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Abstract

Organizations are increasingly outsourcing tasks once performed in-house to wider participants on the Internet by hosting online contests. In practice, two types of mechanisms
are used to organize these contests: simultaneous (blind) and sequential (open). In a simultaneous contest, contestants submit their solutions independently without access to one
another’s submissions, while in a sequential contest, contestants submit their solutions sequentially and each can view all prior submissions before making their decisions. Most
prior theoretical and experimental research has focused on simultaneous contests, with
only a handful that have studied sequential ones. In this paper, under the condition of
incomplete information, we analytically show that simultaneous contests produce higher
quality best solutions than sequential contests. Using a laboratory experiment, we test this
theoretical prediction as well as the prediction that simultaneous contests are more efficient
than sequential contests. Our data support both predictions. We also discover that as the
number of contestants increases, the efficiency of sequential contests drops significantly,
further reducing their performance relative to simultaneous contests.
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1 Introduction
As more offline activities increasingly move online, in recent years, it has become popular
for both for-profit and non-profit organizations to turn to crowdsourcing — outsourcing
tasks once performed internally to an unknown crowd on the Internet (Howe, 2009) — to
seek solutions for product innovation (e.g., Ideastorm.com), graphic design (e.g., Crowdspring.com), as well as to perform routine tasks such as translation and programming (e.g.,
Taskcn.com). Consequently, online platforms that facilitate such activities have emerged
as a rapidly growing industry. In 2011, 14 major crowdsourcing firms earned $50 million
in total, which was a 74% increase from 2010, and 53% from a year earlier (Silverman,
2012).
Many crowdsourcing activities are organized as contests. A contest holder announces a
problem, e.g., design a logo or translate a document, and specifies one or multiple monetary
awards for the top contestants. During the contest, any participant can make one or more
effortful submissions. On some platforms, such as Taskcn.com, a leading crowdsourcing
contest site in China (Liu et al., 2014), contests are open — all submissions are publicly
displayed by default
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— and on some other sites, such as InnoCentive.com, a popular

science and engineering contest platform (Jeppesen and Lakhani, 2010), contests have been
implemented as blind — all submissions are hidden except from the contest holder. On yet
another platform, 99designs.com, contest holders get to choose whether they want their
contests to be open or blind (Wooten and Ulrich, 2013). And in practice, most contest
holders choose open: out of the first 100 reverse-chronologically listed logo-design contests
1
Intellectual property concerns naturally arise in open contests. To mitigate such concerns, popular crowdsourcing sites, such as 99designs.com and Logomyway.com, implement easy-to-use web interfaces for reporting and dealing with plagiarism (Bockstedt et al., 2014). Further, empirical evidence has shown that in open
innovation, actual concerns of plagiarism seem much lower than expected and are outweighed by the benefits gained from open communication (Harhoff et al., 2003; von Hippel, 2005). In fact, in open logo design
contests on Logomyway.com, participants who make their first submissions earlier, in spite of higher risks of
intellectual property loss, are more likely to win (Bockstedt et al., 2014).
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on Sept 3, 2013, only six were blind and the remaining 94 contests were all open.2
Although open and blind contests co-exist in practice, little research exists to guide the
choice between these two mechanisms. Even though some platforms, such as 99designs,
recommend blind contests over open contests for attracting higher quality solutions,3 few
systematic evaluations of these two mechanisms exist to substantiate such claims, except
for three recent experimental studies (Boudreau and Lakhani, 2014; Liu, 2013; Wooten and
Ulrich, 2013, more on these studies later).
Little analytical work has generated theoretical predictions for the two mechanisms’
relative performances. This is in part due to a highly imbalanced focus in academic research
on contests. Blind contests — corresponding to simultaneous contests in the game theory
literature — have been the focus of the majority of the prior studies, while only a handful
have studied open contests — corresponding to sequential contests in game theory terms
— leaving many properties of open contests unexplored, let alone the relative performance
of the two mechanisms (see Dechenaux et al., 2012, for a review). Although many recent
empirical studies based on observational field data have explored various characteristics of
both simultaneous (e.g., Boudreau et al., 2011) and sequential contests (e.g., Bockstedt et
al., 2014) separately, again, none has compared the two mechanisms explicitly.
This study analytically as well as experimentally compares the relative performance of
simultaneous and sequential contests. We follow prior literature (Chawla et al., 2012; DiPalantino and Vojnovic, 2009; Terwiesch and Xu, 2008) to use all-pay auctions — auctions
in which all bidders pay their bids regardless of winning — to model crowdsourcing contests. This model is especially suited to crowdsourcing contests in which participants’ expertise plays a critical role in the quality of their submissions (Terwiesch and Xu, 2008). We
also keep in mind that in crowdsourcing, a contest holder profits primarily from the qual2

Observations were made at 10am PST on Sept 3, 2013 on this page: http://99designs.com/
logo-design/contests?show=open&page=1. Records are available from the authors upon request.
3
See https://99designs.com/help/contesttypes, retrieved on March 15, 2014.
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ity of the best solutions (Archak and Sundararajan, 2009; Chawla et al., 2012; Moldovanu
and Sela, 2006; Terwiesch and Xu, 2008) rather than from the sum of all solutions’s qualities, or bids, as would be the case for an all-pay auction in which the auctioneer keeps
all participants’ bids (e.g., Hillman and Riley, 1989; Krishna and Morgan, 1997; Minor,
2010; Moldovanu and Sela, 2001; Moldovanu et al., 2010). Therefore, we use the highest
quality generated from all submissions as our primary performance metric for evaluating
crowdsourcing contests.
We study the two types of contests under incomplete information. While the assumption of complete information suits situations such as R&D races, lobbying, and rent-seeking
(Taylor, 1995) in which competitors (i.e., firms) can be reasonably assumed to know something about one another, here, we believe web-based online crowdsourcing contests are best
modeled by a game with incomplete information (DiPalantino and Vojnovic, 2009), since
online participants usually have limited information about other participants’ private types
(i.e., ability).
Based on work by Segev and Sela (2012), who derive the Bayesian Nash equilibrium
bidding function of n-player sequential all-pay auctions under the assumption of asymmetric bidders (bidders with potentially different prior value distributions), in this paper, we
characterize the equilibrium behavior of symmetric participants in sequential contests and
derive the explicit solution for the expected highest quality obtained in sequential contests.
More importantly, we compare the expected highest quality generated by sequential and
simultaneous contests. We also conduct a laboratory experiment to compare these two
contests as well as to study the effect of increased contest sizes.
To the best of our knowledge, this is the first study to analytically compare simultaneous and sequential contests under incomplete information and to experimentally test the
theoretical predictions. Both our analytical and experimental results show a lopsided advantage of simultaneous contests over sequential contests. Simultaneous contests induce
4

higher quality best solutions and produce more efficient outcomes. Furthermore, while it
might be intuitive to expect sequential contests to waste less participant effort since contestants in these contests can coordinate their effort, using a special case, we show that
this is not necessarily true: simultaneous contests can be less wasteful than sequential contests. Indeed, our experimental data also support this result. Moreover, we discover that
as the number of contestants increases, efficiency decreases in sequential contests, further
deteriorating their performance relative to simultaneous contests.

2 Literature Review
Focusing on contests modeled as all-pay auctions, as mentioned earlier, our study treats
these contests as games of incomplete information. Therefore, unless otherwise noted, our
review of the literature focuses on studies that assume incomplete information, and refer
our reader to Dechenaux et al. (2012) and Konrad (2009) for comprehensive reviews of
the theoretical and experimental literature on contests and all-pay auctions with complete
information. Below, we start with studies focusing on simultaneous contests and all-pay
auctions and then discuss studies on sequential contests, followed by empirical findings
both in the laboratory and in the field.

2.1 Theoretical literature
Our model of simultaneous crowdsourcing contests closely follows the extant literature on
this topic, which has restricted its attention to symmetric Bayesian Nash equilibria (BNE).
That is, all bidders are assumed to share common prior beliefs about bidders’ type distribution 4 and those of the same type would bid the same amount. The choice of symmetric
4

There are a number of notable exceptions. For example, Amann and Leininger (1996), Parreiras and
Rubinchik (2010), Kirkegaard (2012), and Segev and Sela (2012; 2014a; 2014b) examine equilibrium behaviors in contests with ex ante asymmetric bidders (e.g., their private types follow different prior probability
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equilibria is due both to its simplicity and the fact that it is most plausible to arise in practice since in many situations the game is symmetric, offering little chance for bidders to
coordinate on an asymmetric equilibrium (Noussair and Silver, 2006). Assuming i.i.d. distributions of bidder types, Weber (1985) and Hillman and Riley (1989) derive a monotonic
(i.e., bids monotonically increase in bidders’ private values) symmetric equilibrium and
provide the explicit expressions for the equilibrium bidding strategies. The sufficient conditions for the existence of such a monotonic equilibrium are identified by Krishna and
Morgan (1997), who allow participants’ signals to be affiliated. They find that for the
equilibrium bidding strategies to be monotonic in bidder types, bidder types cannot be too
strongly affiliated. Certainly, i.i.d. bidder type distributions (as is the case in our study)
satisfy this condition. Further, Archak and Sundararajan (2009) establish the monotonicity of best responses in BNE and derive the unique symmetric BNE, while considering
potentially offering multiple prizes in a contest.
Beyond the simple model of all-pay auctions, a number of studies build models that
highlight various features of crowdsourcing contests. Terwiesch and Xu (2008), in particular, characterize the problem space of crowdsourced tasks and categorize them as expertisebased (where solvers’ expertise and effort determine the quality of their submissions),
ideation (where seekers’ taste is highly subjective), and trial-and-error (where the success
of a solution is highly uncertain) tasks. Our study falls under the expertise-based task case
since we assume participants’ ability and effort completely determine the quality of their
solutions. A typical example of such a task is a translation task for which contestants’
higher expertise and effort lead to higher quality with little noise and the best solution can
be unambiguously identified (Liu et al., 2014).
Equilibrium effort can increase or decrease with respect to n, the number of participants, depending on the interaction of two effects. On one hand, there is a “negative incendistributions).
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tive effect” previously suggested in analyses of contests with both complete information
(Che and Gale, 2003; Fullerton and McAfee, 1999; Taylor, 1995) and incomplete information (e.g., Archak and Sundararajan, 2009; Moldovanu and Sela, 2006; Terwiesch and Xu,
2008). That is, as n increases, one’s probability of winning decreases, leading her to make
a lower effort to avoid loss. On the other hand, there exists a “positive incentive effect” as
well (Archak and Sundararajan, 2009; Moldovanu and Sela, 2006). With a relatively small
n, high ability participants would indeed increase their equilibrium effort as n increases,
because these participants can take advantage of their low participation cost and would find
that with an increased n, their extra effort achieves higher “bang for the buck” by beating
more contestants.5 These two effects together shape the monotonicity of the equilibrium
effort function with respect to n, and which of these effects will dominate depends on the
particular distribution of participant abilities (Archak and Sundararajan, 2009; Moldovanu
and Sela, 2006). In particular, Moldovanu and Sela (2006) show that increasing n will have
a positive effect on high ability players but a negative effect on low ability players.
In addition to the positive and negative incentive effects, Terwiesch and Xu (2008) highlight a “parallel path” effect (Dahan and Mendelson, 2001), and argue that even though a
higher n could lead to a lower equilibrium effort in their model, a larger pool of participants can also lead to a higher chance of discovering talents. They identify conditions
about the ability distributions that can lead to a situation in which the parallel path effect
dominates the negative incentive effect, thereby leading to a higher quality best solution.
In general, the expected highest quality is not monotonic in n (Archak and Sundararajan,
2009; Moldovanu and Sela, 2006) but asymptotically, it converges to 1/2 in single-winner
contests (Archak and Sundararajan, 2009; Chawla et al., 2012; Moldovanu and Sela, 2006).
5

The positive incentive effect does not exist in Terwiesch and Xu’s (2008) model, because the marginal
cost of effort is modeled as a constant among all contestants as opposed to a function of one’s private ability (Archak and Sundararajan, 2009; Chawla et al., 2012; Hillman and Riley, 1989; Moldovanu and Sela,
2006; Weber, 1985). We follow the latter modeling approach and thus will permit both negative and positive
incentive effects in our model.
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Besides characterizing equilibrium properties, prior research has explored various design factors to find the optimal contest formats. Under fairly general conditions, singlewinner contests (the contest format that we adopt) have been shown to be optimal either
for maximizing the quality of the best solution (Chawla et al., 2012) or for maximizing a
contest holder’s profit, i.e., the sum of qualities of top solutions received minus the prizes
paid out (Archak and Sundararajan, 2009).6 Such contests are also found to be optimal
when maximizing the total effort is the goal (Glazer and Hussin, 1988; Moldovanu and
Sela, 2001). Moldovanu and Sela (2006) consider the optimal number of contest stages
and the number of rewards and find that to maximize total effort from all participants, a
single-stage single-winner contest is optimal but to maximize the highest effort, it is best to
split the competitors into two divisions and have a second stage in which divisional winners
compete for a single prize. Although we recognize the advantage of splitting the contest
into divisions, here, we choose to focus on single-division contests for their simplicity.
In contrast to the large volume of studies on simultaneous all-pay auctions and contests, few studies have examined sequential ones. Our study closely follows the line of
work pioneered by Segev and Sela (2012; 2014a; 2014b), who study sequential contests
under incomplete-information conditions. In this setting, the number of stages equals the
number of participants, and participants are assumed to be asymmetric, i.e., having different (but commonly known) ability distributions. Focusing on two-player contests with
general ability distribution functions, Segev and Sela explore effects of giving the early
player a head start (2014a) and adding random noise into players’ outputs (2014b). Focusing on a more general model with n players, Segev and Sela (2012) find that, among other
things, the expected highest quality is not monotonic in the number of contestants in general. They also identify another counterintuitive result which predicts that n weak players
might produce higher best quality solutions than n stronger players. Further, with an added
6

When contestants are risk-averse, multiple prizes can be optimal for maximizing profit (Archak and
Sundararajan, 2009).

8

assumption that all contestants’ abilities follow a family of power distribution functions
(Fi (x) = xci , 0 < ci < 1, i ∈ 1, · · · , n), Segev and Sela (2012) derive the closed-form
solution for the BNE effort functions, which we utilize in our study. Under this specific
assumption, if all participants’ abilities are i.i.d distributed (i.e., with the same parameter
ci = c), they show that the expected highest quality monotonically increases in n.

2.2 Empirical literature
In this section, we review laboratory and field experimental studies as well as studies based
on field data. These studies have tested the theoretical predictions as well as explored
various factors influencing contest outcomes.
Compared to theoretical predictions that assume risk-neutral contestants, prior experimental studies of incomplete information simultaneous all-pay auctions have reported that
high ability individuals overbid and low ability ones underbid (Barut et al., 2002; Muller
and Schotter, 2010; Noussair and Silver, 2006), a phenomenon that can be rationalized
by risk-aversion models (Fibich et al., 2006). A similar overbidding phenomenon is also
observed in complete information all-pay auctions (Davis and Reilly, 1998; Gneezy and
Smorodinsky, 2006). Typically, these experiments employ relatively large contest sizes,
e.g., n = 6 (Noussair and Silver, 2006), and use uniform distribution of ability factors if
the game is studied under incomplete information. In a few experiments with small contest
sizes, e.g., n = 2 (Grosskopf et al., 2010; Potters et al., 1998), however, no significant overor under-bidding behavior has been observed. Consequently, Dechenaux et al. (2012) conclude that whether overbidding can be observed is parameter-dependent and the findings
from large all-pay auctions may not hold in smaller auctions.
With respect to the effects of contest size on the quality of best solutions, all three effects predicted by theory — the negative and positive incentive effects as well as the parallel
path effect — have found empirical support in the literature. The negative incentive effect
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has been consistently demonstrated by both experimental and field studies. For example,
although no prior research directly examines the size effect under incomplete information
all-pay auctions, a laboratory experiment conducted by Gneezy and Smorodinsky (2006)
has found that increasing the number of bidders decreases the average effort in completeinformation all-pay auctions with symmetric bidders. Similar evidence for the negative
incentive effect has been found in studies using data from crowdsourcing platforms, such
as TopCoder.com (Boudreau et al., 2011, 2013) and Threadless.com (Huang et al., 2012).
The positive incentive effect has been identified by Boudreau et al. (2013) using data from
TopCoder.com. They find that while low ability participants respond to increased competition negatively, the presence of superstars actually induces higher effort from highly skilled
participants. Last, the parallel path effect has been reported by multiple studies (Araujo,
2013; Boudreau et al., 2011). For example, Boudreau et al. (2011) find that when the task
involves a sufficient level of uncertainty, the parallel path effect will dominate the negative
incentive effect such that the increased number of participants leads to a higher chance of
innovation.
With regard to contest format, the focus of our central research question, most extant empirical research has focused on one type of contest, either simultaneous (e.g., InnoCentive.com and TopCoder.com), sequential (e.g., 99designs.com, Logomyway.com,
and Crowdspring.com), or a combination or hybrid of the two (e.g., Taskcn.com, 99designs.com and Crowdspring.com). From a contest holder’s perspective, these studies have
examined the effects of contest characteristics on their outcomes, such as the reward size
(Araujo, 2013; Huang et al., 2012; Walter and Back, 2011; Yang et al., 2008b, 2009), contest duration (Yang et al., 2009), the level of competition (Boudreau et al., 2011, 2013), the
brand-strength of the contest holder (Walter and Back, 2011), whether the contest holder
provides in-process feedback to the contestants (Wooten and Ulrich, 2011; Yang et al.,
2009) and whether a reserve (a high quality solution) already exists (Liu et al., 2014).
10

Other studies have taken the contestants’ perspective, studying their motivations (Brabham, 2010) and trying to predict their chances of winning (Archak, 2010; Archak and
Ghose, 2010; Bockstedt et al., 2014; Jeppesen and Lakhani, 2010; J. Yang et al., 2008a,b;
Y. Yang et al., 2011).
Three studies are most relevant to our study as they explicitly compare the performance
of simultaneous and sequential contests. Of these, Liu (2013) analytically and experimentally compares the two mechanisms under complete information (our study models these
contests under incomplete information), while allowing the participants to choose between
sequential and simultaneous contests. She finds that simultaneous all-pay auctions produce
higher revenue (sum of all bids) than sequential auctions. In addition, two recent field
experiments have compared the two contest mechanisms by running logo design contests
on 99designs.com and Crowdspring.com (Wooten and Ulrich, 2013) and by running bioinformatics innovation contests on TopCoder.com (Boudreau and Lakhani, 2014). Wooten
and Ulrich (2013) find that blind contests attract fewer participants but enable high ability
participants to produce higher quality solutions. Boudreau and Lakhani’s (2014) experiment finds that blind contests incentivize their participants to make higher efforts but do
not necessarily lead to higher quality solutions, primarily because open contests help their
contestants save effort by focusing on the most promising techniques.
To the best of our knowledge, no prior research has analytically compared the expected
highest submission quality in blind and open contests under incomplete information. This
study attempts to make a first step to fill this gap, as well as to use laboratory experiments
to test the theoretical predictions. Furthermore, compared to prior research which assumes
that contestants’ ability factors are drawn from uniform distributions, our study compares
these two mechanisms under a skewed power distribution function, which is arguably more
realistic for modeling crowdsourcing markets (Araujo, 2013; Yang et al., 2008b). Additionally, this is also the first laboratory experimental study to investigate the size effect on
11

individual behavior for both sequential and simultaneous contests under incomplete information.

3 Theoretical Analysis
A single task is to be crowdsourced through a contest modeled as an all-pay auction. That
is, regardless of who wins the contest, all contestants incur the cost of their submissions,
typically in time or effort. An indivisible prize worth v = 1 is to be awarded to a single
winner who submits the solution with the highest quality. We assume that each participant’s
effort unambiguously determines the quality of the submission, and that the quality is objectively quantifiable. Therefore, we use the words “quality” and “effort” interchangeably
throughout. We also use “participant,” “contestant,” and “player” as synonyms.
There are n contestants who vary in ability. Let ai ≥ 0 be contestant i’s ability factor,
which is her private information. Contestants’ ability factors are i.i.d. draws from the
interval [0, 1] according to a cumulative distribution function, F (x), which is common
knowledge. We assume that F (x) = xc , where c ∈ (0, 1), which is the most general class
of CDFs for which we have analytical solutions to the BNE of sequential contests, due to
Segev and Sela (2012), who have studied sequential contests with asymmetric contestants,
i.e., each contestant can have a different c.
The parameter c, which we call the “talent” parameter, affects the relative proportion of
low and high ability contestants. As illustrated in Figure 1, as c increases, the proportion of
high ability contestants increases and the proportion of low ability contestants decreases.
As c approaches 1, the distribution approaches a uniform distribution. For any c ∈ (0, 1),
there are many more low ability contestants than high ability ones, which is usually the
case in many online crowdsourcing markets (Araujo, 2013; Yang et al., 2008b).
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Figure 1: The probability density function of ability factors with different values for parameter c.
For contestant i, a submission of quality qi costs qi /ai , indicating that it is less costly for
a high ability contestant to create and submit the same quality solution than a low ability
contestant. In sequential contests, we assume that ties are broken in favor of the late entrant,
although alternatively one could assume that a late entrant could always win by making an
effort just a tiny amount (ϵ) higher than the existing highest.

3.1 Equilibrium characterizations
The unique symmetric Bayesian Nash equilibrium effort function in simultaneous contests
has been derived in prior research (Weber, 1985; Hillman and Riley, 1989; Krishna and
Morgan, 1997). For completeness, we reproduce the equilibrium effort function according
to our model setup in Equation (1):

q Sim (ai ) =

(n − 1)c 1+(n−1)c
a
1 + (n − 1)c i

(1)

The fact that q Sim (ai ) monotonically increases in ai implies that in a simultaneous contest the contestant with the highest ability always wins (Archak and Sundararajan, 2009).
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q Sim (ai ), however, is not monotonic in n or in c. This is understandable given that when
either n or c increases, competition intensifies, triggering both the negative and positive incentive effects. The dominant effect of the two determines the monotonicity of the function
at any particular point of n and c.
For sequential contests, Segev and Sela (2012) derive the equilibrium effort function
(Equation (2)).
⎧
⎪
−
⎪
0
if 0 ≤ ai < ←
ai
⎪
⎪
⎨
−
→
q Seq (ai ) =
max{qj (aj )}j<i if ←
a i ≤ ai < −
a i,
⎪
⎪
⎪
1
⎪
→
⎩ (ai (1 − di )) di
if −
a i ≤ ai ≤ 1.

where

(2)

←
−
a i = [max{qj (aj )}j<i ]di ,
−
→
ai =

1
1−di

[max{qj (aj )}j<i ]di ,

and di ≡ (1 − c)n−i .
This function is broken into three parts based on the range in which contestant i’s ability
factor falls, relative to the maximum quality produced by all preceding contestants, i.e.,
max{qj (aj )}j<i . In the first part, max{qj (aj )}j<i is too large compared to ai , and thus
contestant i’s best option is to “fold”, i.e., to make zero effort and forgo the opportunity
of winning. In the second part, max{qj (aj )}j<i is not too large, so contestant i’s best
option is to play the “call” strategy, i.e., to make an effort equal to max{qj (aj )}j<i . In
the third part, max{qj (aj )}j<i is relatively small, so contestant i “raises” by choosing a
1

submission quality, (ai (1 − di )) di , that is higher than max{qj (aj )}j<i . This quality is a
global maximizer of her expected payoff. Here, we use qi∗ to denote this global maximizer
for player i, and further analyze its properties.

14

In terms of winning, there is a clear late-mover advantage in sequential contests, as
Proposition 1 demonstrates. Based on the analytical solution it provides, we compute that
in a two-player contest, player 1 has a 27% chance of winning and player 2 has 73%. In a
three-player contest, player 1, 2 and 3 have 13%, 25%, and 63% respectively. Apparently,
the last mover enjoys a disproportionally higher chance of winning compared to all earlier
entrants.
Proposition 1. The expected winning probability of contestant i, P (i), increases in i (i ∈
{1, · · · , n}). The explicit expression of P (i) is derived in Lemma 1 in Appendix A.
Proof. See Appendix A.
Aside from the winner, another important player in a contest is the first one to raise
the maximum quality to the final winning level. These two players are not necessarily the
same person, since a winner could be playing the call strategy, rather than raise. A contest
holder’s ultimate concern is the maximum quality she receives from all contestants. The
only way the maximum quality level can be raised is through players playing the raise
strategy, i.e., qi∗ for player i. Therefore, qi∗ represents the highest potential contribution
player i can make to the contest, i.e., by increasing the quality of the best solution. Here,
we call qi∗ contestant i’s “capacity.” Understanding how qi∗ varies with respect to i and
ai could help reveal the internal dynamics of sequential contests. In Proposition 2, we
temporarily treat i as a continuous variable and examine how participants’ capacity varies
with their positions.
Proposition 2. For any given ability factor a ∈ [0, 1], qi∗ (a) first increases and then decreases in i, and attains its global maximum on [1, n − 1]. Let î be the global maximizer. As
the total number of contestants, n, increases, î weakly increases; as a increases, î weakly
decreases; and finally, as the talent level, c, in the participant pool increases, î weakly
increases.
15

Proof. See Appendix B.
Proposition 2 shows that a player’s capacity does not monotonically vary with her position in a contest. Intuitively, i is an indicator of the competition faced by player i (the
lower the i the higher the competition). Whether higher competition leads to higher potential effort depends on the current competition level and player i’s ability factor. If the
competition level is relatively low for player i with ai , increasing competition will encourage player i to exert higher effort (the positive incentive effect). On the other hand, if the
current competition level is already high for player i, she will be discouraged from raising
her effort as competition intensifies, since the chance of winning is too slim (the negative
incentive effect).
Here, as i increases, player i faces less competition, motivating her to lower her effort
and win with a higher surplus (the reversed positive incentive effect). On the flip side,
as i increases, her winning probability increases (the reversed negative incentive effect).
Further, as i increases, the impact of a marginal increase in i’s effort has larger influences
on i’s winning probability,7 motivating i to make a higher effort. The interaction of these
dynamics results in qi∗ first increasing and then decreasing in i.
Proposition 2 also shows that as the total number of participants increases, the position
that maximizes player i’s capacity, î, also moves toward the end, where there is lower competition. However, as a player’s ability increases, the capacity-maximizing position moves
toward the beginning of the contest, since the high competition faced at the beginning of a
contest can stimulate her to make the best effort. Last, as c increases, the number of high
ability contestants increases, implying higher competition overall in a contest. As a result,
the capacity-maximizing position moves toward the end to offset the increased competition level. Taken together, these results suggest that precisely which position maximizes
7

This latter point could be verified by taking the second derivative of player i’s expected payoff
− qi with respect to qi , and taking the first derivative of the resulted expression with respect

1−(1−c)n−i
qi

to i.

16

a player’s capacity is dependent on the interaction of a number of factors, including the
number of participants, the player’s ability, and the overall distribution of abilities among
all participants. In general, if high ability participants enter a contest early, medium ability
participants enter in the middle, and low ability participants enter late, the contest might
garner better solutions than if they entered the other way around: low ability ones early,
medium ability next, and high ability ones last. Such dynamics show that the sequence of
entry plays an important role in determining the quality of the best solution in a contest, as
highlighted by Segev and Sela (2012) in their analysis of optimal entry order in sequential
contests. In our particular setting, given that the order of entry is exogenous and random,
these dynamics imply that in expectation, the expected quality of the best solutions in sequential contests might suffer.
In summary, both Proposition 1 and 2 characterize the internal dynamics of sequential
contests. From a contestant’s perspective, Proposition 1 highlights the positional disadvantages of early movers while Proposition 2, from a contest holder’s perspective, demonstrates the effect of player positions on the maximum potential contribution they can make
to increase the quality of the best solution. These insights will have implications at the
contest level, in the investigation of the expected highest quality as well as efficiency in the
following sections.

3.2 Expected highest quality
We next derive the expressions for the expected highest quality in both simultaneous and
sequential contests in our setting, and examine their comparative statics with respect to the
total number of participants n and the distribution parameter c.
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3.2.1 Simultaneous contests
The expected highest quality in simultaneous contests have been derived previously by Moldovanu
and Sela (2006). Here, we reproduce their result under our model setup.

EHQSim =

n(n − 1)c2
(1 + (n − 1)c)(2nc − c + 1)

(3)

Although prior research has shown that the expected highest quality is not monotonic
in general (Archak and Sundararajan, 2009; Moldovanu and Sela, 2006), in our case, as
stated in Proposition 3, EHQSim monotonically increases in both n and c, which is also
illustrated in Figure 2, in which both curves marked with “Sim” (for n = 3 and n = 20
respectively) increase in c, and the one with n = 20 is clearly above n = 3 for the full
range of c ∈ (0, 1).8
Proposition 3. The expected highest quality in simultaneous contests monotonically increases in both the total number of contestants, n, and the talent level in the participant
pool, c.
Proof. See Appendix C.
Asymptotically, as n increases to infinity, the expected highest quality converges to

1
2

(Archak and Sundararajan, 2009; Chawla et al., 2012; Moldovanu and Sela, 2006). And as
c increases to 1, the expected highest quality converges to

n−1
.
2n

Again, when n is large,

n−1
2n

converges to 12 .
Proposition 3 indicates that, in our particular model setup, as competition increases
(due to either an increase in the number of participants or an increase in the talent level of
the participant pool), the combined effect of the positive and negative incentive effects, and
8

We should note that as a limiting case of ours (c = 1), Chawla et al. (2012) show that with a uniform
distribution, the expected highest quality monotonically increases in n.
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the parallel path effects (i.e., a higher n or a higher c leads to higher chances of discovering
talents) is positive, leading to monotonic increases in the expected highest quality.
3.2.2 Sequential contests
The explicit solution for expected highest quality for the cases of n = 2, 3, and 4 have been
derived by Segev and Sela (2012). In Proposition 4, we generalize their result to n-player
cases:
Proposition 4. The expected highest quality in n-player sequential contests is:

EHQSeq

&
'
1+(1−c)n−j+1 −(1−c)n
1+(1−c)n−j+1 −(1−c)n
dj−1
dj
c (1 − dj−1 )
− (1 − dj )
n %
n
%
=
(
n−j+1 −(1−c)n
c 1+(1−c)
( j−1
)
i=1 j=i+1
m=1 (1 − dm ) )(
di

Also, EHQSeq has an upper bound of 1/e.
Proof. See Appendix D.

EHQSeq monotonically increases in n, although such monotonicity does not hold for
general ability distributions (Segev and Sela, 2012). Counterintuitively, EHQSeq is not
monotonic in c (recall that a higher c means more higher ability participants). This result
has been shown by Segev and Sela (2012), who demonstrate that a group of relatively
weak participants may generate a higher expected highest quality than a group of strong
participants with the same group size. Figure 2 illustrates these comparative statics under
our specific model setup, which clearly shows that there exists a c∗ ∈ (0, 1) (for the cases
of n = 3 and n = 20 respectively) that maximizes the expected highest quality.9 This
result is in stark contrast to Proposition 3, which shows that a higher c always leads to a
higher expected best quality in simultaneous contests. That is, if the talent level increases
9

This can be shown using the extreme value theorem.
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in the participant pool, a simultaneous contest will surely benefit from this increase but a
sequential contest may not.
Expected Highest Quality
0.5
Sim n!20
0.4
Sim n!3
0.3

0.2
Seq n!20
0.1
Seq n!3

0.0

0.2

0.4

0.6

0.8

1.0

c

Figure 2: The expected highest quality in simultaneous and sequential contests as c increases from 0 to 1.

3.2.3 Comparing simultaneous and sequential contests
The two popular mechanisms for crowdsourcing, simultaneous and sequential contests,
produce different outcomes. Here, in our model setup with n symmetric players, we show
that simultaneous contests always generate better highest quality solutions than sequential
contests.10
Theorem 1. For any given number of participants, n, and any given talent level c ∈ (0, 1)
in the participant pool, the expected highest quality is higher in a simultaneous contest
than in a sequential contest.
Proof. See Appendix E.
This result has been foreshadowed by our previous analysis on the equilibrium strategies. As Proposition 2 indicates, in sequential contests, the order of entry, especially for
10

Segev and Sela (2014a) discuss a numerical example with two players that shows that a simultaneous
contest produces significantly higher expected highest quality than a sequential contest.
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those with high ability, plays an important role. Depending on their ability levels, entering
at different stages can have great effects on their equilibrium effort. For example, if a high
ability contestant enters a contest early, her capacity is maximized as she has to work hard
to win, in anticipation of the competition ahead. On the other hand, if a high ability contestant enters the contest late, she may be able to exert less effort and win the contest with a
bigger surplus. This effect echoes what has been observed by Segev and Sela (2012), who
show that a contest holder who can determine the order of entry for all participants (in their
model the participants’ abilities are asymmetric and the contest holder can determine the
order of entry) would never want to put a strong participant in the last stage.
Theorem 1 does not imply, however, that simultaneous contests always generate better best solutions than sequential contests ex post. This can be seen from the following
numerical example.
Example 1. Given c = 0.25, n = 3, a1 = 0.004, a2 = 0.009, and a3 = 0.001, in the
simultaneous game, player 2 produces the highest effort q2Sim = 0.00028. In the sequential
game, q1Seq = 0.000013, q2Seq = 0.00029, the highest effort is higher than the highest effort
in the simultaneous contest.

3.3 Efficiency
To evaluate the efficiency of a contest, our first concern is allocative efficiency, e.g., how
often a contest produces an efficient allocation. In Segev and Sela’s (2014a) study, the proportion of efficient allocations is used to measure allocative efficiency. Another measure,
suggested by Plott and Smith (1978), is the ratio of the winning contestant’s ability to the
highest ability among all contestants. In some literature this measure is simply called “efficiency” (e.g., Noussair and Silver, 2006). Here, we call it value efficiency to differentiate
it from the general term, efficiency, that we use to refer to multiple measures in our study.
A simultaneous contest always produces the most efficient outcome: As all contestants
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are symmetric and the equilibrium effort function monotonically increases in ability, the
player with the highest ability always wins and full efficiency is always achieved (Archak
and Sundararajan, 2009). Therefore, simultaneous contests score one on both allocative
efficiency measures.
Sequential contests, however, are not always efficient, as late movers have positional
advantages (see Proposition 1). As a numerical example, in a three-player contest with
c = 0.5, if a1 = 0.2 and a2 = 0.05, player 2’s BNE effort will be : 0.0006, which is
higher than player 1’s BNE effort 0.0005. Obviously, the lower allocative efficiency in sequential contests is driven by the randomness in the order of entry. From a contest holder’s
perspective, the imperfect allocative efficiency in sequential contests suggests that in some
cases, the same set of contestants could have produced a better outcome had the contestants
followed a different order of entry. From a contestant’s perspective, simultaneous contests
might seem more “fair” than sequential contests, since the most talented contestants always
win in simultaneous contests. In sequential contests, however, low ability contestants might
have better luck in winning than in simultaneous contests.
Unfortunately, for sequential contests, the analytical solutions for both allocative efficiency measures are intractable for the general n-player case.11 Here, for the special cases
of c = 0.25, n = 2 and n = 3 (the parameter values used in our experimental study),
we produce their numerical solutions (shown in Table 2). At least for these special cases,
we see that both allocative efficiency measures are substantially lower in sequential contests. Additionally, both measures decrease in n, making sequential contests appear worse
in comparison to simultaneous ones.
In addition to allocative efficiency, another important concern, especially from a social
planners’ perspective, is the amount of effort wasted in a contest. Recall that in contrast to
an all-pay auction, in which all losers’ bids are collected by the auctioneer as part of the
11

Segev and Sela (2014a) derive the proportion of efficient allocations for the two-player case, and demonstrate that it is lower in sequential contests than in simultaneous contests.
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revenue, in a contest, all losers’ effort is wasted. From a social planner’s perspective, the
less waste, the better. To quantify the amount of effort wasted in a contest, Chawla et al.
(2012) define utilization ratio as the ratio of expected total effort by all participants (ET Q)
to the expected highest effort (EHQ), i.e.,

ET Q
.
EHQ

Essentially, it measures how much effort

has to be made by all participants, for every unit of gain by the contest holder from the
highest quality solution. The higher the utilization ratio, the more wasteful a contest is.
Intuitively, one might expect sequential contests to be less wasteful, thereby having a
lower utilization ratio, since participants can view prior submissions and adjust their own
effort accordingly. However, this is not necessarily true, as demonstrated by Proposition 5
using a special case of n = 2. Even though the absolute amount of total effort might be
lower in sequential contests (as shown in Table 2 for the case of c = 0.25), the relative
amount, weighted against the expected highest effort, can still be higher.
Proposition 5. When there are two players, the utilization ratio is always higher in sequential contests than in simultaneous contests, for any talent level c ∈ (0, 1).
Proof. See Appendix F.

4 Experimental Design
To test the theoretical predictions, especially to examine the effects of contest mechanism
and contest size, we conducted a between-subject 2 × 2 factorial experiment, with the
design shown in Table 1. We expected individual behaviors to vary with contest mechanism
(simultaneous versus sequential) as well as contest size (the number of participants).
Every treatment had four independent sessions, each with 12 subjects.12 At the begin12

Two simultaneous contest sessions with two players (Sim-G2) did not have enough subjects. Therefore,
we had to run a session with 10 subjects and another with 8 subjects. However, the observed behaviors in
these two sessions are not statistically significantly different from other sessions, so we treated them the same
as other sessions of the same treatment.
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Contest
Format

Contest
Size
3
Sequential
2
3
Simultaneous
2

Table 1: Experimental Design
Treatment Number of
Number of Total Number
Name
Subjects/Session Sessions
of Subjects
Seq-G3
12
4
48
Seq-G2
12
4
48
Sim-G3
12
4
48
Sim-G2
12,10,8
4
42

ning of each round subjects were randomly assigned into groups of two or three, depending
on the treatment. As our theoretical model was based on one-shot games, this random rematching protocol was used to minimize repeated-game effects in the experiment. In all
treatments, the value of the reward was 100 tokens and every subject was given an ability
. They were infactor, ai (ai ∈ (0, 1]), which was randomly drawn from F (a) = a0.25
i
formed that their ability factors were private knowledge. To prevent potential bankruptcies,
we gave every subject 120 tokens as an endowment at the beginning of each round and they
could choose an effort level from 0 to 120.

13

Finally, to capture any learning effect, each

subjects played eighteen rounds after two practice rounds.
In simultaneous contest treatments, every participant made an effort independently and
simultaneously. The sequential contests were implemented with games in multiple stages
(2 stages for G2 and 3 stages for G3). In each stage a different participant had an exclusive
opportunity to submit an effort level (including 0), after observing all previous participants’
effort levels. Before the first stage started, the order of entry was randomly assigned by
the computer and was announced to all participants in each group. Additionally, in both
simultaneous and sequential treatments, before everyone chose an effort level, we elicited
their beliefs of their winning probabilities. To incentivize the subjects to accurately report
their beliefs, a quadratic scoring rule (Nyarko and Schotter, 2002) was implemented which
13

Four decimal points were kept for the display of ability factors, i.e., ai , and for subjects’ input of their
effort levels, i.e., qi .
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paid a maximum amount of two tokens for making accurate predictions. A sample of the
instructions is included in Appendix G. After the experiment, we gave each participant a
post-experiment survey which collected demographic and personality trait information, as
well as data on their risk- and loss aversion. The post-experiment questionnaire is included
in Appendix H.
Based on our experimental parameter values, i.e., c = 0.25 and n = 2, 3, we computed
all the theoretical values of interest and report them in Table 2. The table includes the
equilibrium effort for each player, their winning probability, the expected highest effort,
the average effort, the total effort, the expected percentage of efficient allocations, the value
efficiency as well as the utilization ratio.
In total, we conducted 16 independent computerized sessions at a university on the west
coast of the United States from January 2012 to February 2013, utilizing a total of 186 subjects. Our subjects were students recruited by email from a subject pool for economics
experiments. We used z-Tree (Fischbacher, 2007) to program our experiments. Each session lasted approximately one and a half hours. The exchange rate was set to 110 tokens
per $1. The average amount earned by our participants was $29, including a $5 show-up
fee.14 Our experimental data are available from the authors upon request.

5 Experimental Results
We start with results aggregated at the session level and report the treatment effects with regard to both submission quality and efficiency. A detailed individual-level analysis follows
to examine dynamics in participants’ behaviors.
14

Seven students went bankrupt during the experiment and we decided to pay them a ten dollar flat fee to
compensate them for the time, although such a payment was not pre-announced.
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N

Game

2
3
2
3

Seq
Seq
Sim
Sim

N

Game

2
3
2
3

Seq
Seq
Sim
Sim

Table 2: Theory Predictions with c = 0.25
Expected Quality
Winning Probability
Player 1 Player 2 Player 3
Player 1
Player 2
Player 3
2.487
1.193
NA
27%
73%
NA
2.836
2.835
2.069
13%
25%
63%
3.333
3.333
NA
50%
50%
NA
4.762
4.762
4.762
33%
33%
33%
Expected Quality
% of Efficient Value
Utilization
Highest Average Total
Allocations
Efficiency Ratio
2.487
1.840
3.68
77%
86%
1.480
4.684
2.580
7.74
65%
81%
1.652
5.714
3.333
6.666
100%
100%
1.167
11.111
4.762
14.286
100%
100%
1.286

5.1 Submission quality
Recall our theoretical result that simultaneous contests produce better highest quality solutions than sequential contests (Theorem 1), which leads to Hypothesis 1:
Hypothesis 1 (Submission quality comparison). For a given number of contestants and a
given talent level in the participant pool, the expected highest quality is higher in simultaneous than in sequential contests.
Figure 3 plots the mean of the highest quality under sequential and simultaneous contests in each round (The left panel is for contests with two players and the right one is for
contests with three players). Clearly, in contests with two players, simultaneous contests
outperform sequential contests throughout all rounds, whereas the pattern in contests with
three players is less clear at the beginning. However, toward the second half of the session (round 9 onwards), it becomes clear that simultaneous contests produce better highest
quality solutions than sequential contests. We summarize this result below:
Result 1 (Submission quality comparison). The highest quality is higher in simultaneous
contests than in sequential contests.
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The Highest Quality with Three Players
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The Highest Quality with Two Players
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Figure 3: The Highest Quality: Sequential vs. Simultaneous Contests

Support. Table 3 shows the means of the highest quality in different treatments for all
rounds as well as for the first (Rounds 1-9) and second half (Rounds 10-18) of the session
separately. On average, the mean highest quality is marginally significantly higher in SimG2 than in Seq-G2 (All Rounds: 11.01 vs. 4.35, p = 0.083, one-sided permutation tests).
Consistently, the highest quality in Sim-G3 is higher than that in Seq-G3. In particular, the
comparison becomes statistically significant in the second half of the experiment (Rounds
10-18: 9.45 vs. 5.30, p = 0.030, one-sided permutation tests).

Table 3: Treatment Effects on the Expected Highest Quality
All Rounds
Seq
Sim
Seq vs. Sim
n=2
4.35
11.01
p = 0.083
n=3
6.93
9.01
p = 0.172
n=2 vs. n=3
p = 0.097 p = 0.436
Rounds 1-9
Seq
Sim
Seq vs. Sim
n=2
4.14
11.41
p = 0.055
n=3
8.57
8.58
p = 0.501
n=2 vs. n=3
p = 0.086 p = 0.378
Rounds 10-18 Seq
Sim
Seq vs. Sim
n=2
4.55
10.61
p = 0.087
n=3
5.3
9.45
p = 0.030
n=2 vs. n=3
p = 0.299 p = 0.465
Note: P-values from one-sided permutation tests are reported for all
comparisons in this table.
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By Result 1, we reject the null in favor of Hypothesis 1. The difference between the two
mechanisms’ performance is quite large. For example, in two-player contests, the mean
highest quality in simultaneous contests is 253% higher than that in sequential contests
(11.01 vs. 4.35, All Rounds).
To benchmark our experimental contests’ performance against their BNE predictions,
treating each session as an independent observation, we report one-sided p-values from
one-sample signed rank tests. In simultaneous contests, the aggregate highest quality does
not appear different from BNE predictions (p > 0.1, one-sided one-sample signed rank
tests) but in sequential contests, they are marginally significantly higher than BNE predictions (Seq-G2: 4.35 vs. 2.49, p = 0.07; Seq-G3: 6.93 vs. 4.68, p = 0.07, one-sided onesample signed rank tests). Nevertheless, even though sequential contests perform better
than predicted by theory, they still produce lower quality best solutions than simultaneous
contests.
Consistent with Proposition 2, we find that the sequence of entry does affect the submission quality in sequential contests. Specifically, in the Seq-G2 treatment, the average
highest submission quality is higher when the higher-ability contestant enters early instead
of late (7.19 vs. 1.54, p = 0.034, one-sided signed rank tests). Consistently, in SeqG3 treatment, a contest in which the highest-ability contestant enters first, followed by a
medium-ability player and then the lowest-ability one, generates significantly higher best
quality than all other entry sequences (11.13 vs. 6.35, p = 0.034, one-sided signed rank
tests).
In addition, consistent with the theoretical values computed for our experimental setting (see Table 2), we find that simultaneous contests also produce higher average quality
solutions than sequential contests. Although the comparison is not statistically significant
when all rounds are considered (Sim-G2 vs. Seq-G2: 5.96 vs. 2.91, p = 0.128; Sim-G3
vs. Seq-G3: 3.86 vs. 3.21, p = 0.245, one-sided permutation tests), it becomes significant
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when only the second half of the experiment is considered in contests with three players
(Sim-G3 vs. Seq-G3: 4.21 vs. 3.93, p = 0.014, one-sided permutation tests).15 Taken
together, these results suggest that simultaneous contests are more effective than sequential
contests in inducing higher best quality and average quality from their contestants.
Next, we examine the size effect on submission quality. Following Proposition 3 and
results by Segev and Sela (2012), we propose Hypothesis 2:
Hypothesis 2 (Size effect on submission quality). In both sequential and simultaneous
contests, the expected highest quality increases in the number of contestants.
Again, results are reported in Table 3. On average, the highest quality is marginally
significantly higher in the Seq-G3 treatment than in the Seq-G2 treatment (All Rounds:
6.93 vs. 4.35, p = 0.097, one-sided permutation tests) but the comparison becomes statistically nonsignificant in the second half of the experiment (Rounds 10-18: 5.30 vs. 4.55,
p = 0.299, one-sided permutation tests). Furthermore, no statistically significant difference
is observed between Sim-G2 and Sim-G3 treatments (p > 0.1, for All Rounds, Rounds 1-9
and Rounds 10-18) either. Therefore, we cannot reject the null in favor of Hypothesis 2 in
our experiment.
Additionally, even though the theoretical values computed in Table 2 suggest that both
simultaneous and sequential contests should produce higher average quality when n increases, this prediction is not supported by our data. Although the average quality is
marginally significantly lower in Seq-G2 than in Seq-G3 (All Rounds: 2.91 vs. 3.21,
p = 0.082, one-sided permutation tests), the difference is not significant in the second
half of the experiment (Rounds 10-18: 3.12 vs. 2.62, p = 0.199, one-sided permutation
tests). The comparison of the average quality between the two simultaneous contests is
not statistically significant either (p > 0.1, one-sided permutation tests). Taken together,
15

The comparison remains nonsignificant for the contests with two players (Sim-G2 vs. Seq-G2: 5.80 vs.
3.12, p = 0.131, one-sided permutation tests).
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we suspect that adding one more player to contests cannot significantly alter contestants’
effort.

5.2 Efficiency
The analysis on efficiency in Section 3.3 suggests that simultaneous contests are more
efficient than sequential contests, leading to Hypothesis 3:
Hypothesis 3 (Efficiency comparison). For a given number of contestants and a given
talent level in the participant pool, simultaneous contests achieve higher efficiency than
sequential contests.
Tables 4, 5 and 6 present the proportion of efficient allocations, value efficiency, and
utilization ratio in different treatments for all rounds as well as for the two halves of the
sessions separately. Comparing the efficiency measures across treatments, we find that,
consistent with theoretical predictions, simultaneous contests produce more efficient allocations as well as higher value efficiency than sequential contests. The utilization ratio
(waste level) is also lower in simultaneous contests than in sequential contests. We summarize the result below:
Result 2 (Efficiency comparison). Across all three efficiency measurements, simultaneous
contests are superior to sequential contests.
Support. All test results are reported in Tables 4, 5 and 6. The proportion of efficient allocations is higher in simultaneous contests than in sequential contests. In particular, the
comparison for the three-player case produces statistically significant results (Sim-G3 vs.
Seq-G3: All Rounds: 0.74 vs. 0.56, p = 0.014; Rounds 1-9: 0.73 vs. 0.57, p = 0.055;
Rounds 10-18: 0.75 vs. 0.55, p = 0.029, one-sided permutation tests). Similarly, in
three-player conditions, value efficiency is also significantly higher in simultaneous contests (Sim-G3 vs. Seq-G3: All Rounds: 0.86 vs. 0.7, p = 0.014; Rounds 1-9: 0.84 vs. 0.7,
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p = 0.04; Rounds 10-18: 0.89 vs. 0.7, p = 0.014, one-sided permutation tests). Additionally, the utilization ratio is lower in simultaneous contests than in sequential contests. The
comparison in the two-player case is statistically significant in all specifications (Sim-G2
vs. Seq-G2: All Rounds: 1.11 vs. 1.35, p = 0.014; Rounds 1-9: 1.08 vs. 1.31, p = 0.014;
Rounds 10-18: 1.13 vs. 1.38, p = 0.014, one-sided permutation tests), and in three-player
cases, the comparison is statistically significant when all rounds are considered (Sim-G3
vs. Seq-G3: All Rounds: 1.30 vs. 1.40, p = 0.041, one-sided permutation tests).
Due to Result 2, we reject the null hypothesis in favor of Hypothesis 3 and conclude
that simultaneous contests are superior to sequential contests by not only creating a higher
probability for high ability contestants to win, but also by generating a relatively lower
amount of wasted effort from losers.
To benchmark the efficiency measures with their theoretical predictions shown in Table 2, we report test results using one-sample signed rank tests. Overall, simultaneous contests’ allocative efficiency levels are lower than expected, e.g., achieving a proportion of
efficient allocations lower than 100% (Sim-G2: 78%, p = 0.034; Sim-G3: 74%, p = 0.034,
one-sided tests). Seq-G2 contests’ allocative efficiency levels are very close to their theoretical predictions, e.g., reaching a proportion of efficient allocations at 75% (vs. 77%,
p = 0.13, one-sided test). The Seq-G3 contests, however, are less efficient than predicted,
e.g., achieving a proportion of efficient allocations of 56% (vs. 65%, p = 0.035, one-sided
test). In terms of utilization ratio, simultaneous contests perform well by achieving a mean
of 1.11 in the Sim-G2 treatment (vs. 1.17, p = 0.035, one-sided test) and 1.30 in the SimG3 treatment (vs. 1.29, p = 0.35, one-sided test). Sequential contests also reach utilization
ratios lower than predicted (Seq-G2: 1.35 vs. 1.48, p = 0.035; Seq-G3: 1.40 vs. 1.65,
p = 0.035, one-sided tests). Taken together, all treatments’ allocative efficiency levels are
lower than predicted, except the Seq-G2 treatment and all their utilization ratios are not
higher than predicted, thus not generating more wasted effort than predicted by theory.
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Table 4: Treatment Effects on the Proportion of Efficient Allocations
All Rounds
Seq
Sim
Seq vs. Sim
n=2
0.75
0.78
p = 0.209
n=3
0.56
0.74
p = 0.014
n=2 vs. n=3
p = 0.014 p = 0.131
Rounds 1-9
Seq
Sim
Seq vs. Sim
n=2
0.74
0.78
p = 0.139
n=3
0.57
0.73
p = 0.055
n=2 vs. n=3
p = 0.028 p = 0.224
Rounds 10-18 Seq
Sim
Seq vs. Sim
n=2
0.75
0.77
p = 0.363
n=3
0.55
0.75
p = 0.029
n=2 vs. n=3
p = 0.029 p = 0.293
Note: P-values from one-sided permutation tests are reported for all
comparisons in this table.

Table 5: Treatment Effects on Value Efficiency
All Rounds
Seq
Sim
Seq vs. Sim
n=2
0.84
0.86
p = 0.251
n=3
0.70
0.86
p = 0.014
n=2 vs. n=3
p = 0.014 p = 0.412
Rounds 1-9
Seq
Sim
Seq vs. Sim
n=2
0.84
0.85
p = 0.348
n=3
0.70
0.84
p = 0.040
n=2 vs. n=3
p = 0.014 p = 0.298
Rounds 10-18 Seq
Sim
Seq vs. Sim
n=2
0.83
0.86
p = 0.291
n=3
0.70
0.89
p = 0.014
n=2 vs. n=3
p = 0.029 p = 0.112
Note: P-values from one-sided permutation tests are reported for all
comparisons in this table.
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Table 6: Treatment Effects on Utilization Ratio
All Rounds
Seq
Sim
Seq vs. Sim
n=2
1.35
1.11
p = 0.014
n=3
1.40
1.30
p = 0.041
n=2 vs. n=3
p = 0.229 p = 0.014
Rounds 1-9
Seq
Sim
Seq vs. Sim
n=2
1.31
1.08
p = 0.014
n=3
1.26
1.23
p = 0.362
n=2 vs. n=3
p = 0.272 p = 0.014
Rounds 10-18 Seq
Sim
Seq vs. Sim
n=2
1.38
1.13
p = 0.014
n=3
1.53
1.35
p = 0.112
n=2 vs. n=3
p = 0.200 p = 0.014
Note: P-values from one-sided permutation tests are reported for all
comparisons in this table.

Last, we examine the size effect on efficiency. We do not expect any size effect on
allocative efficiency in simultaneous contests, since simultaneous contests are always efficient regardless of contest size. In sequential contests, as shown in Table 2, we should
expect efficiency to decrease in n. As for the utilization ratio, we expect it to increase
(become less efficient) as n increases in both simultaneous and sequential contests, as
suggested by the predicted values in Table 2. These predictions are summarized in the
following hypothesis:
Hypothesis 4 (Size effect on efficiency). In sequential contests, all three efficiency measures worsen as the number of contestants increases. In simultaneous contests, the utilization ratio worsens as the number of contestants increases.
Highly consistent with theoretical predictions, we find that in sequential contests both
measures of allocative efficiency decrease as the number of contestants increases, and in
simultaneous contests no size effect is observed. In addition, for simultaneous contests,
we find that the utilization ratio (waste level) increases with the number of players. We
summarize these results below:
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Result 3 (Size Effect on Efficiency). Both the proportion of efficient allocations and value
efficiency in sequential contests decrease with the number of contestants. The amount of
wasted effort increases with the number of contestants in simultaneous contests.
Support. In Table 4, the proportion of efficient allocations in sequential contests with two
players is statistically significantly higher than those with three players (All Rounds: 0.75
vs. 0.56, p = 0.014; Rounds 1-9: 0.74 vs. 0.57, p = 0.028; Rounds 10-18: 0.75 vs.
0.55, p = 0.029, one-sided permutation tests). Consistently, in Table 5, the value efficiency
in sequential contests with two players is statistically significantly higher than those with
three players (All Rounds: 0.84 vs. 0.7, p = 0.014; Rounds 1-9: 0.84 vs. 0.7, p = 0.014;
Rounds 10-18: 0.83 vs. 0.7, p = 0.029, one-sided permutation tests). In addition, the
utilization ratio in simultaneous contests with three players is significantly higher than
those with two players (All Rounds: 1.30 vs. 1.11, p = 0.014; Rounds 1-9: 1.23 vs. 1.08,
p = 0.014; Rounds 10-18: 1.35 vs. 1.13, p = 0.014, one-sided permutation tests).
By Result 3, we reject the null in favor of Hypothesis 4 for simultaneous contests. For
sequential contests, we observe a significant size effect on the two allocative efficiencies,
but not for the utilization ratio. In summary, these results suggest that contests with two
players are at least as good as those with three players. In particular, in sequential contests,
adding one more contestant can reduce their efficiency significantly, e.g., the proportion of
efficient allocations dropping from 0.75 to 0.55 in the second half of the sessions, although
such differences are not observed for simultaneous contests. Such differential size effects
across the two contest mechanisms highlight the impact of participant asymmetry in sequential contests, such that efficiency in sequential contests is highly sensitive to contest
size. Furthermore, with regard to utilization ratio, we observe that as n increases, simultaneous contests become significantly more wasteful. It remains to be studied whether the
utilization ratio of sequential contests can become lower than simultaneous contests when
n becomes large.
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5.3 Individual level analysis
We start by examining individuals’ winning probabilities. Consistent with Proposition 1,
we find that late entrants in sequential contests have much higher winning probabilities than
early entrants. Specifically, in the Seq-G2 treatment, the first player wins 25% of the time
and the last player 75% (close to the theory predicted 27% vs. 73%), and the first player’s
chance of winning is significantly lower than the last player’s (p < 0.01, one-sided test of
proportions). The comparisons in Seq-G3 also yield statistically significant results (First
vs. Last: 14% vs. 65%, p < 0.01; Middle vs. Last: 22% vs. 65%, p < 0.01, one-sided
test of proportions).16 These observed winning probabilities, i.e., 14%, 22%, and 65%, are
again similar to their predicted values: 13%, 25%, and 63% (shown in Table 2).
Our analysis of individuals’ strategies starts by checking whether the last players in
sequential contests best respond, since their strategies are the most straightforward — they
either fold or call, depending on their abilities and the current highest effort. We find that
the majority of last players (77% in Seq-G2 and 65% in Seq-G3) in sequential contests best
respond. There is a also strong indication of learning: in the second half of the experiment,
the percentage of best responses increases to 83% in Seq-G2 and to 74% in Seq-G3.17
Next, we examine all other players’ strategies, except the middle players’ in the SeqG3 condition (which will be discussed later), since their choices will have to depend on
their preceding players’. Table 7 presents the OLS regression results, predicting the deviation of individuals’ observed effort from their BNE predictions (i.e., δ = actual effort −
predicted effort) for all players in simultaneous contests and the first players in sequential
contests. The independent variables include the ability factor and the period variable to
16
The comparison of winning probability between the middle player and the last player is also statistically
significant (14% vs. 22%, p = 0.011, one-sided test of proportions).
17
Because z-Tree requires a maximum decimal point for any numerical input, subjects’ efforts were restricted to four decimal points in our experiment. Therefore, we use 0.0001 as the increment of best responses, i.e., when a player plays the call strategy, she should simply make an effort that equals the existing
highest effort, plus 0.0001. To account for subjects’ imprecision in entering their efforts, we checked our
results using 0.001, 0.01 and 0.1, and found no significant changes to our results.
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Table 7: The Deviation from BNE Predictions: OLS Regressions
Simultaneous
Sequential
N=2
N=3
N=2
N=3
(1)
(2)
(3)
(4)
Ability
-4.05 -10.50**
2.75
-0.17
(1.99) (2.81)
(3.29) (3.38)
Period
0.02
-0.02
0.01
-0.10
(0.06) (0.06)
(0.09) (0.15)
Constant 3.07
1.41*
1.02
1.65
(0.58) (0.58)
(1.01) (1.76)
Notes: The standard errors are clustered at the session level.
** p < 0.05, * p < 0.1

control for learning effects.18 The results show that except in the Sim-G3 treatment, no
estimated coefficients are significantly different from zero. In the Sim-G3 treatment, both
coefficients on the constant term and the ability factor are statistically significantly different
from zero (p < 0.1 for the former and p < 0.05 for the latter). The signs indicate that for
low ability participants, there is over-investment of effort (the coefficient on the constant
term, 1.41, is positive) but the extent of over-investment decreases in the ability factor (the
coefficient on the ability factor, -10.50, is negative), eventually leading to under-investment.
To get a sense of the absolute amount of over- or under-investment by participants
across all treatments, we compute the mean deviation, δ̄, by the four quantiles of the ability
distribution and find that only high ability players in the Sim-G3 condition exert significantly lower effort than BNE predictions. That is, in the highest quantile of the ability
distribution, i.e., a > 0.32, the average deviation is -5.05 and the difference is significantly
lower than zero (p = 0.034, one-sided one-sample signed rank tests).19
18

We also ran probit regressions where the dependent variable is the likelihood of overbidding, and the
results are qualitatively consistent.
19
Following Muller and Schotter (2010), we used a switching regression model to examine whether the
individuals’ effort function was continuous. The switching regression model fit the data significantly better
than BNE predictions based on the sum of squared deviation (SSD) measure (Sim-G2: 21.37 vs. 549.83,
p < 0.01; Sim-G3: 25.04 vs. 695.77, p < 0.01, one-sided signed-rank tests), indicating that the bifurcation
effect also exists in our data. Nevertheless, this switching regression model could not explain why the effort
levels of high ability contestants in Sim-G3 were lower than BNE predictions.
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Altogether, these results reveal that with two contestants, the observed effort levels in
simultaneous contests are consistent with BNE predictions, in line with findings from previous experiments using similar experimental protocols (Grosskopf et al., 2010; Potters et
al., 1998). In contrast, with three contestants, the effort levels of high ability contestants in
simultaneous contests are significantly lower than BNE predictions. This contradicts previous findings (Muller and Schotter, 2010; Noussair and Silver, 2006) where high ability
contestants (from a uniform distribution) over-invest their effort. Both Muller and Schotter
(2010) and Noussair and Silver (2006) rationalize their data using models of risk-aversion,
which cannot explain the seemingly counterintuitive result here. In the following, we discuss why under-investment is observed for high ability contestants in the Sim-G3 treatment,
but not in the Sim-G2 treatment and not for high ability first players in sequential contests.
We conjecture that the under-investment in effort by high ability contestants in Sim-G3
contests is due to overconfidence (Moore and Healy, 2008) — people tend to overestimate
their chances of success in comparison to their average peers — in particular driven by
our choice of power distribution for the contestants’ ability factors. Although the power
distribution is a good approximation for the empirical distribution of participants’ abilities
in crowdsourcing markets (Araujo, 2013; Yang et al., 2008b), it is relatively hard for experimental participants to work with, compared to the uniform distribution function which is
often used in previous experimental studies (e.g., Muller and Schotter, 2010; Noussair and
Silver, 2006).20 In particular, compared to a uniform distribution, the power function features a larger proportion of low ability contestants, which makes a draw of relatively high
ability a rare event. We suspect that it could easily lead to a contestant’s overestimation of
her winning probability whenever a high ability factor is drawn for her.
Our first piece of evidence to support the overconfidence effect comes from the belief
data (recall that in the experiment we elicited subjects’ beliefs of their winning probabili20

The power distribution used in our experiment has been described by its quantiles in the experimental
instructions. See Appendix G for details.
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ties before letting them make their effort choices). Using this data, we can verify whether
the subjects had misbeliefs about their winning probabilities. Indeed, in Sim-G3, subjects believed they were 7% more likely to win than predicted by BNE and this difference
is marginally significant (p = 0.072, one-sided signed rank tests). In contrast, in SimG2, no statistically significant overestimate of winning probabilities was observed (-1%,
p = 0.358, one-sided signed rank tests). This is understandable, since it is more difficult to
compute one’s winning probability in a three-player contest than in a two-player one. Additionally, overconfidence only occurs if one judges herself against the average of a group
of others, rather than against another individual (Alicke et al., 2004), which explains why
overconfidence does not occur in the Sim-G2 treatment but only in the Sim-G3 treatment.
To further quantify this overconfidence, we define individual players’ misperceived
winning probabilities as follows:
1. In Sim-G2, it is P)(ai ) = a!ci for i ∈ {1, 2}.

c
2. In Sim-G3, it is P)(ai ) = a2!
i for i ∈ {1, 2, 3}.

c
!
c) 1−!c .
3. In Seq-G2, it is P)(a1 ) = (a1 ∗ )

2!
c−!
c2

4. In Seq-G3, it is P)(a1 ) = (a1 ∗ (2)
c−)
c2 )) 1−!c2 .

Obviously, the lower the )
c, the stronger the overconfidence, i.e., the extent to which the

probability of winning is over-estimated. Using non-linear regression models, we obtained
the point estimations of )
c based on the belief data (see results reported in Table 8). We find
that the best fitting c̃ in the Sim-G3 treatment is 0.18, which is significantly smaller than
0.25 (p = 0.03), while the estimated c̃ is exactly 0.25 in the Sim-G2 treatment.
Furthermore, we use this best fitting c̃ to simulate participants’ corresponding effort
choices. For simplicity, we use the BNE effort function to generate the efforts, while

replacing the actual c with the estimated c̃. For example, in the Sim-G3 treatment, the
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Table 8: The Estimated c̃ from Belief Data
Simultaneous
Sequential
N=2 N=3
N=2 N=3
(1)
(2)
(3)
(4)
c̃
0.25 0.18
0.21 0.15
Std.Err. 0.03 0.02
0.01 0.01
P-value 0.5
0.03
0.03 0.00
R2
0.79 0.79
0.66 0.60
Note: P-values are reported from one-sided t-tests
with the null hypothesis c̃ = 0.25.

predicted effort for a player with an ability factor of ai is biBLF (ai ) =

2c̃
a1+2c̃ .
1+2c̃ i

In

Figure 4, the solid line represents BNE efforts calculated with c = 0.25 and the dotted line
represents efforts simulated with c̃ = 0.18 (The left panel is for the full range of a ∈ [0, 1]
and the right panel shows the same curves but zooms in on the low ability range, i.e.,
a ∈ [0, 0.25]). We observe that the simulated efforts are higher than BNE predictions in the
low ability range but become lower than BNE in the high ability range, consistent with the
previously described pattern of actual observed efforts.
Figure 4: BNE vs. Simulated Efforts in Sim-G3 Treatment
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Furthermore, to assess model fit, we follow Muller and Schotter (2010) by computing
the sum of squared deviations (SSD) of the BNE model (BNE) and the overconfidence
model based on belief data (BLF). That is, for each individual i and across all t rounds,
*
*
t BLF
t BN E
− (bti )obs )2 and SSDiBNE = 18
− (bti )obs )2 , where
SSDiBLF = 18
t=1 ((bi )
t=1 ((bi )

(bti )obs denotes observed efforts. Table 9 reports the average SSD in each treatment. Column
2 reports the average SSDiBNE and Column 3 reports the average SSDiBLF . We find
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that, in the Sim-G3 treatment, the average SSDiBNE is statistically significantly higer than
SSDiBLF , indicating that our proposed overconfidence model fits the data significantly
better than the BNE predictions.
Table 9: Overview of the Sum of the Squared Deviations (SSD)
Average SSD based on
Wilcoxon Signed rank test
Treatment BNE
BLF
One-sided p values
Sim-G2 3912.5
3912.5
0.36
Sim-G3
814.8
678.9
0.035
Seq-G2
806.0
815.2
0.135
Seq-G3
340.4
337.8
0.36

Moving on to sequential contests, the individual behaviors there show a different pattern. Although the first players in both Seq-G2 and Seq-G3 also overestimate their winning
probabilities (Seq-G2: 4.74% higher than BNE, p = 0.034; Seq-G3: 12.65% higher than
BNE, p = 0.034, one-sided signed rank tests) and the estimated )
c in the misperceived win-

ning probability is significantly lower than c = 0.25 (Column 3 and 4 in Table 8), they
do not significantly over- or under-invest their effort, as shown in Table 7 (Column 3 and
4) earlier.21 This suggests that overconfidence does not lead to high ability contestants’
under-investment in sequential treatments. The reason, we speculate, is due to high ability
contestants’ raising their effort to compensate for their positional disadvantages (recall that
here we only examine the first players in sequential contests and according to Proposition 1,
they face substantial positional disadvantages).
Last, we checked the middle players’ behaviors in the Seq-G3 treatment. We find that
these players exert higher effort than predicted by their Best Response (BR) functions, and
this is particularly true for high ability players. Recall that depending on the first player’s
actual effort, a middle player can choose one of the three strategies: fold (make zero effort),
21

Consistently, results from Table 9 show that the BLF model does not fit the data significantly better than
the BNE model.
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call (match the first player’s effort), or raise (make an effort higher than the first player’s).22
We compute δ, the difference between their actual effort and the BR predictions. For
players who should fold according to their BR predictions, their mean deviation, δ̄, is 1.36
and is statistically significantly higher than zero (p = 0.034, one-sided one-sample signed
rank tests). Of those who should call, many (33%) fold, resulting in an under-investment
(δ̄ = −2.12, p = 0.072, one-sided one-sample signed rank tests).23 When they should
raise, however, they over-invest significantly (δ̄ = 3.27, p = 0.034, one-sided one-sample
signed rank tests). These behaviors suggest that sequential contests are fairly complex
games, even with a small number of players.
Summarizing our entire individual level analysis, we find some over-investment in effort in sequential contests, although most participants do not deviate far from their BNE
predictions, except for those high ability contestants in the Sim-G3 treatment. We construct
a simple behavioral model of overconfidence to explain why these Sim-G3 players underinvest their effort as opposed to over-investing, as predicted by models of risk-aversion.
The overconfidence model fits our data and rationalizes the observed behavior.

6 Conclusion
While crowdsourcing contests have become increasingly popular for for-profit and nonprofit organizations to outsource tasks to the crowd on the Internet, our understanding of the
various mechanisms for conducting these contests is still limited. In particular, the existing
literature offers little guidance in choosing between two of the most popular mechanisms:
open (contests in which each contestant enters sequentially and can make a decision based
on observations of prior submissions) and blind contests (contests in which no one can view
22

The observed first players’ effort indicates that 25% of the middle players should fold, 9% should call,
and 66% should raise.
23
The difference becomes statistically nonsignificant in the second half of the experiment
(mean difference = −1.75, p = 0.233, one-sided one-sample signed rank tests).
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others’ submissions until the contest closes).
Our study is the first to analytically compare open and blind contests as well as to experimentally test the theoretical predictions under incomplete information. In particular,
we show that blind contests are superior to open contests both in generating better highest quality solutions and in producing more efficient outcomes. We also show, somewhat
counterintuitively, that blind contests are not necessarily always more wasteful than open
contests.
By and large, our results are consistent with prior empirical findings comparing open
and blind contests, even though these studies have focused on a slightly different performance measure, the participants average (rather than highest) effort or quality. Both
Boudreau and Lakhani (2014) and Liu (2013) report that blind contests lead to higher average effort. Wooten and Ulrich’s (2013) study finds differential effects of contest mechanism
on participants submission quality: high ability contestants do better in blind contests and
low ability ones do worse. This result, we argue, could suggest higher quality best solutions
in blind contests (as predicted by our analysis), if we assume that higher ability contestants
are more likely to produce the highest quality solutions.
Nevertheless, due to our focus on participant incentives, and our assumption that ability
and effort determine quality, our simple model cannot capture all the important dynamics in
crowdsourcing. This is particularly true for creative or innovative tasks for which a solver’s
output could be influenced by factors beyond her effort or ability, e.g., inspiration or collaboration. When these factors are taken into account, open contests might fare better against
blind contests, by either reducing the initial cost of coming up with an idea (Wooten and
Ulrich, 2013) or by helping the contestants coordinate their search for the most promising
problem-solving approaches (Boudreau and Lakhani, 2014).
Even so, our analytical as well as laboratory-experimental approaches complement
these prior empirical studies by analyzing the same problem in a highly abstracted en42

vironment that strip away idiosyncratic factors of actual crowdsourcing platforms. Our
analysis sheds light on the incentive aspect of open and blind contests, which is one of the
important elements in greater innovation (Boudreau and Lakhani, 2014).
In future work, for realism, a number of modeling assumptions need to be relaxed.
These assumptions include our specific distributional assumption for contestants’ ability
factors (as highlighted by Yang et al., 2011), the implicit assumption of the one-entryper-participant rule and exogenous entry timing (as highlighted by Bockstedt et al., 2014).
Task uncertainty could also be an influencer of crowdsourcing participants’ strategic decisions (Boudreau et al., 2011), and explicitly modeling such uncertainties could provide
guidance to choosing between open and blind contests based on problem characteristics.
The managerial implications of this study are straightforward. If the solution quality
for a task depends primarily on the solver’s ability and effort, the contest holder is better
off choosing a blind over an open contest, in order to profit from the best solution. A
social planner (which could be the crowdsourcing contest platform) may also prefer blind
contests since they produce more efficient outcomes, and do not necessarily waste more
effort among all participants. For problems that involve high innovation, open contests may
be considered together with their negative impacts on participants’ incentives for putting
forth effort.
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Online Appendices
A Probability of Winning
We first prove Proposition 1.
Proof. Consider two contestants i and j (j > i) with ability factors ai and aj respectively.
We only consider the cases in which either i or j wins the contest, and see if j has a higher
chance of winning than i. As the distribution of ai and aj are i.i.d., both have an equal
chance to be larger.
First consider the case when aj > ai . If the winner is between i and j, it must be that
qj ≥ qi . Note that here qj = qi is a shorthand for qj = qi + ϵ, which would imply that the
later player outperforms the earlier one. If player i folds, i.e., qi = 0, then by definition
qj ≥ 0, so qj ≥ qi holds. If player i raises, i.e., qi = qi∗ , player j will either call or raise,
since aj > (qi∗ )dj (due to aj > ai ). Last, if player i calls, i.e., qi = max{qk (ak )}k<i , then j
will also either call or raise, again due to aj > ai .
Next, we consider the opposite case in which ai > aj . If qi = qi∗ , then as long as
aj > (qi∗ )dj , player j will either call or raise. This is possible as we can easily verify that
(qi∗ )dj < ai . If qi = max{qk (ak )}k<i , then [max{qk (ak )}k<i ]di < ai . Since dj > di , we
arrive at [max{qk (ak )}k<i ]dj < ai , which shows that aj > [max{qk (ak )}k<i ]dj is possible,
in which case j will either call or raise.
Lemma 1 provides the closed-form solution for the winning probability of player i.
Lemma 1. The expected probability of winning of player i in an n-player sequential contest
is the sum of the following three items, A, B, and C:
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A =

*i−1 *i
m=1

(1−dl−1 )
dm
l=m+1 "l−1 (1−dk )c [
k=1
c

−

(1−dl−1 ) dl−1

c "n
k=1,k̸=l∼i dk
dl−1

c "n
k=1,k̸=l∼i dk

−(1−dl ) dl
#n
k=1,k̸=l∼i dk

"n
k=1,k̸=l∼i−1 dk

c "n
k=1,k̸=l∼i−1 dk

−(1−dl ) dl
k=1,k̸=l∼i−1 dk

#n

c

]

#n

i−1
d
%
dm (1 − di ) di k=1 k (1 − (1 − di )c )
B=
(
*
( ik=1(1 − dk )c ) nk=1 dk
m=1

c

Note, the notation

*n

#n

d

di (1 − di ) di k=1 k
C = (i
*
( k=1 (1 − dk )c ) nk=1 dk

k=1,k̸=l∼i dk

means

*n

k=1 dk

−

*i

k=l

dk .

Proof. For a given player i to win, there are only three scenarios:
∗
A. There is an existing highest effort initially made by player m (m < i). qm = qm

and

∗ )di
(qm
1−di

∗
> 1. Player i wins by calling, thus qi = qm
+ ϵ. For any player j (j > i),

∗ dj
) .
aj < (qm
∗
,
B. There is an existing highest effort initially made by player m (m < i). qm = qm
∗ )di
(qm
1−di

∗ di
< 1, and (qm
) < ai <

∗ )di
(qm
.
1−di

In this case, player i wins by calling, thus

∗
∗ dj
+ ϵ. For any player j (j > i), aj < (qm
) .
qi = qm

C. Player i’s qi∗ is higher than any previous player’s effort, such that player i wins by
raising, thus qi = qi∗ . For any player j (j > i), aj < (qi∗ )dj .
We use A (B, C) to denote the probability of player i winning under the scenario A
(B, C). For ease of exposition, let us define d+
a db =
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db

(1−da ) da
1−db

, which implies d+
n db = 0.

, dl−1
(n
!
dm (l−1
∗
∗
∗ di
(
P
(q
<
q
))P
(a
>
(q
)
)
i
m
m
k
k=1,k̸
=
m
j=i+1 P (aj <
$
dl dm
,d d (
∗ )di (n
(qm
∗ dj
∗
∗
∗ di
) )dF (am ). B = 0 i m i−1
(qm
k=1,k̸=m P (qk < qm )P ((qm ) < ai < 1−di )
j=i+1 P (aj <
,1(
(n
∗ dj
∗
∗
∗ dj
) )dF (am ). C = 0 i−1
(qm
k=1 P (qk < qi )
j=i+1 P (aj < (qi ) )dF (ai ).
So A =

*i−1 *i
m=1

l=m+1

B Proof for Proposition 2
1

Proof. We define a function q(x; a) = (a(1 − x)) x , by letting x = (1 − c)n−i . Note that x
is a monotonically increasing function of i (1 ≤ i ≤ n).
q ′ (x; a) = −

1
1
1
1
1
ln (1 − x)
1
)
(1 − x) x a x ln a + a x (1 − x) x (−
−
2
2
x
x
x(1 − x)

The sign of q ′ (x; a) is the same as the sign of − ln a − ln (1 − x) −
ln (1 − x) +

x
,
1−x

then f ′ (x) =

x
(1−x)2

x
.
1−x

Let f (x) =

> 0. We also have − ln a ∈ (0, ∞), f (0) = 0, and

f (1) = ∞. So for any given a ∈ (0, 1), there exists a unique x∗ , such that q ′ (x∗ ; a) =
0; q ′ (x; a) > 0 if x < x∗ ; q ′ (x; a) < 0 if x > x∗ . So q(x; a) will increase until x = x∗ ,
then decrease; in other words, q(x; a) attains its global maximum at x∗ . Setting q ′ (x; a) = 0
and the FOC is equivalent to
x∗
− ln (1 − x∗ ) = 0
− ln a −
∗
(1 − x )

(4)

Given that the solution to the FOC is unique, every a uniquely determines an x∗ . An explicit
functional form for x∗ (a), however, cannot be obtained, so we apply the implicit function
theorem to Equation (4), and obtain

dx∗
da

∗ 2

)
= − (1−x
< 0.
ax∗

Since we treat i as a continuous variable, i.e. i ∈ [1, n − 1] (Note that q(1; a) = 0 <
q(1 − ϵ; a) implies that î must be less than n), then x ∈ [(1 − c)n−1 , 1 − c]. We need to
consider three scenarios, x∗ < (1 − c)n−1 , (1 − c)n−1 ≤ x∗ ≤ 1 − c and x∗ > 1 − c.
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If x∗ < (1 − c)n−1 , we have î = 1, then

∂ î
∂n

=0,

∂ î
∂c

= 0 and

∂ î
∂a

=

∂ î dx∗
∂x∗ da

= 0.

If (1−c)n−1 < x∗ < 1−c , we have x∗ = (1−c)n−î , which means that î is a function of
x∗ , c and n. By implicit function theorem we know

∂ î
∂c

>0,

∂ î
∂n

> 0 and

∂ î
∂a

=

∂ î dx∗
∂x∗ da

< 0.

.
If x∗ > 1 − c , we have î = n − 1, then

∂ î
∂n

=1>0,

∂ î
∂c

= 0 and

∂ î
∂a

=

∂ î dx∗
∂x∗ da

= 0.

Given these three scenarios, it is straightforward to check when x∗ = (1 − c)n−1 or
x∗ = 1 − c we have

∂ î
∂c

≥0,

∂ î
∂n

≥ 0 and

∂ î
∂a

≤ 0.

C Proof for Proposition 3
Proof.
∂EHQSim
=
∂n

(5)
(2n−1)c2 (1+(n−1)c)(2nc−c+1)−n(n−1)c2 (c(2nc−c+1)+2c(1+(n−1)c))
(1+(n−1)c)2 (2nc−c+1)2

Therefore, it is equivalent to showing the following:
(2n − 1)c2 (1 + (n − 1)c)(2nc − c + 1) − n(n − 1)c2 (c(2nc − c + 1) + 2c(1 + (n − 1)c)) > 0
This can be simplified to:
F (n) ≡ (3n2 − 4n + 2)c − (n − 1)2 c2 + 2n − 1 > 0
As F (2) > 0, and F ′ (n) = (6n − 4)c − 2(n − 1)c2 + 2 > 0, therefore, F (n) ≡
(3n2 − 4n + 2)c − (n − 1)2 c2 + 2n − 1 > 0 always hold.
To show EHQSim increases in c, we need to show
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∂EHQSim
=
∂c

(6)
2

2

−n)c (2(2n
v 2cn(n−1)(1+(n−1)c)((2n−1)c+1)−(n
(1+(n−1)c)2 (2nc−c+1)2

2 −3n+1)c+3n−2)

.

It is equivalent to show that 2cn(n − 1) + c2 n(n − 1)(3n − 2) > 0, which is straightforward.

D Proof for Proposition 4
Proof. We start by deriving the expected highest bid if bidder i’s bid is the highest, denoted
by EHQSeq
i . For bidder i’s bid to be the highest, first, it has to be that any preceding bidder
k’s (k ∈ {1, . . . , i − 1}) bid, qk , satisfies

d

qk i
1−di

≤ ai .

Second, for qi to be the highest, all bidders after bidder i, thus bidder j (j ∈ {i +
1, . . . , n}), have to bid zero or qi (qi + ϵ, to be exact). Recall that bidder j’s equilibrium
bidding function has three parts. The third part does not exist if

d

qi j
1−dj

≥ 1, in which case,

bidder j only has the choices of bidding zero or qi , regardless of the value of aj . For
d

qi j
1−dj

di

≥ 1 to hold for bidder j, ai has to be in the range of

Further, since (1 − dj )

1
dj

(1−d ) dj
[ 1−dj i

is a decreasing function of j, if

, 1].
d

qi j
1−dj

≥ 1 is satisfied for

bidder j, it is satisfied for all bidders after j. So to account for all possibilities, we start
di

by integrating ai over

d
i+1 ) i+1
[ (1−d1−d
i

, 1], the range in which the value of qi will make all

subsequent bidders choose either zero or qi , followed by integrating ai over the next lower
di

range,

d
i+2 ) i+2
[ (1−d1−d
i

di

,

again define d+
a db =
Taken together,

(1−di+1 ) di+1
1−di
db
(1−da ) da

1−db

], and so on. Following the notations used in Lemma 1, we

, which implies d+
n db = 0.
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EHQSeq
i

n %

d!
j−1 di

j−1
.
qkdi
qidm
< ai )
P (am <
)f (ai )dai
1
−
d
1
−
d
$
i
m
d
d
j
i
j=i+1
m=i+1
k=1
⎛
⎞c
dk
j−1
n - d!
j−1 di
%
.
di
⎝ (ai (1 − di )) ⎠ f (ai )dai
=
qi
1 − dk
$
j=i+1 dj di
k=1,k̸=i
⎛
⎞c
dk
j−1
n - d!
j−1 di
%
.
di
⎝ (ai (1 − di )) ⎠ cac−1
=
qi a−c
dai
i
i
1 − dk
$
j=i+1 dj di
k=1

=

n
%

qi

i−1
.

P(

1

c(1 − di ) di
=
(j−1
c
m=1 (1 − dm )
j=i+1

-

d!
j−1 di

d$
j di

1
−1
di

ai

(ai (1 − di ))

c
di

#j−1

k=1

dk

dai

1
- d!
n
1
j−1 di
c (1−c)
1
−1
c(1 − di ) di
(
−1)
d
=
ai i (ai (1 − di )) di c (1−c)j−1 dai
(j−1
c
d$
j di
m=1 (1 − dm )
j=i+1
&
'
1+(1−c)n−j+1 −(1−c)n
1+(1−c)n−j+1 −(1−c)n
dj−1
dj
c (1 − dj−1 )
− (1 − dj )
n
%
=
#j−1
(
c )( 1+c m=1 dm )
( j−1
(1
−
d
)
j=i+1
m
m=1
di

n
%

(7)

Note that the above derivation uses the formula for the sum of a geometric series, i.e.,
*j−1 1
*j−1
(1−c)n
n
( (1−c)1 j−1 − 1).
k=1 dk = (1 − c)
k=1 (1−c)k =
c
over all i ∈ {1, · · · , n}, we obtain
Summing up EHQSeq
i

EHQSeq

&
'
1+(1−c)n−j+1 −(1−c)n
1+(1−c)n−j+1 −(1−c)n
dj−1
dj
c (1 − dj−1 )
− (1 − dj )
n %
n
%
=
#j−1
(
c )( 1+c m=1 dm )
( j−1
(1
−
d
)
i=1 j=i+1
m
m=1
di
'
&
1+(1−c)n−j+1 −(1−c)n
1+(1−c)n−j+1 −(1−c)n
dj−1
dj
c (1 − dj−1 )
− (1 − dj )
n %
n
%
=
(8)
(
n−j+1 −(1−c)n
c 1+(1−c)
( j−1
)
i=1 j=i+1
m=1 (1 − dm ) )(
di

As n increases to infinity, EHQSeq has an upper bound of 1e . This can be easily seen
1

1

since EHQSeq < (1 − (1 − c)n−1 ) (1−c)n−1 and limn→∞ (1 − (1 − c)n−1 ) (1−c)n−1 = 1e . This
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upper bound is not tight.

E Proof for Theorem 1
Proof. Due to the complexity of the expression for EHQseq , standard methods involving directly taking derivatives do not work. We start by simplifying the inequality we aim to prove. First, since the last bidder never raises, we have

1

HQSeq (n, c) = max{(ai (1 − di )) di |i = 1, 2, · · · , n − 1}
which implies,

HQSeq (n, c)

1

1

≤ (1 − d1 ) d1 (max{ai |i = 1, 2, · · · , n − 1}) dn−1
1

1

HQSeq (n, c) ≤ (1 − d1 ) d1 (max{ai |i = 1, 2, · · · , n − 1, n}) dn−1

(9)
(10)

Given that F (a) = ac , the distribution of the highest ai out of {a1 , a2 , · · · , an } is
fa(n) (a) = nanc−c cac−1 = ncanc−1 , where fa(n) (a) denotes the nth order statistic of
a. Therefore, Equation (10) implies

Seq

EHQ

(n, c) ≤ (1 − (1 − c)

n−1

)

= (1 − (1 − c)n−1 )
Similarly, Equation (9) implies
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1
(1−c)n−1

1
(1−c)n−1

-

1

1

a 1−c ncanc−1 da
0

nc
1
nc + 1−c

(11)

1

EHQSeq (n, c) ≤ (1 − (1 − c)n−1 ) (1−c)n−1

(n − 1)c
1
(n − 1)c + 1−c

(12)

The rest of the proof proceeds as follows. Starting with Equation (11), Steps 1 ∼ 6
prove that EHQSim (n, c) > EHQSeq (n, c) holds for n ≥ 5. Starting with Equation
(12), Step 7 proves that EHQSim (n, c) > EHQSeq (n, c) holds for n < 5. The
reason why the proof has to be broken into two parts is because while Equation (11)
is relatively easier to work with in proving the cases of n ≥ 5, it cannot be used
to prove the cases of n < 5 because it enlarges EHQSeq (n, c) too much such that
1

(1 − (1 − c)n−1 ) (1−c)n−1 nc+nc 1 < EHQSim (n, c) does not hold for n < 5.
1−c

Step 1. Show that inequality

Nc
2N c+c+1

1

> (1 − (1 − c)N ) (1−c)N (N = n − 1) implies

EHQSim (n, c) > EHQSeq (n, c).
Now, we re-write the expression for EHQSim (n, c) as

1
(n−1)c nc+ 1−c
nc
1
1+(n−1)c 2nc−c+1 nc+ 1−c

. Com-

paring this expression and Equation (11), we know that if we could show (1 −
1

(1 − c)n−1 ) (1−c)n−1 <

1
(n−1)c nc+ 1−c
,
1+(n−1)c 2nc−c+1

we would have shown EHQSim (n, c) >

EHQSeq (n, c). Replacing n − 1 with N, we obtain that if we could show that the
following inequality holds for N ≥ 4, we would have completed the proof (note that
1
nc+ 1−c
1+(n−1)c

> 1):

1

(1 − (1 − c)N ) (1−c)N <

Nc
2Nc + c + 1

(13)

Step 2. Show that if we could prove that Equation (14) has a unique solution of
c = 0, we would have shown that inequality (13) holds.

1

(1 − (1 − c)N ) (1−c)N −

58

Nc
=0
2Nc + c + 1

(14)

First, given that N ≥ 4, when c = 1 we must have
1
Nc
N
1
− (1 − (1 − c)N ) (1−c)N =
− > 0.
2Nc + c + 1
2N + 2 e

If ∃ c ∈ (0, 1), s.t.
1
Nc
− (1 − (1 − c)N ) (1−c)N < 0.
2Nc + c + 1

By continuity, ∃ )
c ∈ (c, 1) s.t.

1
N)
c
− (1 − (1 − )
c)N ) (1−!c)N = 0,
2N)
c+)
c+1

which contradicts the assumption that Equation (14) has a unique solution.
Step 3. For any N > 0 and t ∈ {1, 2, · · · }, we construct a sequence cN
t that
satisfies the difference equation (Equation (15)), and show that, for any given
N, proving that Equation (14) has a unique solution of c = 0 is equivalent to
showing that the sequence cN
t converges to zero, i.e., its infima is zero.
To construct the sequence cN
t for any given N, we define a difference equation:

1
Nct+1
− (1 − (1 − ct )N ) (1−ct )N = 0.
2Nct+1 + ct+1 + 1

(15)

Solving ct+1 from Equation (15), we get
1

ct+1 (N, ct ) =

Define function h(N, x) =

(1 − (1 − ct )N ) (1−ct )N

1

(16)

N − (2N + 1)(1 − (1 − ct )N ) (1−ct )N

x
,
N −(2N +1)x

function g(N, c) = (1 − (1 − c)N )

which is an increasing function of x. Define

1
(1−c)N
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, and we know g(N, c) increases in c. Taken

together, the properties of both function h(N, x) and g(N, c) imply that

∂ct+1 (N,ct )
∂ct

>

0.
N
Equation (15) induces a sequence {cN
satisfy (15) | cN
t } =: {ct
0 = 1}, which

has two properties: 1) the sequence monotonically decreases; and 2) cN
t > 0 for any
N > 0 and any t ≥ 0. We first establish property 1) by induction. Due to Equation
N
(15) and cN
0 = 1, we know c1 =

and

∂ct+1 (N,ct )
∂ct

1
(e−2)N −1

N
N
N
< 1, i.e. cN
1 < c0 . Given that ct < ct−1

N
N
N
> 0, we know ct+1 (N, cN
t ) < ct (N, ct−1 ), i.e. ct+1 < ct , ∀t ≥ 0.

N
To establish property 2), since {cN
t } monotonically decreases, we know ct ≤ 1,
1
N )N

N (1−ct
which implies 0 ≤ (1 − (1 − cN
t ) )

≤ 1e , ∀t ≥ 0. It also should be noted that

h(N, x) ≥ 0, ∀N ≥ 4, ∀x ∈ (0, 1e ]. Therefore we have shown that cN
t > 0 for any
N ≥ 1 and any t ≥ 0.
Last, we show that the sequence {cN
t } converges to zero if and only if Equation (14)
has a unique solution c = 0. To prove sufficiency, since {cN
t } is monotonic and
N
bounded, it must converge. We denote its limit as 3
c = limt→∞ cN
t . Substituting {ct }

into Equation (15) and taking limits on both sides, we arrive at

1
N3
c
− (1 − (1 − 3
c)N ) (1−#c)N = 0,
2N3
c+3
c+1

Given that this equation has a unique solution of zero, we know 3
c = 0, i.e. the
sequence {cN
t } converge to zero.

To prove necessity, suppose there exists another solution to Equation (14), i.e., a
c̄ ∈ (0, 1), s.t.

1
N c̄
− (1 − (1 − c̄)N ) (1−c̄)N = 0,
2N c̄ + c̄ + 1

it means ct+1 (c̄, N) = c̄ by (16). Because c̄ ∈ (0, 1) and {cN
t } converges to zero,
∂ct+1 (N,ct )
N
N
> 0 together imply ct+1 (N, cN
∃ t, s.t. cN
t ≥ c̄ > ct+1 . But ct ≥ c̄ and
t ) ≥
∂ct
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ct+1 (N, c̄), i.e. cN
t+1 ≥ c̄, leading to a contradiction.
Taken together, given that {cN
t } monotonically decreases, if it converges to zero for
any N, inequality (13) must hold. More precisely, if we can show that the infima of
{cN
t } is zero for all N ≥ 4, inequality (13) must hold. The next two steps (Step 4
and 5) establish this by induction.
Step 4. Show that for N = 4, ∀c ∈ (0, 1), the infima of the sequence {cN
t } is zero.
In preparation for the proof, we first establish a few useful limits and an inequality:

lim (1 − (1 − c)N ) ln (1 − (1 − c)N ) = 0
c→0

1

lim(1 − (1 − c)N ) (1−c)N

−1

c→0

x < − ln (1 − x) <

(17)
(18)

=1

x
, ∀x ∈ (0, 1)
1−x

(19)

To prove Equation (17),
lim (1 − (1 − c)N ) ln (1 − (1 − c)N ) =
c→0

=
=
=

ln (1 − (1 − c)N )
c→0 (1 − (1 − c)N )−1
(1 − (1 − c)N )−1 N(1 − c)N −1
lim
c→0 −N(1 − c)N −1 (1 − (1 − c)N )−2
lim

lim −(1 − (1 − c)N )

c→0

0

To prove Equation (18),
N

lim(1 − (1 − c) )

c→0

1
(1−c)N

−1

limc→0

=e

(1−(1−c)N ) ln (1−(1−c)N )
(1−c)N

= 1 ( by (17))

To prove the inequalities in (19), we observe that when x = 0, 0 = − ln (1 − 0) =
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0
.
1−0

Taking derivatives with respect to x and note that 1 <

1
1−x

<

1
,
(1−x)2

∀x ∈

(0, 1), it is straightforward to show that inequalities in (19) hold.
Next, we define function f (N, c) =
(1−(1−c)N )

1
(1−c)N

Nc
,
2N c+c+1

and recall that we have defined g(N, c) =

. Then we derive their first, second, and third order partial deriva-

tives with respect to c as follows,

N
∂f (N, c)
=
∂c
(2Nc + C + 1)2
∂ 2 f (N, c)
−2N(2N + 1)
=
2
∂c
(2Nc + c + 1)3
6N(2N + 1)2
∂ 3 f (N, c)
=
∂c3
(2Nc + c + 1)4
1
∂g(N, c)
N ln (1 − (1 − c)N )
N
= (1 − (1 − c)N ) (1−c)N (
+
)
∂c
(1 − c)(1 − (1 − c)N )
(1 − c)N +1
2
1
N 2 (1 − (1 − c)N )(ln (1 − (1 − c)N ))2
∂ 2 g(N, c)
N (1−c)N −1 2N + N
=
(1
−
(1
−
c)
)
(
+
∂c2
(1 − c)2
(1 − c)2N +2
2N 2 ln (1 − (1 − c)N ) N(N + 1)(1 − (1 − c)N ) ln (1 − (1 − c)N )
+
+
).
(1 − c)N +2
(1 − c)N +2
Observing that for any given N, we have f (N, 0) = g(N, 0) = 0,
∂g(N,c)
|c=0
∂c

s.t.

∂f (N,c)
|c=0
∂c

=

= N (by Equations (17), (18)), if we can find an open interval (0, c(N)),

∂ 2 f (N,c)
∂c2

∂ 2 g(N,c)
,
∂c2

>

∀c ∈ (0, c(N)), we must have f (N, c) > g(N, c), ∀c ∈

(0, c(N)). In the following steps (a) ∼ (e), we will show that c(N) exists for all N.
Step (a). By
so

∂ 2 g(N,c)
∂c2

Step (b).

∂ 3 f (N,c)
∂c3

∂ 2 g(N,c)
∂c2

2 g(N,c)

∂c2

∂ 2 f (N,c)
∂c2

< −2N(2N + 1) would imply

1) ⇐ (1 − c)2 ∂
c)2 ∂

> 0, we know

>

∂ 2 f (N,c)
|c=0
∂c2

∂ 2 f (N,c)
∂c2

< −2N(2N + 1) ⇔ (1 − c)2 ∂

2 g(N,c)

∂c2

>

∂ 2 g(N,c)
.
∂c2

2 g(N,c)

∂c2

= −2N(2N + 1),

< −(1 − c)2 2N(2N +

< −2N(2N + 1). Thus, we just need to show (1 −

< −2N(2N + 1).
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Step (c). We observe, first, the last term of

c)N )

−1

= e

(1−(1−c)N ) ln (1−(1−c)N )
(1−c)N

1

(1 − (1 − c)N ) (1−c)N

−1

is less than zero. Second, by

(1−(1−c)N ) ln (1−(1−c)N )

the inequalities in (19), we have −1 <
1
(1−c)N

∂ 2 g(N,c)
∂c2

(1−c)N

< 0, so (1 − (1 −

∈ (e−1 , 1), which implies 2N 2 + N >

(2N 2 + N). Utilizing these two observations, we have

1
∂ 2 g(N, c)
2
N (1−c)N −1
<
2N
+
N
+
(1
−
(1
−
c)
)
(1 − c)2
∂c2
& 2
'
N (1 − (1 − c)N )(ln (1 − (1 − c)N ))2 2N 2 ln (1 − (1 − c)N )
+
.
(1 − c)2N
(1 − c)N

If we can show −2N(2N + 1) is greater than the RHS of the above inequality,
we would have shown (1 − c)2 ∂

2 g(N,c)

∂c2

< −2N(2N + 1). Collecting items and

simplifying, we need to show the following,

−

N
1
3(2N + 1)
−1 ln (1 − (1 − c) )
> (1 − (1 − c)N ) (1−c)N
N
(1 − c)N
&
'
(1 − (1 − c)N ) ln (1 − (1 − c)N )
+2
(1 − c)N

(20)

Step (d). Substituting x = (1 − c)N into inequalities (19), we have −1 <
4
5
(1−(1−c)N ) ln (1−(1−c)N )
(1−(1−c)N ) ln (1−(1−c)N )
< 0, implying 1 <
+ 2 < 2.
(1−c)N
(1−c)N

Therefore, the following inequality holds,
ln (1 − (1 − c)N )
ln (1 − (1 − c)N )
>
(1 − c)N
(1 − c)N

&

'
(1 − (1 − c)N ) ln (1 − (1 − c)N )
+2 .
(1 − c)N

That is, the following inequality would imply that inequality (20) holds,
1

− 3(2NN+1) > (1 − (1 − c)N ) (1−c)N
1

By (1 − (1 − c)N ) (1−c)N

−1

−1 ln (1−(1−c)N )
(1−c)N

∈ (e−1 , 1) and (1 − c)N < 1, we have
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1

(1 − (1 − c)N ) (1−c)N

N
− (1 − c)N )
−1 ln (1 − (1 − c) )
<
e
(1 − c)N
(1 − c)N

−1 ln (1

< e−1 ln (1 − (1 − c)N ).
Therefore, to prove inequality (20) we need to establish the following inequality,

−

3(2N + 1)
> e−1 ln (1 − (1 − c)N )
N

(21)

Step (e). Solving inequality (21), we arrive at

c(N) =: 1 − (1 − e

−3e(2N+1)
N

1

)N

It is easy to check that 0 < c(N) < 1 for any given N. By our definition of
c(N), whenever c ∈ (0, c(N)), we have

∂ 2 g(N,c)
∂c2

<

∂ 2 f (N,c)
,
∂c2

which implies

g(N, c) < f (N, c).
Going back to the case of N = 4, we have c(4) = 1−(1−e

−27e
4

1

) 4 > 2.6×10−9.

That is, for c ∈ (0, 2.6 × 10−9 ), we have f (N, c) > g(N, c) for N = 4. Now,
as long as we can show that the iteration process indicated by the difference
equation (Equation (15)) can reach a t such that c4t < 2.6 × 10−9, we would
have shown that the infima of the sequence {c4t } is zero. Indeed, with the help
of MATLAB, we can calculate that such a t exists (t = 6, 246, 758) such that
c4(6246758) < 2.6 × 10−9 .
N +1
}. Show that cN
Step 5. Compare the two sequences {cN
t }, and {ct
t >
+1
, ∀t ≥ 1.
cN
t
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N +1
First, we show that if g(N, cN
), then g(N, cN
t ) ≥ g(N + 1, ct
t+1 ) > g(N +
+1
1, cN
t+1 ). By Equation (16) and our definition for g(N, c), h(N, x), we get
1
6
7
g(N, ct+1 (ct , N)) = 1 − (1 − ct+1 (N, ct ))N (1−ct+1 (N,ct ))N
1
6
7
= 1 − (1 − h(N, g(N, ct)))N (1−h(N,g(N,ct ))N

= g(N, h(N, g(N, ct)))

Treating g(N, ct ) = x ∈ (0, 1e ] as a constant and consider the function
1

g(N, h(N, x)) = (1 − (1 − h(N, x))N ) (1−h(N,x))N
where x ∈ (0, 1e ]. We claim that

dg(N,h(N,x))
dN

8
∂g dc
∂g 88
dg(N, h(N, x))
=
+
dN
∂c dN
∂N 8c=

< 0.

x
N−(2N+1)x

&

1
ln(1 − (1 − c)N )
= (1 − (1 − c) )
+
1 − (1 − c)N
(1 − c)N
'8
&
8
Nx(1 − 2x)
8
−
ln
(1
−
c)
−
8
(1 − c)(N − (2N + 1)x)2
x
c=
N

1
(1−c)N

'

N−(2N+1)x

Using inequality (19), we obtain
dg(N,h(N,x))
dN

1
1−(1−c)N

+

ln(1−(1−c)N )
(1−c)N

> 0, so the sign of

x(1−2x)
is the same as that of − (NN
− (1 − c) ln (1 − c). Using in−(2N +1)x)2

x(1−2x)
+c <
equality (19) again, we have −(1−c) ln (1 − c) < c. So if − (NN
−(2N +1)x)2

0, then

dg(N,h(N,x))
dN

< 0. Since c =

x
,
N −(2N +1)x

x(1−2x)
inequality − (NN
+c<
−(2N +1)x)2

(1−2x)
+ 1 < 0. Since x ∈ (0, 1e ], we have
0 is equivalent to inequality − (N N
−(2N +1)x)
(1−2x)
x
+ 1 = − (N −(2N
< 0. So we get
− (N N
−(2N +1)x)
+1)x)

dg(N,h(N,x))
dN

< 0. It means

N +1
N +1
in sequences {cN
} respecthat if we have two points cN
t and ct
t } and {ct
N +1
) = x ∈ (0, 1e ] (e.g., g(N, cN
tively, s.t. g(N, cN
t ) = g(N + 1, ct
0 ) = g(N +
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+1
N +1
1, cN
) = 1e ), we must have g(N, cN
0
t+1 ) > g(N + 1, ct+1 ). Further more, if we
N +1
N +1
),we also have g(N, cN
have g(N, cN
t ) > g(N + 1, ct
t+1 ) > g(N + 1, ct+1 ).

To see this, since

∂g(N,c)
∂N

N
> 0, we have g(N + 1, cN
t ) > g(N, ct ). By conti-

+1 N
, ct ) s.t.
nuity of function g(N, c), we know there must exist a c)t N +1 ∈ (cN
t

N +1
)t N +1 ), which implies g(N, cN
).
g(N, cN
t+1
t ) = g(N + 1, c
t+1 ) > g(N + 1, c9

By

∂ct+1 (N,ct )
∂ct

+1
> 0 we know ct+1 (N + 1, c)t N +1 ) > ct+1 (N + 1, cN
), i.e.
t

N +1
N +1
+1
+1
> cN
) > g(N + 1, cN
c9
t+1
t+1
t+1 , which implies g(N + 1, c9
t+1 ) (as func-

tion g(N, c) monotonically increases in c). Taken together, we have g(N, cN
t+1 ) >
+1
g(N + 1, cN
t+1 ) .
N +1
N +1
) implies cN
Second, we show that g(N, cN
t ) ≥ g(N + 1, ct
t+1 > ct+1 . Re-

write Equation (16) as ct+1 (N, ct ) = h(N, g(N, ct)). Then, since

∂h(N,c)
∂N

< 0,

N +1
N +1
N
) implies cN
g(N, cN
t ) = g(N + 1, ct
t+1 > ct+1 . Similarly, g(N, ct ) >
+1
N +1
N
) also implies cN
g(N +1, cN
t
t+1 > ct+1 . This is because, since g(N +1, ct ) >

g(N, cN
t ) (due to g monotonically increasing in N) and the fact that g is a
+1 N
, ct ) s.t. g(N, cN
continuous function, there must exist a c)t N +1 ∈ (cN
t
t ) =

N +1
as we just proved. Further, as
g(N + 1, c)t N +1 ), which implies cN
t+1
t+1 > c9
∂ct+1 (N,ct )
∂ct

N +1
+1
N +1
N
> 0, we know c9
> cN
t+1
t+1 . That is, ct+1 > ct+1 .

N +1
) imThe previous two steps have established that g(N, cN
t ) ≥ g(N + 1, ct
N +1
N +1
N
plies both g(N, cN
t+1 ) > g(N + 1, ct+1 ) and ct+1 > ct+1 . Now consider the
N +1
N +1
}. Since g(N, cN
) = 1e , we know
sequences {cN
t } and {ct
0 ) = g(N + 1, c0
N +1
N +1
N +1
) and cN
. Then g(N, cN
)
g(N, cN
1 ) > g(N + 1, c1
1 > c1
1 ) > g(N + 1, c1
N +1
N +1
) and cN
. This iterative process
implies g(N, cN
2 ) > g(N + 1, c2
2 > c2
N +1
, ∀t.
proves cN
t > ct

Step 6. Show (13) hold for N ≥ 4, ∀c ∈ (0, 1).
N +1
, ∀t > 0 and ∀N > 0, which implies that the
Step 5 established that cN
t > ct
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infima of the sequences {cN
t } are non-increasing in N. Together with the fact
that the infima of the sequence {c4t } is zero (step 4) and cN
t > 0 (step 3), the
infima of the sequence {cN
t } (for any N) must be zero, which implies inequality
(13) holds for N ≥ 4, ∀c ∈ (0, 1).
Step 7. Show that EHQSim (n, c) > EHQSeq (n, c) holds for n < 5.
Recall that we only need to show that
1

(1 − (1 − c)n−1 ) (1−c)n−1

(n − 1)c
Sim
(n, c)
1 ≤ EHQ
(n − 1)c + 1−c

(Equation (12) ) holds for n = 2, 3 and 4. Again, we rewrite EHQSim (n, c) as
1
+(n−1)c
1−c

1+(n−1)c

(n−1)c
nc
1
2nc−c+1 (n−1)c+ 1−c

. Since

1
+(n−1)c
1−c

1+(n−1)c

1

(1 − (1 − c)n−1 ) (1−c)n−1 <

≥ 1 , we only need to show
nc
2nc − c + 1

Replacing n − 1 with N, the above inequality becomes
1

(1 − (1 − c)N ) (1−c)N <

(N + 1)c
2Nc + c + 1

Now, in Step 4. (steps (a) ∼ (e)), we have proved that for any N, there exists a
1

c(N), such that ∀c ∈ (0, c(N)), (1 − (1 − c)N ) (1−c)N <

Nc
.
2N c+c+1

This would

imply that
1

(1 − (1 − c)N ) (1−c)N <

(N + 1)c
2Nc + c + 1

Therefore, using the same logic as in Step 4., for the rest of the proof, we only
need to check that the sequence induced by
1
(N + 1)ct+1
− (1 − (1 − ct )N ) (1−ct )N = 0
2Nct+1 + ct+1 + 1
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can iterate from c0 = 1 to c(N), for N = 1, 2 and 3 (thus n = 2, 3, and 4). It is
easy to compute that c(3) > 1.8 × 10−9 , c(2) > 6 × 10−10 and c(1) > 2 × 10−11
. With the help of MATLAB, we can show c3(61) < 1.8 × 10−9 , c2(42) < 6 × 10−10
and c1(31) < 2 × 10−11 .

F Proof for Proposition 5
Proof. Let the utilization ratio in a contest of n players with an ability distribution parameter c be U(n, c). We first derive the utilization ratio in simultaneous contests, U Sim (n, c).
The total effort in a simultaneous contest is ET QSim (n, c) =
2nc−c+1
,
nc+1

n(n−1)c2
,
(nc+1)(1+(n−1)c)

hence U Sim (n, c) =

1+c
which is always less than 2. Substituting n with 2, we have U Sim (2, c) = 2 − 1+2c
.
2−c

Seq

ET Q

(2, c) =

(1−c)c 1−c
1+c−c2

+

2−c
1−c

,1,1

= 2 (1−c)c
−
1+c−c2
c

1

1
0 (a1 c) 1−c
2
(1−c)c 1−c

1+2c−c2

(a1 c) 1−c dac2 dac1

.

2

1+c−c
Sim
(2, c) <
And U Seq (2, c) = 2 − c 1−c 1+2c−c
2 , which is also less than 2. The fact that U

U Seq (2, c) is implied by the following inequalities
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1+c
1+2c

>

1+c−c2
1+2c−c2

>

c
1+c−c2 1−c
c .
1+2c−c2

G Experimental Instructions: SEQ-G2
Name:

ID Number:

Total Payoff:

This is an experiment in decision-making. You will make a series of decisions in the
experiment, followed by a post-experiment questionnaire. Please note that you are not
being deceived and everything you are told in the experiment is true.
Each of you has been assigned an experiment ID, i.e. the number on your index card.
The experimenter will use this ID to pay you at the end of the experiment.
Rounds: The experiment consists of 20 rounds of three-person games. The first 2
rounds are practice rounds, i.e., you will not receive payments from these two rounds. The
payment you earned in each of the remaining 18 rounds will be cumulated toward your
final payment.
Grouping: At the beginning of each round, you will be randomly grouped with two
other people in the room. You are equally likely to be grouped with anyone in the room.
Endowment and Prize: At the beginning of each round, each of you will be given 120
tokens. You will use these tokens to compete for a prize which is worth 100 tokens.
Winning: In each round of the game, you will choose an effort level and the person
with the highest effort level among the three will receive the prize of 100 tokens.
Procedure: The three participants in each group are called: Participant 1, Participant2
and Participant 3 based on the order in which they enter the game. The order is randomly
assigned by the computer at the beginning of each round.
1. If you are Participant 1, you will be the first one to choose your effort. After observing your effort, Participant 2 and 3will choose their efforts subsequently.
2. If you are Participant 2, you will first observe Participant 1’ effort and then choose
yours. Both yours and the Participant 1’s efforts will be observed by Participant 3
before he/she makes a decision.
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Table 10: Ability Distribution
Ability Factor Percentile
0
0
0.004
25%
0.06
50%
0.32
75%
1
100%

3. If you are Participant 3, you will observe Participant 1’s and 2’s efforts first and then
choose yours.
Effort Range: Your effort can be any number with four decimal points between [0,
120]. Tie-Breaking: If two or three of you make the same highest effort, the computer will
randomly choose one as the winner.
Ability Factor: The ability factor captures the idea that it sometimes costs more or less
to make the same effort: A person with a higher ability has a lower cost. At the beginning
of each round, the computer will randomly draw a different ability factor for everyone,
following the distribution described below. Your ability factor is private information: only
you know it and do not inform any other participant of your private information.
Your ability factor is a number randomly drawn between [0, 1], according to the following distribution function: F (x) = x0.25 . Do not worry if you do not understand this
equation the distribution will be illustrated in a table and a graph below. The table below
shows the percentiles of the distribution of ability factors.
For instance, the 25th percentile is 0.004. It indicates that with a 25% chance, your
ability factor is below 0.004. Thus with a 75% chance, it is above 0.004.
The 50th percentile is 0.06. It indicates that with a 50% chance, your ability factor is
below 0.06 whereas with a 50% chance, it is above 0.06.
For your reference, we also provide you with a graph of the distribution of the ability
factor below. As you can observe in the graph, you are more likely to receive a low ability
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factor than a high ability factor.
[Insert Figure]
Your net earnings in a game: In each round, your earnings in the game will be determined by (1) your effort; (2) other participants’ efforts; (3) and your ability factor. Specifically,
Your net earnings in a game= The amount of the prize if you win-Your Cost = 100 or
0-your effort/ability factor For example, if in a given round, the computer draws an ability
factor of 0.5 for you, and you choose an effort of 10, then
(1) If you win, then your earning will be 100-10/0.5 = 80 tokens
(2) If you lose, then your earning will be 0-10/0.5 = -20 tokens
Calculator: To help you calculate your earning, we provide a calculator on the topright corner of your screen. If you enter an effort level that you are considering in the box
and then click the “compute” button, your cost, net earnings if you win, net earnings if
you lose will be shown in the result box. Remember, you will always pay your cost, no
matter whether you win or lose. Moreover, if the calculator shows that your net earnings
are negative even when you win, it suggests that the effort level you considered is too high.
Predicting Your Winning Probability:
Before you choose an effort, you will be given an opportunity to earn extra money by
predicting how likely you will win the game. You will be asked the following questions:
Given your ability factor: x, and your are Participant y, estimate the probability that
you will win ()?
Estimate the probability that any other participant will win ()?
If you think there is a 90% chance that you will win and a 10% that someone else will
win, answer 90 to the first question and 10 to the second. If you think there is a 67% chance
that you will win and hence a 33% that someone else will, answer 67 to the first question
and 33 to the second. Each number you answer should be an integer between 0 and 100
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and the two numbers have to add up to 100.
You are paid based on the accuracy of your prediction. The more accurate your belief
is, the more you will earn. Since your prediction is made before you know others’ efforts,
the best thing you can do is to simply state your true belief.
If you believe that you will win with a 100% chance and you actually win, you will
be rewarded 2 tokens. If you believe that someone else will win with a 100% chance (in
other words, you will lose for sure) and someone else actually wins, you will be rewarded
2 tokens as well.
Here’s another example. Suppose you believe that you will win with a 90% chance and
someone else will win with a 10% chance.
1. If you win, your prediction payoff is:
2 − (1 − 90%)2 − (0 − 10%)2 = 1.98
2. If someone else wins, your prediction payoff is:
2 − (0 − 90%)2 − (1 − 10%)2 = 0.38
Your Total Payoff in Each Round:
Your Payoff in each round= Your net earnings in the game +Your endowment of 120
tokens + Your payoff in predicting your winning probability
Cumulative Payoff: Your cumulative payoff will be the sum of your payoff in all
paying rounds.
Feedback: At the end of each round, you will receive the feedback on your screen
about the round.
History: Your ability factor, all three participants’ efforts, your Participant ID in the
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group (1/2/3), and your net earnings in the game in each previous round will be displayed
in a history box.
Exchange Rate: At the end of the experiment, the tokens you earned will be converted
to U.S. dollars at the rate of 1 = 110 tokens.
Please do not communicate with one another during the experiment or use your cell
phone. No food is allowed in the lab either. If you have a question, feel free to raise your
hand, and an experimenter will come to help you.
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H Post-Experiment Questionnaire
We are interested in whether there is a correlation between participants’ decision behavior
and some socio-psychological factors. The following information will be very helpful for
our research. This information will be strictly confidential.
1. Gender
(a) Male
(b) Female
2. Ethnic Background
(a) White
(b) Asian / Asian American
(c) African American
(d) Hispanic
(e) Native American
(f) Other
3. Age
4. How many siblings do you have?
5. Grad/Year
(a) Freshman
(b) Sophomore
(c) Junior
(d) Senior
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(e) > 4 years
(f) Graduate student
6. Major
7. Would you describe yourself as (Please choose one)
(a) Optimistic
(b) Pessimistic
(c) Neither
8. Which of the following emotions did you experience during the experiment? (You
may choose any number of them.)
(a) Anger
(b) Anxiety
(c) Confusion
(d) Contentment
(e) Fatigue
(f) Happiness
(g) Irritation
(h) Mood swings
(i) Withdrawal
9. In general, do you see yourself as someone who is willing, even eager, to take risks,
or as someone who avoids risks whenever possible? [7 point likert]
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10. Concerning just personal finance decisions, do you see yourself as someone who is
willing, even eager, to take risks, or as someone who avoids risks whenever possible?
[7 point likert]
11. In general, do you see yourself as someone who, when faced with an uncertain situation, worries a lot about possible losses, or someone who seldom worries about
them? [7 point likert]
12. Concerning just personal finance decisions, are you someone who, when faced with
an uncertain situation, worries a lot about possible losses, or someone who seldom
worries about them? [7 point likert]
13. In general, how competitive do you think you are? [7 point likert]
14. Concerning just sports and leisure activities, how competitive do you think you are?
[7 point likert]
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