects’ creativity in a puzzle-
making task under piece-rate and competitive incentives
and find that competition reduces creativity relative to an
incentive-free baseline. Charness and Grieco (2019) in con-
trast find that high-powered incentives increase creativity in
closed-ended creative tasks and have no effect on creativity
in open-ended tasks. In both studies, creativity is scored by
judges without guidance or a standardized definition, which
leads to low interrater reliability. Rather than relying on sub-
jective assessments, Bradler et al. (2019) study the effects of
tournament incentives and gift exchange on creative output
with an unusual uses task: subjects are asked to think of pro-
ductive uses for a common household object (e.g., a tin can),
and creativity is measured by the statistical infrequency of
each answer. In this case, the authors find that tournaments
increase creative output relative to both gift exchange and an
incentive-free baseline, though the empirical methodology
makes it hard to distinguish an increase in originality (novel
uses) from an increase in output alone (total uses).

This paper makes several important departures from this
body of research. The logo design competitions studied here
provide a field setting in which actual creative professionals
are competing for prizes of significantly greater value than
observed in the existing lab-based studies. They also provide
a setting where originality can be objectively measured with
content-based assessment. Additionally, in contrast to much
of the literature, it is not creativity per se that is being re-
warded but product quality. As in most product development
settings, creativity here is a means toward an end rather than
an end in and of itself. Most important, however, this pa-
per studies competition as a continuously varying rather than
binary treatment. In practice, competition is not a uniform
condition, and the fact that the implementation of competi-
tive incentives varies across the previously cited studies might
perhaps even explain their divergence.

At the heart of this paper is a set of empirical results on
the originality of submissions into the sampled tournaments.
To the extent that being creative is risky and its outcome un-
certain, as the model below will propose, the paper is also
connected to the economics literature on choices over risk in
competition. Cabral (2003) and Anderson and Cabral (2007)
show that in theory, laggards will take actions with higher-
variance outcomes, consistent with the intuition of needing a
big hit to catch up or, in the extreme, of having nothing to lose.
Similar behavior has been observed among investment fund
managers, who increase fund volatility after a midyear review
that reveals them trailing their peers’ performance (Brown,
Harlow, & Starks, 1996) or when trailing the market (Cheva-
lier & Ellison, 1997). In additional related work, Genakos
and Pagliero (2012) study the choice over how much weight
to attempt across rounds of dynamic weightlifting tourna-
ments, and interpret the decision as a choice over risk. The
authors find that whereas moderate laggards increase risk,
distant laggards reduce risk—a result at odds with the existing
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586 THE REVIEW OF ECONOMICS AND STATISTICS

theoretical literature and the evidence from this paper, which
indicate that more distant laggards prefer greater risk, condi-
tional on participating. The interpretation, however, may be
limited by the difficulty of empirically distinguishing a choice
of risk from a commitment to a specified level of effort in the
weightlifting context.

An additional literature to which this paper relates is the
long-running literature in economics on product market com-
petition and innovation (see Gilbert, 2006, and Cohen, 2010,
for summaries). Since Schumpeter’s (1942) contention that
market power is favorable to innovation, researchers have
produced explanations for and evidence of positive, nega-
tive, and inverted-U relationships between competition and
innovation in a variety of markets—though the literature is
complicated by differences in definition and measurement,
challenges in econometric identification, and institutional
variation. In a seminal contribution, Aghion et al. (2005) pre-
dict an inverted-U effect of product market competition on
step-by-step innovation, and Aghion et al. (2014) find sup-
port for the predictions of this model in a lab experiment
designed to mimic its features. There are, however, a few key
differences between this paper’s setting and the Aghion et al.
(2005) model, the most important of which are the emphasis
on individual creative behavior and the tournament context,
where innovation is continuous and the intensity of com-
petition is determined by relative performance differences
rather than by an exogenous degree of collusion in the product
market.

B.  Theoretical Framework

The preceding literature explains creativity and its motives
primarily through narrative psychological constructs rather
than economic forces. Yet creativity can also be interpreted as
an economic behavior insofar as it involves a choice over un-
certainty. This section demonstrates how this idea can be op-
erationalized in a relatively simple tournament model whose
features resemble the empirical setting. The results are pre-
sented in partial equilibrium to bring into focus the trade-offs
facing agents in such a setting, which both guide the empirical
analysis and offer a framework for interpreting the evidence
that follows.

Suppose a risk-neutral principal seeks a product design.
Because R&D outcomes are uncertain and difficult to value,
the principal cannot contract directly on performance. It in-
stead sponsors a tournament to solicit prototypes from J risk-
neutral players, who enter designs sequentially and immedi-
ately learn of their quality. Each design can be either original
or adapted from the blueprints of previous entries; players
who choose to continue working on a given design at their
next turn can reuse the blueprint to create variants, with the
original version remaining in contention. At each turn, the
player must decide whether to continue investing and, if so,
whether to create an original design or tweak an earlier sub-
mission. At the end of the tournament, the sponsor awards a
winner-take-all prize P to its favorite entry.

Let each design be characterized by latent value v ;;, which
only the sponsor observes:

v, =In (Bj,) +ej, ¢€j ~iid Type-1E.V, (D)

where j indexes players and ¢ indexes designs. In this
model, B, represents the design’s quality, which is revealed
by the sponsor’s feedback, and the latent value is a func-
tion of revealed quality and an i.i.d. random shock, which
reflects idiosyncrasies in the winner selection process. To
hone intuition, further suppose that each player enters at most
two designs. The type-1 extreme value error leads to logit
choice probabilities for each design (see Train, 2009), such
that player j’s total probability of winning is

Bjo + B
Bjo +Bj1 + 2 sz; Bro + Brr)

_ Bio+Bji
Bjo+Bj1 -ij’

Pr (player J wins) =

2)

where L =) £ (Bko + Bx1) is the competition that player
Jj faces in the contest. This function is concave in the player’s
own quality and decreasing in the quality of her competition.

Every player’s first design in the contest is inherently novel,
and entry is taken for granted. In theoretical terms, each player
is endowed with her first submission. At their subsequent
turn, players have three options: they can exploit (tweak, or
adapt) the existing design, explore (experiment with) a radi-
cally different design, or abandon the contest altogether. To
elaborate on each option:

» Exploitation costs ¢ > 0 and yields a design of the same
quality, resulting in a second-round design with B;; =
Bjo and increasing the player’s probability of winning
accordingly.

» Exploration costs d > c¢ and can yield a high- or
low-quality design. With probability ¢, it will yield a
high-quality design of Bﬁ = afjo, and with probability
(1 — g), it will yield a low-quality design of B, = 80,
where o > 1 is the exogenous degree of exploration.?

» Abandonment is costless. The player can abstain from
further investment, leaving the player’s probability of
winning unchanged, as her previous work remains in
contention.

In this context, feedback has three effects: it informs each
player about her first design’s quality, influences her second

3For the purposes of this illustrative model, I treat o as fixed. If o were
endogenous and costless, the player’s optimal a would be infinite, since the
exploration upside would then be unlimited and the downside bounded at 0.
A natural extension would be to endogenize o and allow exploration costs
d (-) or the probability of a successful outcome ¢ (-) to vary with it. Such a
model is considerably more complex and beyond the scope of this paper.
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CREATIVITY UNDER FIRE 587

design, and reveals the level of competition she faces. Players
use this information to decide whether to continue participat-
ing and whether to do so by exploring a new design or reusing
a previous one, which is a choice over which kind of effort
to exert: creative or rote.

Conditions for exploration. To further simplify notation,
let F (B1) = F (B11Bo, ) denote a player’s probability of
winning when her second submission has quality f;, given an
initial submission of quality ¢ and competition (. (omitting
the j subscript). For a player to produce an original design,
she must prefer doing so over both exploiting the existing
design and abandonment:

[qF (B) + A —q@)F(BY)] xP—d > F(Bo) xP—c, (3)
N e’
E[m|exploit]

E[x|explore]

[aF B)+ (1 =) F B})] x P—d > F(O)xP. (4

E[m|abandon]

E[m|explore]

These conditions can be rearranged and written as follows:

d_

aF (B")+ (1 — ) F (BY) = F (By) > PC, )
d

gF B+ —g)F (BY) — F (0) > > (6)

In words, the probability gains from exploration over ex-
ploitation, and abandonment must exceed the difference in
cost, normalized by the prize. If the difference in the cost of
exploration versus exploitation is small relative to the prize,
asitlikely is in the data (see Gross, 2017), the choice between
them reduces to a question of which choice yields the greater
increase in the player’s probability of winning.

Effects of competition. 'This modeling infrastructure leads
directly to the focal propositions, which bring into focus how
competition affects incentives for exploration.* To simplify
the presentation, we will assume d = ¢, although the core
result (that exploration is incentivized at intermediate levels
of competition) also holds when d > ¢, with slightly more
involved propositions, provided that d is not so high that
exploration can never be optimal (see appendix A). The
first proposition states that when . ; is high, exploration has
greater expected benefits than exploitation, whereas when
is low, the reverse holds. The second proposition states that
as | ; grows large, the benefits of a second design decline

4The propositions are provided in partial equilibrium (without strategic
interactions) to emphasize the first-order trade-offs faced by agents in this
setting. Strategic interactions, however, would not affect the result. At very
small or large values of |, competitors’ best responses will have little influ-
ence on the shape of the focal player’s success function, and therefore little
influence on the difference in returns to exploration versus exploitation. In
the middle, there exists a threshold p* that divides the real line into regions
where exploration or exploitation yields greater benefits.

to 0. Because effort is costly, players are therefore likely to
abandon the contest when competition grows severe.

1 1

Proposition 1. Suppose g € (135, 5

such that for all \; < p*,

[aF (Bj1) + (1 = ) F (B})],

E[Pr(Win)|explore]

). Then there exists a |.*

F(Bp) >
——

E[Pr(Win)|exploit]

and for all ; > ¥,

[aF (B7) + (0 - F (B7)] >

E[Pr(Win)|explore]

F (Bjo)-
— —
E[Pr(Win)|exploit]

Proposition 2. The returns to a player’s second design de-
cline to 0 as pj —> oo.

Proofs are provided in appendix A. The necessary con-
dition for competition to motivate exploration is that g €
(1%& %) which holds if and only if original submissions
are in expectation higher quality than tweaks, but success-
ful outcomes are nevertheless improbable (see appendix A).
In other words, exploration is not only risky but also high
return. When this is the case, the first proposition shows that
competition can provoke exploration as a strategic response,
a result similar to the findings of Cabral (2003) and Ander-
son and Cabral (2007) on choices over risk, but in a structure
more closely linked to the empirical setting: intuitively, when
the player lags behind, the upside to exploration grows more
valuable and the downside less costly. The second proposi-
tion shows, however, that large performance differences can
also discourage effort, as the returns to effort decline to O.
The proposition is a reminder that participation must be in-
centivized. In contrast to many bandit models or models of
choices over risk in competition (Cabral, 2003), agents in this
setting incur costs and may withhold effort.’

Note that this setting may differ from other tournament set-
tings in that submissions are cumulative: each player’s first
design remains in contention after the second is entered. The
results of this section, however, would qualitatively remain
the same if new designs replaced prior submissions: explo-
ration would then be even riskier after a high-quality initial
design and of similar risk after a low-quality initial design
(as there is little to lose).® In either case, risk is defined by
the ex ante variance of the success function and is the result
of uncertainty over the quality of the second submission.

3 Altogether, the model proposes that incentives for exploration are great-
est at intermediate levels of competition (see appendix A). Mathematically,
the result is driven by the curvature of the success function, which rises and
then flattens with competition. Only at intermediate levels of competition
does the function have adequate curvature to make the returns to exploration
both larger than those to exploration and large enough to exceed the cost.

®From a mechanism design perspective, this incremental risk could be
mitigated if players were allowed to choose whether to replace the first
submission with the new one after realizing the new submission’s quality
draw.
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588 THE REVIEW OF ECONOMICS AND STATISTICS

III. Setting, Data, and Identification

I collect a randomly drawn sample of 122 logo design con-
tests from a widely used online platform to study how creative
behavior responds to competition.’” The platform from which
the data were collected hosts hundreds of contests each week
in several categories of commercial graphic design, includ-
ing logos, business cards, T-shirts, product packaging, book
and magazine covers, and website and app mock-ups. Logos
are the modal design category on this platform and thus a
natural choice for analysis. A firm’s choice of logo is also
nontrivial, since it is the defining feature of its brand, which
can be one of its most valuable assets and is how consumers
will recognize and remember the firm for years to come.

In these contests, a firm (the sponsor—typically a small
business or nonprofit organization) solicits custom designs
from freelance designers (players) in exchange for a fixed
prize awarded to its favorite entry. The sponsor publishes
a project brief that describes its business, its customers, and
what it likes and seeks to communicate with its logo; specifies
the prize structure; sets a deadline for submissions; and opens
the contest to competition. While the contest is active, players
can enter (and withdraw) as many designs as they want, at
any time they want, and sponsors can provide players with
private, real-time feedback on their submissions in the form of
one- to five-star ratings and written commentary. Players see
a gallery of competing designs and the distribution of ratings
on these designs, but not the ratings on specific competing
designs. Copyright is enforced.® At the end of the contest,
the sponsor picks the winning design and receives the design
files and full rights to their use. The platform then transfers
payment to the winner.

For each contest in the sample, I observe the project brief,
which includes a project title and description, the sponsor’s
industry, and any specific elements that must be included in
the logo; the contest’s start and end dates; the prize amount;
and whether the prize is committed (the sponsor may retain
the option of not awarding the prize to any entries if none are
to its liking). While multiple prizes are possible, the sample
is restricted to contests with a single winner-take-all prize. |
also observe every submitted design, the identity of the de-
signer, his or her history on the platform, the time at which
the design was entered, the rating it received (if any), the time
at which the rating was given, and whether it won the con-
test. I also observe when players withdraw designs from the
competition, but I assume withdrawn entries remain in con-

"The sample consists of all logo design contests with public bidding that
began the week of September 3-9, 2013, and every three weeks thereafter
through the week of November 5-11, 2013, excluding those with multi-
ple prizes or midcontest rule changes such as prize increases or deadline
extensions. Appendix B describes the sampling procedures in greater detail.

8Though players can see competing designs, the site requires that all
designs be original and enforces copyright protections. Players can also
report violations if they believe a design has been copied or otherwise
misused. Violators are permanently banned from the site. The site also
prohibits the use of stock art and has a strict policy on the submission
of overused design concepts. These mechanisms appear to be effective at
limiting abuses.

tention, as sponsors can request that any withdrawn design be
reinstated. Since I do not observe written feedback, I assume
the content of written commentary is fully summarized by
the rating.’

The player identifiers allow me to track players’ activity
over the course of each contest. I use the precise timing infor-
mation to reconstruct the state of the contest at the time each
design is submitted. For every design, I calculate the number
of preceding designs in the contest of each rating. I do so in
terms of the feedback available (i.e., observed) at the time
of submission, as well as the feedback eventually provided.
To account for the lags required to produce a design, I define
preceding designs to be those entered at least one hour prior
toa given design, and I similarly require that feedback be pro-
vided at least one hour prior to the given design’s submission
to be considered observed at the time it is made.

The data set also includes the designs themselves. Recall
that creativity bears the formal definition of the act of produc-
ing ideas that are novel and relevant to the goal at hand (Am-
abile, 1996; Sternberg, 2008). To operationalize this defini-
tion, I invoke image comparison algorithms commonly used
in content-based image retrieval software (similar to Google
Image’s Search by Image feature) to measure the similarity
of each design entered into a contest to preceding designs by
the same and other players. I use two mathematically distinct
procedures to compute similarity scores for image pairs, one
of which is a preferred measure (the perceptual hash score)
and the other of which is reserved for robustness checks (the
difference hash score). Appendix B explains how they work.
Each algorithm takes a pair of digital images as inputs; sum-
marizes them in terms of a specific, structural feature; and
returns a similarity score in the [0,1] interval, with a value of
1 indicating a perfect match and O indicating total dissimilar-
ity. This index effectively measures the absolute correlation
of two images’ underlying structure, reflecting similarities or
differences in the basic shapes, outlines, and other elements
that define the image.

To make this discussion concrete, figure 1 demonstrates
an example application. The figure shows three designs, en-
tered in the order shown, by the same player in a logo design
competition that is similar to those in the sample, although
not necessarily from the same platform.!? The first two logos
have some features in common (both use a circular frame and
are presented against a similar backdrop), but they also have
some stark differences. The perceptual hash algorithm gives
them a similarity score of 0.31, and the difference hash algo-
rithm scores them 0.51. The latter two logos are more alike,
and though differences remain, they are now more limited
and subtle. The perceptual hash algorithm gives these logos

°One of the threats to identification throughout the empirical analysis
is that the estimated effects of ratings may be confounded by unobserved,
written feedback: what seems to be a response to a rating could be a reaction
to explicit direction provided by the sponsor. This concern is evaluated in
detail in appendix D and discussed later in the paper.

0Ty keep the sampled platform anonymous, I omit identifying
information.
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CREATIVITY UNDER FIRE 589

FIGURE 1.—ILLUSTRATION OF IMAGE COMPARISON ALGORITHMS

(1)

(2) 3)

The figure shows three logos entered in order by a single player in a single contest. The perceptual hash algorithm calculates a similarity score of 0.313 for logos 1 and 2 and a score of 0.711 for algorithms 2 and 3.
The difference hash algorithm calculates similarity scores of 0.508 for algorithms 1 and 2 and 0.891 for algorithms 2 and 3.

a similarity score of 0.71, and the difference hash scores them
0.89.

For each design in a contest, I compute its maximal sim-
ilarity to previous designs in the same contest by the same
player. Subtracting this value from 1 yields an index of orig-
inality between 0 and 1, which can be interpreted as an em-
pirical counterpart to the parameter !/, in the model. In the
empirical analysis, I primarily use measures of similarity to
a player’s highest-rated previous submissions rather than all
of her prior submissions, but since players tend to reuse only
their highest-rated work, these two measures are highly cor-
related in practice (p = 0.9 under either algorithm).

Creativity can manifest in this setting in other ways. For
example, players sometimes create and enter several designs
at once, and when doing so, they can make each one similar
to or distinct from the others. To capture this phenomenon, I
define “batches” of proximate designs entered into the same
contest by a single player and compute the maximum intra-
batch similarity as a measure of creativity in batched work.
Two designs are proximate if they are entered within fifteen
minutes of each other, and a batch is a set of designs in which
every design in the set is proximate to another in the same
set. Intrabatch similarity is an alternative measure of experi-
mentation, reflecting players’ tendency to try minor variants
of the same concept versus multiple concepts over a short
period of time.

These measures are not without drawbacks or immune to
debate. One drawback is that algorithmic comparisons re-
quire substantial dimensionality reduction and thus provide
only a coarse comparison between designs based on a select
set of features. Concerns on this front are mitigated by the
fact that the empirical results throughout the paper are similar
in sign, significance, and magnitude under two distinct algo-
rithms. In addition, coarse comparisons will be sufficient for
detecting designs that are plainly tweaks to earlier work ver-
sus those that are not, which is the margin that matters most
for this paper. One may also question how well the algorithms
emulate human perception, but the example provided above
assuages this concern, as do other examples in appendix B,
which discusses these issues in detail.

TABLE 1.—CHARACTERISTICS OF CONTESTS IN THE SAMPLE

Variable N Mean SD P25 P50 P75
Contest length (days) 122 8.52 3.20 7 7 11
Prize value (US$) 122 24757 8492 200 200 225
Number of players 122 33.20 2446 19 26 39
Number of designs 122 96.38  80.46 52 74 107
S-star designs 122 2.59 4.00 0 1 4
4-star designs 122 12.28 12.13 3 9 18
3-star designs 122 22.16 2533 6 16 28
2-star designs 122 17.61 25.82 3 10 22
1-star designs 122 12.11 2524 0 2 11
Unrated designs 122 29.62 3143 7 19 40
Number rated 122 66.75  71.23 21 50 83
Fraction rated 122 0.64 0.30 0.4 0.7 0.9
Prize committed 122 0.56 0.50 0.0 1.0 1.0
Prize awarded 122 0.85 0.36 1.0 1.0 1.0

The table reports descriptive statistics for the contests. “Fraction rated” refers to the fraction of designs
in each contest that is rated. “Prize committed” indicates whether the contest prize is committed to be paid
(versus retractable). “Prize awarded” indicates whether the prize was awarded. The fraction of contests
awarded subsumes the fraction committed, since committed prizes are always awarded.

TABLE 2.—DISTRIBUTION OF RATINGS (RATED DESIGNS ONLY)

1-star 2-star 3-star 4-star 5-star Total
Count 1,478 2,149 2,703 1,498 316 8,144
Percent 18.15 26.39 33.19 18.39 3.88 100

The table tabulates rated designs by rating: 69.3% of designs in the sample are rated by sponsors on a
1-5 scale. The site provides guidance on the meaning of each rating, which introduces consistency in the
interpretation of ratings across contests.

A.  Characteristics of the Sample

The average contest in the data lasts eight days, offers a
$250 prize, and attracts 96 designs from 33 players (table 1).
On average, 64% of designs are rated, and less than three
receive the top rating.

Among rated designs, the median and modal rating is three
stars (table 2). Though fewer than 4% of rated designs receive
a five-star rating, over 40% of all winning designs are rated
five stars, suggesting that these ratings convey substantial
information about a design’s quality and odds of success.'!

I Another 33% of winning designs are rated four stars, and 24% are
unrated.
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590 THE REVIEW OF ECONOMICS AND STATISTICS

TABLE 3.—SIMILARITY TO PRIOR DESIGNS BY SAME PLAYER AND COMPETITORS

Variable N Mean SD P10 P50 P90
A. Using Preferred algorithm: Perceptual hash
Maximum similarity to any own prior designs 5,075 0.32 0.27 0.05 0.22 0.77
Maximum similarity to best own prior designs 3,871 0.28 0.27 0.03 0.17 0.72
Maximum similarity to best other prior designs 9,709 0.14 0.1 0.04 0.13 0.27
Maximum intrabatch similarity 1,987 0.45 0.32 0.05 0.41 0.91
B. Using alternative algorithm: Difference hash
Maximum similarity to any own prior designs 5,075 0.58 0.28 0.16 0.62 0.94
Maximum similarity to best own prior designs 3,871 0.52 0.3 0.09 0.54 0.93
Maximum similarity to best other prior designs 9,709 0.33 0.21 0.09 0.29 0.63
Maximum intrabatch similarity 1,987 0.69 0.28 0.23 0.77 0.98

The table reports summary statistics on designs’ similarity to previously entered designs (both own and competing). Pairwise similarity scores are calculated as described in the text and available for all designs
whose digital image could be obtained (96% of entries; refer to the text for an explanation of missing images). The “best” preceding designs are those with the most positive feedback provided prior to the given design.

The website also provides formal guidance on the meaning
of each star rating, which generates consistency in their in-
terpretation and use across different sponsors and contests.

The designs themselves are available for 96% of submis-
sions in the sample, and table 3 characterizes the similarity
measures. For each design in the sample, we can compute its
maximal similarity to previous designs by the same player,
the highest-rated previous designs by the same player, and the
highest-rated previous designs by that player’s competitors
(all in the same contest). For every design batch, I calculate
the maximal similarity of any two designs in that batch.

The table shows that new entries are on average more simi-
lar to that player’s own designs than her competitors’ designs
and that designs in the same batch tend to be more similar to
each other than to previous designs by even the same player.
But these averages mask more important patterns at the ex-
tremes. At the upper decile, designs can be very similar to
previous work by the same player (=0.75 under the percep-
tual hash algorithm) or to other designs in the same batch
(0.91), but even the designs most similar to competing work
are not all that similar (0.27). At the lower end, designs can
be original by all of these measures.

Are ratings meaningful ? Evidence from the empirical success
function. A simple cross-tabulation of ratings suggests that
they are meaningful. In roughly two-thirds of contests, the
winning design also had the highest rating in that contest
(appendix table C3). But the relative value of each rating
can be obtained by estimating an empirical success function,
using the win-lose outcomes of each design in a large sample
of contests from this platform, which I borrow from Gross
(2017).'? Recall from section II that a design’s latent value
is a function of its rating and an i.i.d. type 1 E.V. error. In the
data, there are five possible ratings, such that this latent value
can be flexibly specified with fixed effects for each rating
and the success function estimated as a conditional logit. To
formalize, let R;j; denote the rating on design i by player j

12Estimating the success function requires a larger sample of winners, and
thus contests, than are in the primary sample of this paper. As appendix C
shows, the sample in Gross (2017) contains more than 4,000 contests, is
empirically comparable, and includes all of the same variables except for
the images themselves—sufficient for the exercise.

in contest k, and (in a slight abuse of notation) let R;jx = ¢
when design ijk is unrated. The value of each design, v;ji,
can be written as

Vijk = Yol (Rijk = D) + vil(Rijk = 1)
+- o+ ysI(Rijk = 5) + &ijk = Vijk + €ijk-

The details of the estimation are provided in appendix C,
but here we can summarize the results, which will be used
in later analysis. The fixed effects are monotonically increas-
ing in the rating and precisely estimated. Only a five-star
design is on average preferred to the outside option. To pro-
duce the same increase in a player’s estimated win probabil-
ity as generated by a five-star design, a player would need
12 four-star designs, 137 three-star designs, or nearly 2,000
one-star designs. The magnitudes of these differences imply
that for players with a top rating, competitive pressure pri-
marily comes from other top-rated designs. As a measure of
fit, the odds-on favorite wins almost half of all contests in the
sample. With knowledge of the distribution of competitors’
ratings, which is observable in practice, players can thus in-
voke a simple heuristic model similar to the one estimated
here in their decision making.

B.  Empirical Methods and Identification

I exploit variation in the level and timing of ratings to es-
timate the effects of feedback and competition on players’
creative choices. With time stamps on all activity, I can de-
termine exactly what a player knows at each point in time
about his or her own and about competitors’ performance
and identify the effects of performance differences known to
players at the time of design. Identification is thus achieved
by harnessing variation in the information players possess
about the state of the competition.

Concretely, the analysis compares the actions of players
who have received the top rating or know they face top-rated
competition against those who do not—whether it is because
no prior designs will be given the top rating or because these
ratings have simply not yet been administered. The identify-
ing assumption is that there are no omitted factors correlated
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CREATIVITY UNDER FIRE 591

with observed feedback that also affect choices. This assump-
tion is supported by two pieces of evidence. First, the arrival
of ratings is unpredictable, such that the set of ratings ob-
served at any point in time is effectively random: sponsors
are erratic, and it is difficult to know exactly when or how
often a sponsor will log onto the site to rate new entries, much
less whether or when they will rate any single design. More
important, players’ choices are uncorrelated with ratings that
were unobserved at the time, including forthcoming ratings
and ratings on specific competing submissions.'?

To establish that feedback provision is unpredictable, I ex-
plore the relationship between feedback lags and ratings. In
concept, sponsors may be quicker to rate the designs they
like the most, to keep these players engaged and improving
their work, in which case players might be able to infer their
eventual ratings from the time elapsed without any feedback.
Empirical assessment of this question (appendix D) confirms
that this is not the case: whether measured in hours or as a
percent of the total contest duration, the lag between when
a design is entered and rated is unrelated to its rating. The
probability that a rated design was rated before versus after
the contest ends is similarly idiosyncratic.

Evidence that choices are uncorrelated with unobserved or
not-yet-observed ratings is presented in section I'V. Following
the discussion of the focal results, I show that the relationship
between the similarity measures and forthcoming ratings is
indistinguishable from 0. In unreported tests, I also examine
players’ tendency to imitate highly rated competing designs
and find no such patterns, likely because they simply do not
know which designs are highly rated (and thus which ones to
imitate). These collective results suggest that players respond
only to ratings observed at the time of design.

Finally, a distinct threat to identification arises if ratings
are accompanied by written feedback, and these comments
provide explicit instruction that generates the patterns found
in this paper. Appendix D evaluates this possibility in de-
tail, using a newly drawn sample of contests in which writ-
ten comments were made visible to the public, seemingly
by error. Within this sample, sponsors provided written com-
ments to fewer than 8% of submissions, though the frequency
is significantly higher for highly rated submissions than for
poorly rated ones. These comments take a range of flavors,
with many echoing the rating given, but some make a more
explicit request or suggest content changes. Because the lat-
ter present the risk of confounding the results of this paper, |
hired individuals to read every comment in this sample and
determine whether the sponsor suggested specific changes.
Using this measure, I find that instructive comments are rare,
not disproportionately provided to five-star designs relative
to three- or four-star designs, and, most important, not related
to the presence of high-rated competition, such that they can-

BThough this setting may seem like a natural opportunity for a controlled
experiment, the variation of interest is in the five-star ratings, which are suf-
ficiently rare that a controlled intervention would require either unrealistic
manipulation or an infeasibly large sample. I therefore exploit naturally
occurring variation for this study.

not be responsible for differences in behavior that will be
found in the analysis below.

Interpretation: Feedback versus market structure. Al-
though the phenomenological focus of the paper is on the
effects of market structure on creativity, the identifying varia-
tion is generated by feedback, raising the question of whether
the empirical results should be attributed to “feedback” or to
“market structure”—though the distinction is blurred by the
fact that in this setting, feedback is information about mar-
ket structure. To orient this question, it is helpful to observe
that feedback can affect choices through two channels in this
setting. The rating on a given design will (a) help that player
understand whether it is good or bad, and thereby project how
her next design might be rated if she enters something similar
toit versus different. But that rating, together with knowledge
of the ratings given to competitors, will also (b) inform her
whether her probability of winning is high or low—and if
the player’s objective is to win, this probability is fundamen-
tally what will be driving behavior in these contests, as in
the model in section II. In the following sections, I therefore
refer to the effect of a player’s own ratings as an effect of
feedback or (for example) of a high rating, and to the effect
of competitors’ ratings as an effect of high-rated competition,
with the primary focus being the latter.

IV. Competition and Creativity

Figure 2 provides a first-cut, visual preview of this section’s
results. The figure shows the distribution of designs’ maxi-
mal similarity to previous submissions by the same player,
conditioning on that player’s best rating and whether top-
rated competition was present at the time. Recall that low
similarity scores indicate that the submission is substantively
original, while high scores indicate that it is a variant on a
prior entry. Submissions from players with high ratings are
significantly more similar to their prior work, with the effects
largest for those with a five-star rating (bottom-right panel).
However, these very same players are more likely to enter
original designs when facing top-rated competition than in
its absence.

The richness of the field setting makes it possible to eval-
uate whether competition affects high-performing players’
tendency to enter more original work in a variety of ways.
The estimating equation in this part of the paper is as fol-
lows, with variants estimated throughout this section and in
the appendix:

5

Similarity,; ; = o + ZBr x I(Rijx =)

r=2

+ Bse X L(Rijx = 5) x L(R_;jx = 5)
+ Bsp X ]I(Rijk =5)x P,

+Be x LR_;jx =5)+ B, x P

+ Tijph + Xijnb + & + @ + &iji,
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FIGURE 2.—DISTRIBUTION OF NEW SUBMISSIONS” SIMILARITY TO OWN PRIOR SUBMISSIONS
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The figure shows the distribution of designs’ similarity to prior entries, conditional on the player’s highest rating and the presence of top-rated competition. Each observation is a design, and the plotted variable is that
design’s maximal similarity to any previous submission by the same player in the same contest, taking values in [0,1], where a value of 1 indicates the design is identical to one of the player’s earlier submissions.

where i indexes designs by player j in contest k. Similarity; ;
represents the maximal similarity of design i jk to the highest-
rated preceding designs by player j in contest k; R, is the
highest rating received by player j in contest k prior to de-
sign ijk; R_; is the highest rating received by player j’s
competitors prior to design ijk; Py is the prize in contest k

(in $100s); T;j is the fraction of the contest elapsed when
design ijk is entered; X; x consists of other design-level con-
trols, including counts of previous designs by the same player
and by competitors, and the number of days remaining in the
contest; and ¢ and ¢; are contest and player fixed effects.
Specifications without contest fixed effects include P, as a
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CREATIVITY UNDER FIRE 593
TABLE 4.—SIMILARITY TO PLAYER’S BEST PREVIOUSLY RATED DESIGNS
(1 (@) 3 ) ()
Player’s prior best rating== 0.440™" 0.459™" 0.260™" 0357 0.362""
(0.102) (0.092) (0.097) (0.097) (0.102)
x 1+ competing 5-stars —0.197"" —0.245"" —0.158"" —0.206"" —0.208""
(0.073) (0.063) (0.061) (0.070) (0.071)
x prize value ($100s) —0.025 —0.015 0.005 —-0.014 —0.018
(0.025) (0.023) (0.032) (0.031) (0.033)
Player’s prior best rating== 0.165™" 0.160™" 0.128"* 0.121™" 0.116™"
(0.024) (0.022) (0.030) (0.031) (0.032)
Player’s prior best rating==3 0.079"* 0.077™" 0.068" 0.060™" 0.056%*
(0.018) (0.018) (0.028) (0.028) (0.028)
Player’s prior best rating==2 0.044™ 0.044™ 0.023 0.026 0.024
(0.021) (0.022) (0.029) (0.030) (0.030)
One or more competing 5-stars —0.020 0.009 —0.003 0.004 0.001
(0.018) (0.020) (0.022) (0.023) (0.024)
Prize value ($100s) —0.014" —0.010
(0.007) (0.010)
% of contest elapsed —0.030 —0.060" —0.010 —0.018 —0.103
(0.034) (0.032) (0.030) (0.034) (0.084)
Constant 0.238"" 0.207" 0.235™* 0.232"" 0.303"*
(0.039) (0.023) (0.044) (0.061) (0.093)
N 3,871 3,871 3,871 3,871 3,871
R? 0.07 0.20 0.48 0.53 0.53
Contest FEs No Yes No Yes Yes
Player FEs No No Yes Yes Yes
Other controls No No No No Yes

Observations are designs. The dependent variable is a continuous measure of a design’s similarity to the highest-rated preceding entry by the same player, taking values in [0,1], where a value of 1 indicates the
design is identical to another. Column 5 controls for the number of days remaining and the number of previous designs entered by the player and her competitors. Similarity scores in this table are calculated using a
perceptual hash algorithm. Preceding designs/ratings are defined to be those entered/provided at least sixty minutes prior to the given design. Significant at *0.1, **0.05, ***0.01. Standard errors clustered by player in

parentheses.

stand-alone explanatory variable to identify the interaction.
Standard errors throughout are clustered by player to account
for any within-player correlation in the error term, though the
results are robust to (and more conservative than) clustering
by contest player or by contest.

A.  Similarity of New Designs to a Player’s Previous Designs

I begin by examining players’ tendency to enter novel ver-
sus derivative designs. Table 4 provides estimates from re-
gressions of the maximal similarity of each design to the
highest-rated preceding designs by the same player on in-
dicators for the highest rating received. Column 1 presents
a baseline with no fixed effects or other controls. Columns
2 and 3 add fixed effects for contests and players, respec-
tively, and column 4 includes both. Column 5 additionally
controls for the number of days remaining in the contest and
the number of prior submissions by the same player, as well
as competing players.

Similar patterns are observed across all specifications. In
the regression with both fixed effects and controls (column
5), we see that players with the top rating enter designs that
are 0.36 points, or over 1 full standard deviation, more sim-
ilar to their previous work than players who have only low
ratings or no ratings. Roughly half of this effect is reversed by
the presence of top-rated competition, with this counteract-
ing effect significant at the 1% level. When a player’s highest
rating is four stars, her new designs are on average around
0.1 point more similar to previous work. This effect further

attenuates as the best observed rating declines until it is indis-
tinguishable from O at a best rating of two stars, with all such
differences statistically significant. High-rated competition is
not observed to have an effect on similarity for these lower
performers, who are already unlikely to reuse their low-rated
submissions.

The latter regressions in table 4 use contest and player fixed
effects to control for other factors that are either common to
all players within a contest or across all contests for a given
player, but they do not control for factors that are constant
for a given player within specific contests, as doing so leaves
too little variation to identify the focal effects. Such factors
could nevertheless be confounding, such as if players who
continue participating in different competitive conditions are
systematically more or less likely to enter similar designs in
that contest. The estimates in the previous tables additionally
mask potential heterogeneity in players’ reactions to compet-
itive conditions over the course of a contest.

Table 5 addresses these concerns with a model in first dif-
ferences. The dependent variable here is the change in de-
signs’ similarity to the player’s best previously rated work.
This variable can take values in [—1, 1], where a value of 0
indicates that the given design is as similar to the player’s
best preceding design as was the last one she entered, and
a value of 1 indicates that the player transitioned fully from
innovating to recycling and a value of —1, the converse. The
independent variables are changes in indicators for the high-
est rating the player has received, interacting the indicator
for the top rating with the prize and the presence of top-rated
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TABLE 5.—CHANGE IN SIMILARITY TO PLAYER’S BEST PREVIOUSLY RATED DESIGNS

ey (@) 3 ) ()
A(Player’s best rating==5) 0.861"" 0.878"" 0.928"" 0.914" 0.924™"
(0.162) (0.170) (0.203) (0.205) (0.205)
x 1+ competing 5-stars —0.417"" —0.412"" —0.418"™" —0.427" —0.429™"
(0.118) (0.125) (0.144) (0.152) (0.152)
x prize value ($100s) —0.092"" —0.094™" —0.115™ —0.107" —0.110%*
(0.039) (0.039) (0.049) (0.047) (0.048)
A(Player’s best rating==4) 0.275"* 0.282""" 0.267"" 0.276"" 0.279"*
(0.062) (0.065) (0.073) (0.079) (0.079)
A(Player’s best rating==3) 0.143" 0.151°" 0.134™ 0.137" 0.138%*
(0.055) (0.058) (0.065) (0.069) (0.069)
A(Player’s best rating==2) 0.079" 0.082" 0.063 0.059 0.059
(0.043) (0.046) (0.053) (0.056) (0.057)
One or more competing 5-stars —0.003 —0.003 —0.003 0.004 0.003
(0.007) (0.015) (0.014) (0.025) (0.026)
Prize value ($100s) 0.003 0.003
(0.002) (0.008)
% of contest elapsed 0.015 0.009 0.017 0.004 —0.048
(0.012) (0.018) (0.024) (0.030) (0.074)
Constant —0.029™* -0.017" —0.031 0.063 0.105
(0.010) (0.010) (0.029) (0.093) (0.108)
N 2,694 2,694 2,694 2,694 2,694
R? 0.03 0.05 0.11 0.14 0.14
Contest FEs No Yes No Yes Yes
Player FEs No No Yes Yes Yes
Other controls No No No No Yes
Observations are designs. The dependent variable is a continuous measure of the change in designs’ similarity to the highest-rated preceding entry by the same player, taking values in [—1,1], where a value of 0

indicates that the player’s current design is as similar to her best preceding design as was her previous design, and a value of 1 indicates that the player transitioned fully from innovating to recycling (and a value of
—1, the converse). Column 5 controls for the number of days remaining and number of previous designs entered by the player and her competitors. Similarity scores in this table are calculated using a perceptual hash
algorithm. Preceding designs/ratings are defined to be those entered/provided at least sixty minutes prior to the given design. Significant at *0.1, **0.03, ***0.01. Standard errors clustered by player in parentheses.

competition. I estimate this model with the same configura-
tions of contest fixed effects, player fixed effects, and controls
to account for other potential reasons why players’ propensity
for similarity changes over time.

The results provide even stronger evidence of how compe-
tition affects creative choices and are statistically and quanti-
tatively similar across specifications. A player who receives
her first five-star rating will typically then enter a near replica:
the similarity increases by 0.9 point, or over 3 standard devi-
ations, relative to players with low ratings. Top-rated compe-
tition again reverses roughly half of this effect, with the dif-
ference significant at the 1% level. Given their magnitudes,
these effects will be plainly visible to the naked eye (figure 1
in section III gives an example of what they would look like
in practice). The effects of a new best rating of four, three, or
two stars attenuate monotonically, similar to earlier results,
and high-rated competition is not seen to have an effect on
low performers.'4

The appendix provides robustness checks and supplemen-
tary analysis. In appendix E, I show that similar patterns exist
for experimentation within submission batches, and that they

“Interestingly, these regressions also find that new recipients of a top
rating can be induced to explore new designs by larger prizes. The theory
suggests a possible explanation: large prizes moderate the influence of costs
in players’ decision making. If original designs are more costly (take more
time or effort) than tweaks, they may be more worthwhile when the prize
is large. This is particularly the case for players with highly rated work in
the contest.

also arise for four-on-four competition (players with four-
star ratings and four-star competition) when no five-star rat-
ings have been granted. Appendix E also examines the orig-
inality of players’ initial submissions in a contest (measured
against previous submissions by others in that contest, the
same player in other contests, or everyone in all prior con-
tests), which are mechanically excluded by the focal mea-
sure (which compares designs against prior submissions by
the same player in the same contest) and finds no correla-
tion with competition at the time of the initial submission,
reinforcing that the effects documented in the tables above
are specific to a player’s portfolio of work within the given
contest.

To confirm that these patterns are not an artifact of the
perceptual hash algorithm, appendix F reestimates the re-
gressions in the preceding tables using the difference hash
algorithm to calculate similarity scores. The results are both
statistically and quantitatively similar. In appendix G, I split
out the effects of competition by the number of top-rated
competing designs, finding no statistical differences between
the effects of one versus more than one: all of the effects of
competition are achieved by one high-quality competitor.

This latter result is especially important for ruling out an
information-based story. In particular, the presence of other
five-star ratings might indicate that the sponsor has diverse
preferences and that unique designs have a higher likelihood
of being well received than one might otherwise believe. If
this were the case, then similarity should continue to decline
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TABLE 6.—SIMILARITY TO PLAYER’S BEST NOT-YET-RATED DESIGNS (PLACEBO TEST)

Similarity to forthcoming Residual
) 2 3 “
Player’s best forthcoming rating==>5 0.007 —0.084 —0.105 —0.113
(0.169) (0.136) (0.151) (0.122)
x 14 competing 5-stars —0.094 0.032 0.027 0.035
(0.099) (0.056) (0.066) (0.062)
x prize value ($100s) —0.003 0.015 0.021 0.018
(0.031) (0.025) (0.027) (0.025)
Player’s best forthcoming rating==4 0.039 0.051 0.049 0.034
(0.066) (0.096) (0.094) (0.095)
Player’s best forthcoming rating== 0.080 0.049 0.051 0.036
(0.052) (0.088) (0.088) (0.088)
Player’s best forthcoming rating== 0.030 —-0.010 —0.007 —-0.014
(0.049) (0.093) (0.094) (0.095)
One or more competing 5-stars —0.080 —-0.013 —-0.010 —-0.013
(0.097) (0.110) (0.117) (0.119)
% of contest elapsed 0.016 —0.502 —0.466 —0.468
(0.242) (0.478) (0.462) (0.497)
Constant 0.217 0.556 0.569 0.398
(0.212) (0.560) (0.543) (0.581)
N 1,147 5717 577 571
R? 0.68 0.83 0.83 0.67
Contest FEs Yes Yes Yes Yes
Player FEs Yes Yes Yes Yes
Other controls Yes Yes Yes Yes

The table provides a placebo test of the effects of future feedback on similarity. Observations are designs. The dependent variable in columns 1 to 3 is a continuous measure of a design’s similarity to the best design
that the player has previously entered that has yet to but will eventually be rated, taking values in [0,1] where a value of 1 indicates that the two designs are identical. Under the identifying assumption that future
feedback is unpredictable, current choices should be unrelated to forthcoming ratings. Note that a given design’s similarity to an earlier, unrated design can be incidental if they are both tweaks on a rated third design.
To account for this possibility, column 2 controls for the given and unrated designs’ similarity to the best previously rated design. Column 3 allows these controls to vary with the highest rating previously received.
The dependent variable in column 4 is the residual from a regression of the dependent variable in the previous columns on these controls. These residuals will be the subset of a given design’s similarity to the unrated
design that is not explained by a jointly occurring similarity to a third design. All columns control for days remaining and number of previous designs by the player and her competitors. Similarity scores in this table
are calculated using a perceptual hash algorithm. Preceding designs/ratings are defined to be those entered/provided at least sixty minutes prior to the given design. Significant at *0.1, **0.05, ***0.01. Standard errors

clustered by player in parentheses.

as five-star competitors are revealed. That this is not the case
suggests that the effect is in fact the result of variation in
incentives from competition.

In unreported tests, I also look for effects of five-star com-
petition on players with only four-star designs and find atten-
uated effects that are negative but not significantly different
from 0. I also explore the effects of prize commitment, since
the sponsor’s outside option of not awarding the prize is itself
a competing alternative. The effect of prize commitment is
not statistically different from 0. I similarly test for effects of
four-star competition on players with five-star designs, find-
ing none. These results reinforce the earlier evidence that
competition effectively comes from other designs with the
top rating. '3

B.  Placebo Test: Similarity to a Player’s
Not-Yet-Rated Designs

The identifying assumptions require that players are not
acting on information that correlates with feedback but is
unobserved in the data. As a simple validation exercise, the
regressions in table 6 perform a placebo test of whether simi-

5Tn additional unreported results, T also reestimate table 4 for players
who entered the contest when the highest competing rating was four stars
or higher versus three stars or lower, to see whether selection into the contest
on the intensity of competition might explain the results. I find similar effects
for both groups.

larity is related to impending feedback. If an omitted determi-
nant of creative choices is correlated with ratings and biasing
the results, then it would appear as if similarity responds to
forthcoming ratings. If the identifying assumptions hold, we
should see only Os.

The specification in column 1 regresses a design’s maximal
similarity to the player’s best designs that have not yet been
but will eventually be rated on indicators for the ratings they
later receive. I find no evidence that the similarity of designs
is related to forthcoming ratings. Because a given design’s
similarity to a not-yet-rated design can be incidental if both
are tweaks on a third design, column 2 controls for similarity
to the best already-rated design. Column 3 allows this control
to vary with this existing rating. As a final check, I isolate the
similarity to the not-yet-rated design that cannot be explained
by similarity to the third design in the form of a residual, and
in column 4, [ regress these residuals on the same independent
variables. In all cases, I find no evidence that players tweak
designs with higher forthcoming ratings. Choices are only
correlated with ratings observed in advance.

V. Effects on Participation

The analysis thus far conditions on continued participation:
the unit of observation is a submission, and the outcome is
its similarity to previous submissions. However, players can
also stop making submissions if they perceive the returns to
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FIGURE 3.—PROBABILITY OF TWEAKS, ORIGINAL DESIGNS, AND ABANDONMENT AS A FUNCTION OF PR(WIN)
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The figure plots the probability that a player does one of the following on (and after) a given submission, as a function of his or her contemporaneous win probability: tweaks and then enters more designs (panel A),
experiments and then enters more designs (panel B), or stops investing in the contest (panel C). These probabilities are estimated as described in the text, and the bars around each point provide the associated 95%

confidence interval.

effort to be low. This outside option is present in many real-
world competitive settings, and it distinguishes the setting of
this paper from much of the existing literature on creativity,
innovation, and high-powered incentives, where agents are
effectively locked in to participating.

To incorporate the outside option into the empirics, I dis-
cretize outcomes and model each submission as a choice
among three options: (a) entering a tweak and remaining ac-
tive (“tweak”), (b) entering an original design and remaining
active (“original”), or (c) entering any design and refraining
from further submissions (“‘abandon”). Although the precise
moment that a player decides to stop investing effort is not
observable, we can use inactivity as a proxy. The unit of ob-
servation thus remains an individual submission, but I now
categorize designs as original or as a tweak on the basis of
discrete cutoffs for similarity scores, and I identify designs
that are its creator’s final submission into each contest.'®

The multinomial choice framework is necessary because
the trade-offs between three unordered options (tweak, orig-
inal, or abandon) cannot be evaluated in a linear model. For
this exercise, I classify a design as a tweak if its similarity
to any earlier design by the same player is 0.7 or higher and
original if its maximal similarity to previous designs by that
player is 0.3 or lower.!” Designs with intermediate similarity
scores are omitted from the exercise, as the player’s inten-
tions are ambiguous in the intermediate range. Each action
a in this choice set is assumed to have latent utility Ui for

16Note that this measure cannot distinguish a player who stops compet-
ing immediately after her final submission from one who waits for more
information but later stops competing without additional entries. Because
the end result is the same, the distinction is not critical for the purposes of
this paper, as both behaviors will be influenced by information available at
the time of the final submission. Anecdotally, according to some designers
on this platform, it is often the case that players enter their final design
knowing it is their final design and do not look back.

17Because the distribution of similarity scores is continuous in the data,
there is not an obvious cutoff for defining tweaks and original designs. The
results that follow are robust to alternatives such as 0.6/0.4 or 0.8/0.2.

submission i by player j in contest k. I model this latent util-
ity as a function of the player’s contemporaneous probability
of winning (computed using the conditional logit estimates
described in section II), the fraction of the contest transpired,
the number of days remaining, and a logit error term:

u?jk =a% + Ba X PI'(WiI’l)ijk =+ Ejk)\a + D,-jke" =+ S?jk’

where Pr(Win), ;, is the player’s projected probability of win-
ning at the time submission ijk is made, 7;j is fraction of
the contest elapsed, D;j is the number of days remaining
in the contest, and &, is distributed i.i.d. type 1 E.V. Con-
trolling for the fraction of the contest transpired and number
of days remaining is especially important here, as abandon-
ment is mechanically more likely to be observed later in a
contest.

I estimate the parameters by maximum likelihood using
observed behavior. I then use the results to compute the prob-
ability that a player takes each of the three actions near the
end of a contest as her chances of winning vary from 1 to
0. These probabilities are shown in figure 3. Panel A plots
the probability that the player tweaks, panel B that she enters
an original design, and panel C that she does either but then
quits. The bars around each point span the associated 95%
confidence intervals.

The probability that a player tweaks and remains active
(panel A) peaks at 70% when she is a strong favorite and
declines monotonically to 0 with her odds of winning. The
probability that the player produces an original design (panel
B) follows a distinct and highly significant inverted-U pat-
tern, peaking at approximately a one-half odds of winning.
Finally, the probability that she abandons (panel C) increases
from O to around 80% as her odds of winning fall to 0. More
flexible specifications, including higher-order polynomials in
win probability, yield similar patterns, as does a model where
competition is specified by the number of five-star competing
designs (appendix figure E1).
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CREATIVITY UNDER FIRE 597

The evidence above is an important reminder that play-
ers may stop submitting designs when competition grows
severe. Taken together, the evidence reveals that incentives
for creativity are greatest with balanced competition: too lit-
tle, and high performers lack incentive to develop new ideas;
too much, and agents stop investing effort altogether. As ap-
pendix E shows, in the data, it appears that creative effort is
most attractive to high-rated players when faced off against
exactly one high-rated competitor.

VI. Mechanisms: Creativity and Risk

Why do these players respond to competition by entering
more original work? In conversations with creative profes-
sionals, including the panelists hired for the exercise, several
claimed that competition requires them to “be bold” or “bring
the ‘wow’ factor” and that it induces them to take on more
creative risk. The key assumption of this interpretation is that
creativity is both riskier and higher reward than incremental
changes, but whether this is true is fundamentally an empir-
ical question.

A natural approach to answering this question might be
to look at the distribution of sponsors’ ratings on original
designs versus tweaks, conditioning on the rating of the
tweaked design (for tweaks) or the player’s highest prior rat-
ing (for originals). Original designs after a low rating are on
average higher rated than tweaks to designs with low ratings,
but original designs after a high rating are on average lower
rated than tweaks of top-rated designs, raising the question
of why a player would deviate from her top-rated work.

The problem with this approach is that ratings are censored:
it is impossible to observe improvements above the five-star
rating. With this top code, original designs will necessarily
appear to underperform tweaks of five-star designs, as the
sponsor’s rating can only go down. The data are thus inade-
quate for the exercise. To get around the top code, I hired a
panel of five professional graphic designers to independently
assess on an extended scale all 316 designs in my sample
that were rated five stars by contest sponsors, and I use the
panelists’ ratings to evaluate whether creativity is in fact a
high-risk, high-return activity by comparing the distribution
of panelist ratings on tweaks and original designs within this
subsample.

The ratings exercise and results are presented in appendix
H, and here I summarize the results. The mean, median, and
maximum panelist rating on original designs is on average
higher than that on tweaks, with differences on the order of
half of a standard deviation and significant at the 1% level.
But the level of disagreement (standard deviation) among
them is significantly higher as well. This evidence reinforces
a possible link between creativity and risk taking suggested
by research in other fields, such as social psychology and
neuroscience (Dewett, 2006, who finds that a willingness to
take risks is positively associated with employees’ creativity
in the workplace, and Limb & Braun, 2008, who show with
fMRI data that jazz pianists’ prefrontal cortex—the part of

the brain responsible for planning, decision making, and self-
regulation—deactivates during improvisation).

VII. Implications and Conclusion

Within this sample of commercial logo design competi-
tions, I thus find that high-powered incentives have nuanced,
multifaceted effects on individuals’ creative output: some
competition is needed to motivate high performers to develop
original, untested ideas over tweaking their earlier work, but
heavy competition drives them to stop investing altogether.
When the two effects are considered in tandem, the evidence
indicates that the likelihood that an agent produces original
work is greatest with one competitor of similar ability. The
results can be rationalized by a model in which creativity is in-
herently risky, such that creative effort involves a choice over
risk. As such, the paper ties together literatures in the social
psychology of creativity and the economics of tournament
competition and provides new evidence on how competi-
tion shapes the intensity and direction of individuals’ creative
production.

The results have direct implications for the use of incen-
tives as a tool for promoting creativity. The foremost lesson
is that competition can motivate creativity in professional
settings, provided it is balanced. In designing contracts for
creative workers, managers ought to consider incentives for
high-quality work relative to that of peers or colleagues, in ad-
dition to the more traditional strategy of establishing a work
environment with intrinsic motivators such as freedom, flex-
ibility, and challenge. Note that the reward need not be pecu-
niary; the same intuition applies when workers value recog-
nition or status.

In practice, this “Goldilocks” level of competition may be
difficult to achieve, let alone determine, and finding it would
likely require experimentation with the mechanism itself by a
principal in another setting. In this paper, the presence of one
high-quality competitor was found to be sufficient to induce
another high-quality player to produce original designs. A
natural conjecture for other settings may be that a few com-
petitors (or perhaps even one) of similar ability are enough to
elicit creativity, while the presence of many such competitors
would be more harmful than helpful for motivating creative
output—although the precise thresholds may also depend on
other features of the setting, such as the prize distribution.

The results are also relevant to innovation procurement
practices, particularly as governments, private foundations,
and firms increasingly contract for R&D through prizes and
institutionalize prize competition.'® Yet the applications are
more general than R&D prizes alone. As previous discussion

8For example, the U.S. federal government now operates a platform
(Challenge.gov) where agencies can seek solutions to both technical and
nontechnical problems from the public, with hundreds of active competi-
tions and prizes ranging from status only (nonpecuniary) to tens of million
dollars. Similar platforms (e.g., Innocentive) are available to organizations
outside the public sector. See Williams (2012) for a review of the literature
on R&D prizes.
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explains, the mechanism in this paper is fundamentally an
RFP, a standard contracting device that firms and government
agencies use to solicit designs or prototypes of new products,
systems, and technologies, with a prize or production contract
awarded to the preferred submission. These competitions of-
ten take place over multiple rounds, with performance scored
between, much like the contests studied here.

Caution is nonetheless warranted in drawing external in-
ference to other procurement settings, as the product being
procured in this paper (a logo) is relatively simple, and pro-
posals are heavily tailored to each client. Another potential
challenge to external validity is the absence of objective eval-
uation criteria: the ratings and winner selection are inherently
atthe sponsor’s subjective discretion. Yetin many RFPs, eval-
uation criteria similarly leave room for subjective judgments
or are otherwise opaque to participants. More important, the
defining feature of the R&D problem is not the ambiguity of
the evaluation criteria, but rather the uncertainty around how
any given product design will perform until it is tested and
its performance is revealed. This uncertainty is present in all
competitive R&D settings.

The final contribution is more methodological in its nature:
this paper introduces new tools for measuring innovation in
terms of its content. Whereas most recent attempts at content-
based analysis of innovation have focused on textual analy-
sis of patents, this paper demonstrates that even unpatentable
ideas can be quantified, and it exploits a data-rich setting to
study how ideas are developed and refined in response to
competition. Many other questions about individual creativ-
ity and the process of innovation remain open, and this paper
provides an example of how this agenda can be pursued.
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