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Abstract

We study how participants’ risk-taking decisions are affected by the rank-based rewards and
the competitiveness of the tournament. We create an experiment where participants can choose
a mean-preserving distribution of outputs, the realisation of which determines their rank in
a tournament. We find that participants opt for more risky distributions (distributions with
higher dispersion) when the competition is characterised by more inequality (in the prizes)
and more competitiveness (harder to get the top prize). Participants also choose more pos-
itively skewed distributions when the prize schedule is more convex (i.e, in winner-take-all
tournaments than in linear prize or elimination contests).
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1 Introduction

The seminal paper from Lazear and Rosen (1981) showed that tournaments can be used to
resolve the incompleteness of labour contracts and the issue of moral hazard. Since then,
the study of the effect of tournament incentives on behaviour has attracted a lot of atten-
tion in economics, management and finance. Given the challenges with identifying incen-
tives and strategy in naturally occurring contests, the experimental approach has played
an oversized role both in the lab (for a review, see Dechenaux et al., 2015) and in the field
(e.g. Brown, 2011; Leuven et al., 2011; Bandiera et al., 2013; Gauriot and Page, 2019; Deller
and Sandino, 2020).

The bulk of this literature investigates the effect of tournament incentives on effort,
which is typically the outcome tournament designers try to foster. Besides its effect on
effort, tournament incentives have however raised concerns for their possible undesirable
effects on excessive risk-taking since Hvide (2002).1 These concerns have grown over the
years, in particular in the aftermath of the Global Financial Crisis (GFC). Tournament in-
centives have been identified as one of the likely drivers of excessive risk-taking and large
volatility in financial markets (Diamond and Rajan, 2009; Kini and Williams, 2012; Kirchler
et al., 2018; Coles et al., 2018).

In this paper, we investigate the effect of tournament design on risk-taking decisions.
We study, in a general setting, how the prize structure and level of competition of a tourna-
ment affect the risk-taking decisions of contestants. We follow the theoretical framework
of Fang and Noe (2016) and place participants in an experimental rank-order tournaments
where they decide on the distribution of their performance, but not on their expected level
of performance. Specifically, participants can choose almost any distribution of positive
performance under a constraint of constant mean performance.2
1 Another undesirable effect, which is also a risky behaviour, is the possibility of sabotage (Carpenter et al.,

2010; Harbring and Irlenbusch, 2011).
2 Participants use a distribution builder that allows them to allocate as little as 1/100 of the distribution at a

time to different performance levels. See Section 2.3 for details.
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Our results suggest that participants react strategically to both changes in the prizes
awarded and changes in the number of opponents, in a way aligned with the predictions
from equilibrium play. First, any increase in the inequality of the allocation of the tour-
nament prizes leads to an increase in risk taking in the form of performance dispersion.
Second, when the increase in inequality takes the form of a greater convexity of the prize
schedule (i.e. closer to a winner-take-all tournament), the distribution of performance be-
comes more skewed with contestants aiming for increasing their chances of having one of
the highest performances (i.e., compared to a tournament with linear prize schedule or
to an elimination contest). Intuitively, a more convex prize schedule implies that moving
forward one rank on the top of prize schedule is more profitable than moving forward
one rank at the bottom of the prize schedule. Hence, contestants have stronger incentives
to stretch out the upper bound and fight for the highest prize. Third, when a contest be-
comes more competitive due an increase in the number of contestants, the distribution
of performances becomes slightly more dispersed, though this effect was not statistically
significant.

Overall these results point to the importance of studying and understanding how tour-
nament designs shape and influence contestants’ incentives to take risk. These incentives
can influence risky decisions in ways which can sometime run counter to the goal of the
contest designer. Both equilibrium predictions and our experiment results indicate that
these tournament features may lead to distortions in risk-taking behaviour which are of-
ten unaccounted for in discussion of tournament designs as incentive schemes that only
focuses on effort/performance choices. Whenever tournament designers’ incentives are
linked to the output of the contestants, taking into account these distortions is important
to understand the effect of tournament features on the risks faced by the tournament de-
signers.

Unfortunately, studying risk-taking strategies in tournaments in the field present sub-
stantial challenge for researchers. We typically only observe the ex-post realised perfor-
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mance from contestants, not the degree of risk they took ex-ante (for a notable exception
using chess competitions, see Parinduri et al., 2019). To avoid this problem, a few stud-
ies have used laboratory experiments to investigate the effect of tournament incentives on
risk-taking. Three papers are particularly related to our study. Gaba and Kalra (1999)
presented participants with several uniform distributions. The participants were asked to
choose one, from which their performance in the experiment would be drawn. The authors
observed that participants were more likely to choose a distribution with a wider spread
when the proportion of winners (those with the highest performance that receive the top
prize) was smaller. A different approach was adopted by Eriksen and Kvaløy (2017) who
placed participants in an interesting contest setting where the optimal strategy is not to
take any risk. The authors observed nonetheless that participants tended to a substantial
amount of risk. The closest study from ours is by Andersson et al. (2020). They studied
how, in a contest with three players, different prize structures influence the choice to make
efforts and take risks. Contestants could choose between different uniform distributions
from which their performance would be drawn. The authors found the winner-takes-all
prize schedule induce more risk-taking from contestants. These previous studies point that
risk-taking may be greater than desirable in the context of winner-takes-all tournament.
Our paper build on this literature and studies the effect of general features of tournament
designs on contestants’ risk-taking decisions.

The remainder of our paper is organized as follows. Section 2 provides our theoretical
model and experimental design. Section 3 discusses our laboratory results, and Section 4
concludes and discuss the implications of these results for organisations using tournament
incentives.
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2 Experimental Framework

In tournaments, participants can typically choose both a level of average effort/performance
and a level of risk to take. These two choices are usually not independent. Very risky
strategies may for instance be associated with lower performance on average but also a
greater chance of having an extremely good performance.3 Since the link between average
performance and performance distribution is unclear and likely specific to different tour-
nament settings, it is useful to look at a simplified situation where we isolate risk-taking
decisions from the concerns about average performance. Hence, our approach is to look
at tournaments where contestants do not face a trade-off between risk-taking and average
performance. Specifically, players choose the distribution of their performance, taking the
average performance as given.

2.1 Model

Our experimental design follows Fang and Noe (2016)’s formal framework. We present
here this framework and its predictions about equilibrium play. There are N contestants
competing forN ordered prizes, 0 ≤ v1 ≤ v2 ≤ ... ≤ vN−1 ≤ vN in a rank-order tournament.
Each participant i chooses a probability distribution, Fi, over non-negative performance
levels subject to an upper bound on the expected performance level:

∫ ∞
0

xdFi(x) ≤ µ. (1)

The parameter µ represents the average performance that the chosen distribution of out-
puts must not exceed. The prize allocation is based on the rank of the realized perfor-
mance levels with the highest performance receiving vN , the second highest, vN−1, and so
on. Ranks are randomly decided in case of a tie.
3 It is the case when contestants attempt to achieve a very difficult level of performance with the final out-

come being either a success or a failure. More ambitious targets can be associated with a lower expected
outcome but also with a better outcome in case of success.
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The main result of Fang and Noe (2016) is that this game has a unique, and symmet-
ric, equilibrium where contestants all choose the same distribution of performance. This
equilibirum distribution can be characterised by its quantile function:4

Qv(p) =
µN

V

N−1∑
i=0

(vi+1 − v1)Ci
N−1p

i(1− p)N−1−i, (2)

where V =
∑N

i=1(vi − v1) is the sum of all real gains available in the contest.5 From equa-
tion 2 it is clear that the equilibrium performance distribution is influenced both by the
prize schedule and by the number of participants.

Using this framework, we investigate how different contest features affect the risk-
taking behaviour of participants. Specifically, we focus on changes in the inequality and
convexity in the distribution of prizes, and on changes in the competitiveness and scale of
the contest.

Let’s start with the effect of the inequality in the prize schedule.

Definition 1 (Inequality) Let v = (v1, . . . , vn) and v′ = (v′1, . . . , v
′
n) be two prize schedules,

and let V and V ′ be the total real gains associated with v and v′. The prize schedule v′ is said to be

more unequal than v if:

k∑
i=1

v′i − v′1
V ′

≤
k∑

i=1

vi − v1
V

, ∀k ∈ {1, . . . , n− 1}.

A more unequal prize schedule is a distribution of prizes where the gains above the
minimum prizes are more concentrated toward the higher rank of the tournament. Specif-
ically, if vr= (0, v2−v1 . . . , vn−v1) and v′r= (0, v′2−v′1 . . . , v′n−v′1) are the respective vectors
of real gains from these two prize schedules, the prize schedule v′ is more unequal than v

if the Lorenz curve of v′r lies below the Lorenz curve of vr.
4 See Theorem 1, Corollary 1, and preceding lemmas in Fang and Noe (2016). The quantile function is the

inverse of the symmetric equilibrium performance distribution, which we denote by F .
5 The real gain of a prize is the amount in excess of v1, the prize for having the lowest performance.
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One aspect which makes a prize schedule more or less equal is its convexity. In par-
ticular, a prize schedule which is more convex than another one, as in Definition 2, is also
more unequal.

Definition 2 (Convexity) Let ∆vi = vi+1 − vi. A prize schedule is convex if ∆vj ≥ ∆vi when-

ever j ≥ i. A prize schedule is concave if ∆vj ≤ ∆vi whenever j ≥ i. Furthermore, keeping the

number of prizes in the schedule unchanged, a prize schedule v∗ is more convex than prize schedule

v, if ∆v∗j/∆v
∗
i ≥ ∆vj/∆vi, whenever i ≤ j.

Proposition 1 (Inequality, convexity and risk taking) Inequality and convexity influence the

dispersion and skewness of the performance distribution.

i. Tournaments with more unequal prize schedules induce more dispersion in performance.

ii. Tournaments with more unequal and more convex prize schedules also induce a greater skew-

ness in performance.

This proposition comes from propositions 5, 7 and 10 in Fang and Noe (2016). Dis-
persion is in terms of convex order: F is more dispersed than G if for any convex u(x),
EF [u(x)] ≥ EG[u(x)]. Inequality in gains increases the relative value of the highest prizes
leading contestants to put more weight on high outputs to compete for these prizes. More-
over, when the prize schedule is convex, the prize differences among higher ranks is larger
than the prize differences among the lower ranks. Therefore, the performance distribution
is stretched further on higher outputs than lower outputs leading to a positively skewed
distribution. When the prize schedule is concave, the prize differences among lower ranks
is larger than the prize differences among the higher ranks, leading to a negatively skewed
distribution. When the prize schedule is linear, or more generally, as long as the prize dif-
ferences are symmetric in the low-rank range and the high-rank range, contestants should
distribute their probability mass symmetrically along the performance levels.

In addition to the distribution of prizes, another important feature of a tournament is
the number of participants. While there are many ways to alter the prize structure when
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increasing the number of contestants, we restrict our attention here to two common forms.
First, we add more participants while keeping the number of non-losing prizes constant
(so new entrants only increase the number of contestants who will get a prize with the
same value as the lowest possible prize). Intuitively such increases make the tournament
more competitive: it is harder to get a prize above the losing prizes, as more contestants
vie for a limited number of non-losing prizes.

Definition 3 (Adding Entrants) Let v = (v1, . . . , vn) and ve = (ve1, . . . , v
e
n+e) be two prize

schedules of tournaments with n and n + e participants, respectively where e is an integer. The

contest with prize schedule ve has added entrants relative to the contest with prize schedule v if

vei = v1 for i ∈ {1, . . . , e} and vei = vi−e for i ∈ {e+ 1, . . . , e+ n}.

Second, we scale-up the tournament whereby the number of each existing prize increases
in the same proportion as the increase of contestants. In such cases, the overall shape of
the prize schedule (as reflected by its Lorenz curve) stays the same.

Definition 4 (Scaling-up) Let v= (v1, . . . , vn) and vs = (vs1, . . . , v
s
sn) be two prize schedules of

tournaments with n and sn participants, respectively where sn is an integer. The contest with prize

schedule vs is said to be a scaled-up version of the contest with prize schedule v by factor s, if the

vs is generated by making s copies of each prize in v.

Adding entrants or scaling up the contest both increase the dispersion of the contes-
tants’ performance distributions. The result follows from propositions 8 and 9 in Fang and
Noe (2016).

Proposition 2 (Entrant and scaling-up effects) Given v and v′ are the prize schedule of two

contests whereby the contest with v′ is obtained from the contest with v by adding more entrants

or scaling up the contest, then the dispersion of the equilibrium performance distribution for the

contest with prize schedule v′ is greater.
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In both cases, contestants must surpass more opponents in the larger contest to achieve
a higher valued prize. In the hope of doing so, contestants put more weight on high outputs
which leads to more dispersed output distributions.

2.2 Experimental design and predictions

We design an experiment which replicates this tournament design: participants compete
in a rank-order tournament by making risk-taking choices (i.e., choosing a probability dis-
tribution over performance) under a capacity constraint, µ = 3. The experiment includes
six tournament structures which vary in prize schedules or the number of contestants. Fig-
ure 1 shows the six prize schedules we implemented in the experiment (see the first and
the third row) along with the corresponding simulated equilibrium performance distribu-
tions (see the second and the fourth row).6

First, our treatments feature variations in the inequality and convexity of the prize
schedule of the tournament. The first row in Figure 1 presents three prize schedules with
different levels of convexity, and, therefore, inequality. The winner-take-all (WTA) prize
schedule corresponds to the situation where only one contestant gets the top prize valued
at 100, while the other contestants get the low prize valued at 10. The elimination contest

(EC3/4) is a concave prize schedule which has 3 contestants getting a top prize of 40 and 1
contestant getting a prize of 10. We add an intermediary design, the linear prize schedule,
in which contestants ranked from the lowest to the highest are rewarded 10, 25, 40 and 55,
respectively. These three prize schedules only differ in terms of their convexity, but have
the same number of prizes and total prize value of 130.

Our design also features variation in inequality that stems from changing the propor-
6 To obtain the simulated equilibrium performance distribution, we randomly draw 10,000,000 p values from

a uniform distribution of [0,1] for each treatment. The predicted performance levels (x) are generated
according to equilibrium quantile function (see Equation 2). By design constraints (i.e., participants can
only assign probability distributions over integer performance levels), the chosen distribution are de facto
discrete in our experiment. Thereforewe take the floor of the simulated performance levels to form a
discrete version of the theoretical distribution and use this discrete simulated theoretical distribution as
the benchmark for the observed distributions.
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Note: The first and third row are six prize schedules used in the experiment, the corresponding simulated
equilibrium performance distributions are the bar graph below each prize schedule. To make the predicted
distributions comparable to the observed distributions, we take the floor of the simulated values using the
quantile function and plot the discrete version of the theoretical distributions.

Figure 1: Prize schedules and simulated equilibrium distributions

tion of winners of the tournament, holding the number of participants and value of win-
ning and losing prizes fixed. When the proportion of winners is reduced, the inequality of
the prize structure increases. Hence, we use the elimination contest (EC3/4) and compare
it to EC2/4 where there are two, rather than three, contestants that receive the top prize of
40.

From Proposition 1, we make the following prediction:

Prediction 1 (Inequality and convexity effects)

i. The dispersion of performances increases from the elimination contest (EC3/4) to the linear

contest and from the linear contest to the winner-take-all contest (WTA).
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ii. The dispersion of performances increases from the EC3/4 contest to the EC2/4 contest.

iii. The equilibrium distribution is more positively skewed for WTA than for Linear contests, and

for Linear than for EC3/4.

Second, our treatments feature variations in the number of participants in the tourna-
ment. We add entrants to both the winner-take-all and elimination contests, only adding
additional prizes equal to 10, the lowest value. Specifically we compare winner-take-all
with four participants (WTA) and with six participants (WTA6), as well as comparing
EC3/4 and EC3/6. The final variation scales up EC2/4 by a factor of 1.5 to EC3/6. From
Proposition 2, we make the following prediction:

Prediction 2 (Entrant and scaling-up effects) The dispersion of the equilibrium distribution

is greater in:

i. WTA6 than WTA and in EC3/6 than EC3/4, both due to the addition of participants without

additional top prizes.

ii. EC3/6 than EC2/4 due to the proportional scaling up of the contest.

2.3 Experiment implementation

We conducted the experiment at Wuhan University from February to April 2019. In order
to get the same number of observation groups, we conducted 2 sessions for four 4-prize
treatments and 3 sessions for two 6-prize treatments which results in 14 sessions in total.7

Each session had 24 participants. In total, 336 students were recruited across the campus.
The experiment lasted around 1.5 hours and the average payment was 70 CNY.

The experiment contains two parts. Part 1 is an introduction which has 6 rounds of one-
shot games. Participants play each of the six prize schedules once in a random order. The
order of the 6 prize schedules are independently drawn for each participant. Participants
7 The order of the treatment is determined by random draw before conducting the experiment.
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Figure 2: Distribution builder: participants select markers (blue) and place them over number
values on the x-axis.They can do so either using their mouse, or the + and - buttons under each
number. Two numbers are written below the values on the x-axis in a budget box: the number of
markers placed on this value and the total cost corresponding to these markers (e.g. 30 markers on
“3” costs 90. At the bottom-left corner of the DB, there is a summary of (i) the number of markers
that have been allocated (the first row), (ii) the remaining markers that needs to be allocated (the
second row), and (iii) the total cost of the markers that has been used (the third row).

only make distribution decisions, they do not observe the contest results.8 We use Part 1
to familiarize the participants with the experimental interface and the prize schedules.

Part 2 is the main experiment. In Part 2, only one of the six prize schedules is used for
all participants for all 12 rounds. We name the treatment after the prize schedule used in
Part 2. Before the start of Part 2, participants are randomly assigned into groups of four in
WTA, Linear and EC3/4 treatments, or groups of six in WTA6 and EC3/6 treatments. These
groups stay the same for all 12 rounds. All the competitions are held within these groups.

In each round of each part, participants make their risk-taking decision by using a dis-
tribution builder (DB) to build their own performance distribution (Sharpe et al., 2000).
Figure 2 presents a screenshot of the DB we use in the experiment. Each participant has
8 Participants are told they compete with other contestants in the tournament, but they are not matched

when they make their decision. Computer randomly draws one prize schedule at the end of the exper-
iment. Participants’ decisions under that prize schedule are then matched to generate the tournament
result.
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100 markers to allocate to build a probability distribution against columns numbered 0
to 25.9 Each number represents a performance level. To implement the constraint on the
average performance, the participants are given a budget of 300. To place a marker on
given number, the participant incurs a cost equal to this number.10 For instance, the cost
of 1 marker placed on number 5 is 5, the cost of 2 markers on the number 5 is 10, and so
on. Participants can choose a risk free distribution by placing all their 100 markers on the
value 3. Alternatively they can choose a risky strategy by spreading the markers above
and below 3, but the sum of the values cannot exceed 300.11 Participants can only submit
the distribution when they use all 100 markers.

To help the participants make their decision, a budget box is placed to the bottom-left
corner of the distribution builder. The budget box indicates how many markers have been
used, how many markers are left and what is the total cost of the current distribution. Once
the participant changes the allocation, the budget box changes accordingly.

Once all group members submit their distribution, the participants’ performance is
drawn according to the distribution they built. The probability of a certain performance
level to be drawn is equal to the number of markers put on that number divided by 100. Par-
ticipants are then ranked according to their drawn performance, and prizes are allocated
to them according to their rankings. In the case of ties, prizes are randomly allocated.

In order to facilitate learning in Part 2, we add three features in each round: First, feed-
back information including every group member’s drawn number, ranking, and prize won
are disclosed at the end of each round. Second, on the DB builder page, we add a “reload”
button which participants can use to start from the distribution they built in the last round
9 The highest theoretical upper bound of the equilibrium distribution in the six treatments is 18, we chose

25 as the maximum performance level to make sure the participants’ choice of distribution is not bounded
by the design of the distribution builder.

10 As explained in the theory section, the performance levels do not have cost itself, the capacity constraint
imposes a shadow price on each performance level, here the cost of each marker put on the number is to
mimic the shadow price of the performances.

11 Saturating the budget constraint is trivial since moving a marker by one notch increases the budget used
by one unit. In practice, most of the time participants (more than 90% of the decisions) do so in the
experiment.
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and make adjustments for the current round. Lastly, we provide a history box to remind
participants of the numbers drawn from each group member’s distribution and the asso-
ciated allocation of prizes for all previous rounds.

At the end of the experiment, the computer randomly draws one round in Part 1 and one
round in Part 2 for payment. The prizes won in each part are converted to cash according
to the exchange rate of 1 ECU = 0.5 RMB and 1 ECU = 1 RMB respectively, and paid to
the participants together with their participation fee (20 RMB).12 In addition to the two
main parts, we also included a comprehension test and a practice round before Part 1 to
give participants a good understanding of the experiment. At the end of the experiment,
a questionnaire was used to collect demographic information and how participants made
their decisions.

3 Results

3.1 Overview of the data

Figure 3 compares the simulated equilibrium performance distributions (first row) and the
actual distributions chosen by participants in Part 1 (second row) and Part 2 (third row).
Comparing the distributions of Part 1 across all treatments, although participants slightly
shift their distribution with the change of the prize schedule, they always choose positively
skewed distributions no matter what prize schedule is implemented.13 Participants’ chosen
distributions get closer to equilibrium predictions in Part 2. The distribution in WTA6 has
the same shape as WTA but with a higher upper bound and a larger probability mass on
the lower end. We can aslo see that the performance distributions in treatment EC2/4 and
EC3/6 do look more like bi-modal distributions as predicted by the theory.
12 The exchange rate is around RMB 1 = USD 0.15. The average payment of this experiment is slightly higher

than the average hourly rate payment for a research assistant in the university.
13 Note that all the markers are initially placed outside the distribution builder, and participants have to move

them to their chosen integers (including 0). Hence, the positively skewed distributions across the board
is not likely to be an artefact of participants’ laziness.
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Note: The first row displays the simulated distributions from the equilibrium quantile function in each treat-
ment. The second and third row show the aggregate performance distributions chosen by the participants
in Part 1 and part 2, respectively.

Figure 3: Simulated equilibrium versus observed performance distributions in each treatment

Table 1 compares the distributions obtained from Part 2 of each treatment to the simu-
lated equilibrium predictions. The second column presents tests of the overall differences
in distributions. We build a bootstrap test based on the Kolmogorov-Smirnov (KS) test statis-
tic -D- which measures the distance between two cumulative distributions at each point
of x taking the value of the largest distance.14 The KS statistic indicates how different two
distributions are. The standard Kolmogorov-Smirnof test using this statistic requires dis-
tributions to be generated by i.i.d. observations. This is not the case in the distributions
we observe: each marker is part of a set of 100 markers allocated by a participant. Due
14 D = sup

x
|F1,n(x)− F2,m(x)|, where F1,n and F2,m are the empirical distribution functions of sample 1 and

sample 2
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to the budget constraint, a participant’s choice to allocate one marker depends on their
choices for their other markers. Therefore, we cannot test for differences in distributions
directly using the standard KS test. We therefore implement the bootstrap test whereby
we generate a distribution of KS statistics using the following sampling process repeatedly
for 1000 times: in each sampling, we randomly draw a population which is the same size
of the original population. All 12 rounds of distribution chosen by a participant will enter
this sample once the participant is drawn. We then pool all the performance distributions
chosen by the sampled participants and calculate a KS statistics against the simulated equi-
librium distribution. As a result of this 1000 repeated sampling, we have the distribution
of the KS statistics and test it against zero. The results from these bootstrap tests show that
the empirical distributions we observe differ significantly from the simulated equilibrium
predictions in all treatments.

Table 1: Comparing observed performance distributions to simulated equilibrium pre-
dictions

Overall dist. Dispersion (GMD) Skewness N
p-value NE Obs. p-value NE Obs. p-value

WTA p < 0.01 3.41 2.92 p < 0.01 1.12 0.453 p < 0.01 564
(0.931) (0.803)

Linear p < 0.01 1.94 2.17 p = 0.02 0 0.112 p = 0.22 576
(0.911) (0.965)

EC3/4 p < 0.01 0.97 1.63 p < 0.01 -1.23 0.043 p < 0.01 564
(1.165) (0.193)

WTA6 p < 0.01 4.04 3.41 p < 0.01 1.72 0.879 p < 0.01 864
(1.012) (0.837)

EC3/6 p < 0.01 2.31 2.13 p = 0.02 0 0.082 p = 0.23 864
(0.979) (0.903)

EC2/4 p < 0.01 2.21 2.09 p = 0.15 0 0.015 p = 0.85 576
(0.844) (0.931)

Note: The predicted skweness and GMD are calculated based on the simulated equilibrium dis-
tributions, respectively. p-value are p-values for GMD and skewness are based on one-sample
t-test clustered on individual level, comparing the observed statistics in Part 2 and the predic-
tions. Column ”N” indicates the number of observations.

Further looking at the dispersion and skewness of these distributions give us an idea of
how they differ. To measure the dispersion of performance, we use the Gini mean differ-
ence (GMD), the expected difference of two values drawn from the distribution.15 GMD
15 GMD= Σn

i=1Σn
j=1f(xi)f(xj)|xi−xj |. See Equation 25 in Fang and Noe (2016) for the closed-form expres-
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provides a uni-dimensional measure of dispersion which allows comparison between both
theoretical and observed distributions for all treatments.16 When distributions are ranked
by convex order, as in the predictions in Section 2.2, they are also ranked in terms of GMD.
Hence, in Table 1 we also present dispersion in GMD and skewness of the simulated equi-
librium predictions in all treatments. These values are compared to the GMD and skew-
ness calculated for the observed distributions using a t-test (clustered at the participant
level). We find that the observed distributions tend to be less dispersed in the observed
distributions in WTA, WTA6, and EC3/6, but more dispersed in Linear and EC3/4 than the
equilibrium predictions, and not statistically significant from the prediction in EC2/4.They
also tend to have less skewness (either positive or negative) than the simulated equilibrium
predictions. However, when the theory predicts neither a positive nor a negative skewness
(in Linear, EC3/6 and EC2/4), the observed skewness in these treatments are not signifi-
cantly different from zero either. 17In short, it seems that the observed distributions are, in
some sense, less extreme than the simulated equilibrium predictions. It may suggests an
under-adaptation of participants’ responses to the best response strategies predicted from
equilibrium play.

3.2 Treatment effects

We now compare the observed distributions across treatment to investigate whether they
display the comparative static predictions described in section 2.2.

We start with an overall test of difference in the shapes of the distributions, based on
the KS statistic. Since the markers generating the distributions are not iid observations,
we cannot use the KS test as such. We therefore design and implement a permutation test
based on the KS statistic to calculate an accurate p-value. The principle of this test is simple.
The KS statistic D∗ observed between the distributions in two different treatments is com-

sion of GMD.
16 Variance can be seen as a weaker measure of dispersion when distributions are far from normal ((Yitzhaki,

2003)).
17 The predictions for skewness are also calculated using simulated equilibrium distributions.

16



pared to the distribution FD of the KS statisticD obtained, when the participants’ decisions
(their chosen distributions) are permuted randomly across treatment (i.e. participants are
randomly relabelled as being from one or the other treatment). Under the null hypothe-
sis, the participants’ choices are then the same across treatments. The statistics D∗ should
then also be drawn from the distribution FD generated from the permutations. We can
therefore place D∗ in this distribution to get a p-value of the test that the distributions are
indeed the same across treatments: p = 1 − F (D∗).18 The detailed process of conducting
permutation test is described in Appendix B.

Table 3.2 displays the results of tests comparing each treatment with all the other treat-
ments. The first test, assessing the significance of differences over the whole distribution
is the permutation test discussed with the KS statistics. We observe that all treatments are
significantly different from each other. This indicates that, while the observed distribu-
tions differ from the theoretical ones, the participants’ behaviour reacted to the different
incentives provided in the different treatments.

18 E.g. If FD(D∗) = 0.99, p = 0.01: there is only 1% chance to observe a D greater or equal to D∗ under the
null.
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Table 2: Treatment comparisons

WTA Linear EC3/4 WTA6 EC3/6

Measure Diff p value Diff p value Diff p value Diff p value Diff p value

Linear Whole dist. - p < 0.01
GMD 0.74 p < 0.01
Skew. 0.34 p = 0.02

EC3/4 Whole dist. - p < 0.01 - p < 0.01
GMD 1.28 p < 0.01 0.54 p = 0.02
Skew. 0.41 p = 0.04 0.07 p = 0.70

WTA6 Whole dist. - p < 0.01 - p < 0.01 - p < 0.01
GMD -0.5 p = 0.01 -0.97 p < 0.01 -1.78 p < 0.01
Skew. -0.43 p < 0.01 -0.77 p < 0.01 -0.84 p < 0.01

EC3/6 Whole dist. - p < 0.01 - p < 0.01 - p < 0.01 - p < 0.01
GMD 0.78 p < 0.01 0.04 p = 0.80 -0.5 p = 0.02 1.28 p < 0.01
Skew. 0.37 p < 0.01 0.03 p = 0.79 0.03 p = 0.81 0.80 p < 0.01

EC2/4 Whole dist. - p < 0.01 - p = 0.02 - p < 0.01 - p < 0.01 - p < 0.01
GMD 0.82 p < 0.01 0.08 p = 0.61 -0.46 p = 0.03 1.32 p < 0.01 0.04 p = 0.76
Skew. 0.30 p < 0.01 0.10 p = 0.45 0.03 p = 0.90 0.86 p < 0.01 0.03 p = 0.90

Note: Tests of differences (column - row) between the performance distributions observed in different treatments,
overall and for specific distribution statistics.

In each comparison, the table also presents the tests for variations in dispersion (mea-
sured by GMD) and in skewness, using t-test with clustered standard errors at the level of
the participants (each participant produces 12 distributions in Part 2). Looking at how in-
equality affects risk taking, we find that the convex transformations of the prize schedule,
from EC3/4 to Linear and from Linear to WTA, increases the dispersion of the performance
distributions. The observed values of GMD are 1.63, 2.17 and 3.41 in treatments EC3/4,
Linear and WTA, respectively. All these differences are significant from each other. Sim-
ilarly, the observed GMD is significantly higher in EC2/4 than in EC3/4 (2.09 versus 1.63,
p = 0.03). For the skewness, the observed distributions become more positively skewed
as the convexity of the prize schedule increases (0.04, 0.11 and 0.45 in EC3/4, Linear and
WTA, respectively), all differences are significant except the one between the EC3/4 and
Linear.
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Result 1 (Inequality and convexity effects) Our results largely support Prediction 1:

i. For more unequal and convex prize schedules, participants opt for distributions of perfor-

mance with a greater dispersion when treatments EC3/4, Linear and WTA are compared.

ii. Participants also opt for a more dispersed distributions in EC2/4 than in EC3/4 as the inequal-

ity in prize schedule increases.

iii. Given a more convex prize schedule, participants also opt more a more positively skewed per-

formance distribution (i.e., WTS versue Linear or EC3/4. However, the degree of the skewness

(either positive or negative) are smaller than predicted (especially in EC3/4) such that the dif-

ference between Linear and EC3/4 is not significant.

Looking at the variations in contest sizes, the results are partially supportive of our
predictions. First, when new entrants are added without the addition of new prizes above
the losing prizes, we observe that there is significantly more dispersion in WTA6 relative to
WTA. There is also significantly more dispersion in EC3/6 than in EC3/4. Second, in the case
of the proportional scaling up, we compare treatments EC3/6 and EC2/4 with the former
being 1.5 times the size of the latter. Our KS permutation test shows that the distribution
in EC3/6 is significantly different from the distribution in EC2/4 (p < 0.01). The level of dis-
persion is slightly greater in treatment EC3/6, as predicted by Prediction 2.ii, though it is
not significant. Unlike the equilibrium performance distribution in other treatment which
is uni-modal, the equilibrium performance distributions in EC2/4 and EC3/6 are bi-modal.
The increase in dispersion of scaling up the tournament is not through the stretching out
the upper bound of the distribution, but through putting more probability mass on the
two modes. By observing the aggregate distributions in Figure 3, we can see that the per-
formance distributions in treatment EC2/4 and EC3/6 do have relative heavy mass on the
two ends of the distribution. However participants also put a small number of markers on
high performance levels beyond the theoretical upper bound (6). One possible limitation
of our design is that we only multiply the size of the contest by 1.5, starting from a small
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contest, a larger scale or a larger contest might be helpful to increase the power of the test
for the analysis of the scaling up effect.

Result 2 (Entrant and Scaling-up effects) Our results partially support Prediction 2:

i. The dispersion of the performance distribution increases when more participants are added

to the contest without adding additional top prizes (WTA6 versuse WTA and EC3/6 versus

EC3/4)

ii. In the case of proportional proportional scaling up the contest, the dispersion of the perfor-

mance is not significantly larger.

4 Conclusion

We investigate how key features of tournaments (inequality in the prize schedule and the
size of the contest) affect contestants’ risk-taking behaviour. Using a novel experimental
design allowing participants to flexibly choose their preferred degree of risk taking we
elicit the preferred performance distributions chosen by participants without any assump-
tions on the shape of the distribution.

Our experiment provides strong evidence that the performance distributions chosen
by the participants need not be symmetric. Participants in the experiment react to changes
in the design of tournaments in the direction predicted by comparative statics of the equi-
librium play: (1) increases in the inequality increase participant’s risk-taking behaviour
in terms of their dispersion of performance; (2) when this greater inequality is associated
with a greater convexity of the prize schedule, it also increases the skewness of the distri-
bution; (3) adding more contestants into the tournament induces participants to choose
riskier performance distributions that are more dispersed when it makes the tournament
more competitive.

In field contests, the most prevalent prize schedules are either convex or concave. For
example, in R&D contests, only the highest performance company get the prize; in the an-

20



nual evaluation within a company, only the lowest performance employee faces a career
crisis. Our study has important implications for field contests that resemble the charac-
teristics of the rank-order tournaments in which the primary choice variable is the level
of risks to be taken. The design of these tournaments may incentivize contestants to take
too much risk, potentially at the cost of the principals. Principals could underestimate the
likelihood of participants producing bad outcomes if they assume that the performance
distributions are always symmetric.
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Appendix A Additional results

A.1 Robustness check

To test the robustness of the treatment effect, we add individual characteristic variables
into the mixed regressions. The main results are not different from the what we observed
in the main paper.

In the following tables, gender, degree and major are category variables. Gender: ”1”
represents male while ”0” represents female. Degree takes value ”1”, ”2” and ”3” when
participant is an undergraduate, master and a doctoral student, respectively. Major equals
to ”1”, ”2”, ”3” and ”4” when the marjor is science and engineering, business and eco-
nomics, social science other than business or economics, others. Risk takes the value from
0 to 10, the higher the number is, the more risk loving the participant is.
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Table 3: Inequality and convexity effects: mixed regressions

Skew GMD
VARIABLES All Rnd Rnd. 7-12 All Rnd Rnd 7-12 All Rnd Rnd 7-12 All Rnd Rnd 7-12
Linear (cons) 0.112 -0.154 0.339 0.0119 2.167*** 1.983*** 2.097*** 2.084***

(0.126) (0.137) (0.303) (0.318) (0.161) (0.175) (0.324) (0.333)
WTA 0.338* 0.475** 0.351* 0.490** 0.749*** 0.894*** 0.752*** 0.924***

(0.179) (0.195) (0.184) (0.199) (0.229) (0.247) (0.222) (0.244)
EC3/4 -0.0713 -0.0615 -0.0864 -0.0660 -0.541** -0.632** -0.543** -0.613**

(0.179) (0.195) (0.185) (0.200) (0.229) (0.247) (0.223) (0.245)
Gender 0.273** 0.240** 0.0670 0.0503

(0.111) (0.116) (0.115) (0.115)
Degree -0.257 -0.180 -0.337* -0.393**

(0.191) (0.199) (0.199) (0.199)
Major -0.0939 -0.0679 0.00329 0.0314

(0.0692) (0.0721) (0.0719) (0.0722)
Risk 0.0160 0.00420 0.0815*** 0.0461

(0.0289) (0.0302) (0.0303) (0.0305)
σ2
group 0.100 0.131 0.116 0.143 0.22 0.275 0.202 0.265

(0.047) (0.055) (0.049) (0.057) (0.075) (0.087) (0.071) (0.084)
σ2
individual 0.320 0.334 0.289 0.312 0.331 0.326 0.31 0.311

(0.498) (0.052) (0.046) (0.049) (0.051) (0.050) (0.048) (0.048)
N 1704 852 1,704 852 1704 852 1,704 852
# of groups 36 36 36 36 36 36 36 36

Note: We run multilevel mixed regression for each measurement variable on the treatment dummy with Linear
treatment as the constant in the regression. Mixed regressions are controlled for individual and group level
random effects (See σ2

group and σ2
individual in the table). Standard errors are in the parenthesis. Significance

level: * significant at 10% level, ** significant at 5% level, *** significant at 1% level.
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Table 4: Inequality effect: mixed regressions

Skewness GMD
Model 1 Model 2 Model 1 Model 2

All Rnd Rnd. 7-12 All Rnd Rnd. 7-12 All Rnd Rnd. 7-12 All Rnd Rnd. 7-12
EC3/4 (cons.) 0.0401 -0.215 0.164 -0.0688 1.626*** 1.351*** 1.371*** 1.602***

(0.133) (0.150) (0.388) (0.445) (0.153) (0.175) (0.434) (0.428)
EC2/4 -0.0249 9.46e-05 -0.0305 -0.00422 0.461** 0.534** 0.399* 0.485*

(0.188) (0.212) (0.193) (0.218) (0.216) (0.247) (0.216) (0.248)
Gender 0.418*** 0.413** 0.0641 0.0423

(0.140) (0.160) (0.156) (0.149)
Degree -0.248 -0.251 -0.323 -0.596*

(0.287) (0.329) (0.321) (0.309)
Major -0.0584 -0.0553 0.0884 0.0664

(0.0838) (0.0962) (0.0935) (0.0896)
Risk 0.00563 0.00105 0.0885** 0.0530

(0.0337) (0.0386) (0.0377) (0.0368)
σ2
group 0.114 0.144 0.136 0.169 0.167 0.264 0.171 0.27

(0.063) (0.080) (0.067) (0.085) (0.083) (0.106) (0.083) (0.108)
σ2
individual 0.335 0.428 0.28 0.372 0.411 0.375 0.372 0.344

(0.064) (0.083) (0.056) (0.074) (0.075) (0.067) (0.069) (0.062)
N 1,140 570 1,140 570 1,140 570 1,140 570
# of groups 24 24 24 24 24 24 24 24

Note: Each measure indicator is regressed on the treatment dummy with EC 3/4 as constant using multilevel
mixed regression controlled for both individual and group level random effect. Standard errors shown in the
parentheses are clustered on group level. *** p < 0.01, ** p < 0.05, * p < 0.1.

Table 5: Entrant effect: Mixed regressions

Winner-takes-all Elimination contest
Skew GMD Skew GMD

All R. 7-12 All R. 7-12 All R. 7-12 All R. 7-12
Baseline (Cons.) 0.449*** 0.320*** 2.916*** 2.877*** 0.0406 -0.215 1.627*** 1.351***

(0.117) (0.123) (0.148) (0.163) (0.124) (0.133) (0.155) (0.173)
Entrant effect 0.430*** 0.485*** 0.499** 0.617*** 0.0411 0.0687 0.500** 0.612***

(0.159) (0.170) (0.203) (0.225) (0.167) (0.180) (0.211) (0.237)
σ2
group 0.099 0.137 0.177 0.233 0.086 0.114 0.166 0.234

(0.044) (0.050) (0.072) (0.087) (0.053) (0.061) (0.082) (0.102)
σ2
individual 0.223 0.153 0.292 0.297 0.343 0.338 0.432 0.444

(0.037) (0.025) (0.048) (0.048) (0.058) (0.056) (0.070) (0.071)
N 1,428 714 1,428 714 1,428 714 1,428 714
# of groups 24 24 24 24 24 24 24 24

Note: Baseline under WTA and EC column corresponding to WTA and EC 3/4. Column ”All Rnd” shows
the regression based on all 12 rounds data, while column ”R.7-12” shows the regression results based on
round 7 to round 12 data. Standard errors are clustered on group level. All the regressions are multilevel
regressions controlled for individual and group level random effect (See ). Standard errors are clustered
on the group level. *** p < 0.01, ** p < 0.05, * p < 0.1
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Table 6: Entrant effect: Mixed regressions with controlled variables

Winner-takes-all Elimination contest
Skew GMD Skew GMD

All R. 7-12 All R. 7-12 All R. 7-12 All R. 7-12
Baseline (Cons.) 0.275 0.186 3.166*** 3.208*** 0.0270 -0.0582 1.336*** 1.640***

(0.298) (0.261) (0.352) (0.362) (0.375) (0.377) (0.417) (0.428)
Entrant effect 0.412** 0.483*** 0.453** 0.579*** 0.0205 0.0505 0.483** 0.587***

(0.160) (0.172) (0.201) (0.223) (0.163) (0.180) (0.196) (0.228)
0.136 0.164** -0.0176 -0.0292 0.157 0.0819 0.0779 -0.0259

(0.0967) (0.0806) (0.113) (0.114) (0.130) (0.129) (0.143) (0.143)
Degree -0.0476 0.0287 -0.219 -0.256 -0.0184 -0.0225 -0.261 -0.579*

(0.167) (0.140) (0.195) (0.198) (0.279) (0.277) (0.307) (0.309)
Major -0.0619 -0.0423 -0.101 -0.0582 0.0225 0.0153 0.185** 0.198**

(0.0687) (0.0576) (0.0801) (0.0812) (0.0817) (0.0809) (0.0896) (0.0898)
Risk 0.0538** 0.0181 0.0403 0.0176 -0.0165 -0.0411 0.0488 0.00481

(0.0261) (0.0219) (0.0305) (0.0308) (0.0328) (0.0328) (0.0363) (0.0367)
σ2
group 0.0538** 0.0181 0.172 0.226 0.082 0.118 0.132 0.215

(0.0261) (0.0219) (0.070) (0.086) (0.053) (0.063) (0.723) (0.097)
σ2
individual 0.213 0.152 0.278 0.291 0.341 0.328 0.412 0.412

(0.035) (0.025) (0.046) (0.047) (0.057) (0.055) (0.068) (0.067)
N 1,428 714 1,428 714 1,428 714 1,428 714
of groups 24 24 24 24 24 24 24 24

Note: Baseline under WTA and EC column corresponding to WTA and EC 3/4. Column ”All Rnd” shows the
regression based on all 12 rounds data, while column ”R.7-12” shows the regression results based on round 7
to round 12 data. Standard errors are clustered on group level. All the regressions are multilevel regressions
controlled for individual and group level random effect. Standard errors are clustered on the group level. ***
p < 0.01, ** p < 0.05, * p < 0.1
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Table 7: Scaling-up Effect: Mixed regressions

Skew GMD
Model 1 Model 2 Model 1 Model 2

All Rnd 7-12 All Rnd 7-12 All Rnd 7-12 All Rnd 7-12
EC2/4 (cons) 0.0152 -0.215** -0.0370 -0.146 2.088*** 1.885*** 1.996*** 2.067***

(0.0861) (0.0953) (0.365) (0.390) (0.0995) (0.111) (0.398) (0.429)
EC3/6 0.0664 0.0686 0.0698 0.0566 0.0394 0.0780 0.0996 0.121

(0.113) (0.126) (0.110) (0.128) (0.131) (0.148) (0.124) (0.143)
Gender 0.284** 0.299** -0.0650 -0.104

(0.114) (0.120) (0.124) (0.132)
Degree -0.266 -0.245 -0.479* -0.527*

(0.256) (0.272) (0.279) (0.299)
Major -0.00953 -0.0600 0.266*** 0.201**

(0.0729) (0.0761) (0.0789) (0.0833)
Risk 0.0383 0.0269 0.0263 0.0102

(0.0305) (0.0326) (0.0333) (0.0358)
σ2
group 0.011 0.025 0.008 0.03 0.024 0.049 0.017 0.042

(0.023) (0.030) (0.022) (0.031) (0.029) (0.038) (0.026) (0.035)
σ2
individual 0.266 0.29 0.245 0.266 0.337 0.362 0.297 0.338

(0.045) (0.049) (0.043) (0.046) (0.054) (0.057) (0.049) (0.054)
N 1440 720 1,440 720 1440 720 1,440 720
# of groups 24 24 24 24 24 24 24 24

Note: Column ”All Rnd” shows the regression based on all 12 rounds data, while column ”R.7-12” shows the
regression results based on round 7 to round 12 data. All the regressions are multilevel regressions controlled
for individual and group level random effect. Standard errors are clustered on the group level. *** p < 0.01, **
p < 0.05, * p < 0.1 Robust standard errors in parentheses.*** p < 0.01, ** p < 0.05, * p < 0.1
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Appendix B Permutation test

Consider two treatments with n observations each. Let F1 and F2 be the distributions pool-
ing the observations in each of two different treatments and F be the pooled observations
over the two treatments. Each observation unit is one performance distribution chosen by
one participant in one round.

To construct the permutation test, we first establish the H0 assumption, which is: H0 :

F1 = F2 = F . The null hypothesis implies that if there is no difference in the two distri-
butions from these two treatments, they can be seen as independent draws from the same
pooled distribution. Then we calculate the observed two-sample K-S statistic D* compar-
ing F1 and F2.

We then pool all the observations to get F and randomly reassign the treatment labels
to the pooled observations to form new treatment group F p

1 and F p
2 . Next, we compute the

K-S statisticD between F p
1 and F p

2 . This process is repeated 10,000 times and then we have
a distribution of Dj (j ∈ {1, · · · , 10, 000}) draw from F .

We can reject the H0 hypothesis if D∗ is above the 95th percentile of the distribution of
Dj . The implication of this test is that only if the D∗ is significantly larger than Dj (which
comes from the pooled data of two treatments), can we reject the null hypothesis that F1

and F2 come from the same distribution.
Figure 4 illustrates the distribution of Dj , 55th percentile, 99th percentile and D∗ values

between any of the two treatments in our experiment. As we can see from the figure,
all D∗s are significantly larger than the 99th percentile of the distribution. The treatment
difference is significant.

We also use the permutation test method to compare the observed distribution cho-
sen in the experiment with the theoretical benchmark. We find that in all treatment, the
observed distribution is significantly different from the prediction.
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Figure 4: Permutation test of KS statistics
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We plot the histogram of the 10,000 D statistics generated by the permutation method in each treatment.
The dash line and the dash-dot line indicates the 95th and 99th percentile of the distribution. D* is the K-S
statistics between the observed and predicted distribution.

Figure 5: Histogram of K-S statistics comparing observed and predicted distribution
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Appendix C Experimental Instructions

Welcome to our experiment! You will receive 20 RMB for showing up on time. Please
read these instructions carefully and completely. Properly understanding the instructions
will help you make better decisions and hence earn more money. The experiment will
last about 1.5 hour. Your earnings in this experiment will be measured in experimental
currency (i.e., ECU). At the end of the experiment, we will convert your earnings in ECU
to RMB, and pay you in private.

This experiment is composed of two parts. Instructions for Part 2 will be given out
once all participants finished Part 1. Please do not start Part 2 until the experimenter finish
giving out and reading the instructions for Part 2.

Your total payment from this experiment will be the sum of:
(1)Your show-up fee: 20 RMB;
(2)Your earnings in Part 1;
(3)Your earnings in Part 2.

To make sure you understand the experiment, the experimenter will first read the in-
structions aloud before the experiment starts. Support is available at any time during the
experiment. Please keep in mind that you are not allowed to communicate with other par-
ticipants during the experiment. If you do not obey this rule you will be asked to leave the
laboratory and will not be paid. Whenever you have a question, please raise your hand;
an experimenter will come to assist you.

Part 1

Part 1 is composed of 6 rounds. In each round, you will need to compete within a group
of 4 or 6 participants to win one of the prizes in a set. At the beginning of each round,
computer will randomly assign the group and decide which set of prizes to be used. You
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Figure 6: Prize schedule Example

will see the number of people and prize set used in your group for this round on the screen.
The set of prizes will look like the following example:

In this example, there are 4 participants in the group. The first row is the ranks (1 to 4)
you can get within your group. The second row shows the corresponding prizes for each
rank. The value of the prizes is measured by the number of ECU. Which prize you get
depends on your ranking in your group. The higher you rank in your group, the higher
prize you will get and hence the higher chance that you can get a better payoff. The total
number of prizes in the set should always be equal to the total number of group members.
In other words, everyone will get a positive prize, but the size of prize increases in rank.

Your task

In each round, your task is to build a distribution against 0 to 25 (26 integers in total)
using 100 markers. Computer will draw 1 of the 26 integers according to the distribution
you build. The distribution you build will determine the chances of each number will
be drawn. Each marker you put on a certain number represents 1% of the chance that
this particular number will be drawn by the computer. That is to say, the more markers
you put on a certain number, the more likely this number will be drawn. Computer will
draw one number for each of your group member simultaneously. Similar with how the
computer draw the number for you, which number will be drawn for other group members
depend on the distribution they build. From the biggest number to the smallest, all group
members’ drawn numbers will be ranked and then prizes will be given according to the
rank. For instance, if your draw is 7 and the others’ draws are 5, 10 and 0 respectively, then
your ranking is 2nd in your group, and you will receive the 2nd prize on the prize set for

33



this round (According to the sample set of prizes above, you will get 15 ECU).
You will use the following distribution builder in this experiment:

Figure 7: Distribution builder

While building the distribution, you face the following budget constraint: the total

cost of the 100 markers has to be less or equal to 300. Each marker you put on differ-
ent number will incur different cost. Although one more marker put on a bigger number
would increase your chance to win the best prize in the set, it is also proportionally more
costly. To be more specific:

The cost of each marker on certain number=this number

The total cost of all markers put at each number = the number of markers on this number * the cost

of each marker on this number (i.e., this number)

For example, if you decide to put 10 markers on number 10, it will cost you 100 in total
and at the same time give you 10% that 10 is drawn by the computer.

Note that while you are building the distribution, you cannot keep any unused bud-

get, nor can you exceed your budget at the time you submit you allocation (Note: the
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cost of all markers placed on number 0 is 0.). Once you change the distribution, the cost

will be calculated automatically by the computer. Only when the sum of the total cost

is less or equal to 300 and the total amount of markers equals to 100, can you submit the

distribution. However, you can change as many times as you like before you confirm

that you would like to submit the distribution.

After you submit your allocation in each round, the computer will randomly draw one
number for each group member according to their submitted distribution respectively, and
rank the drawn numbers. In the case of tie, the computer will break the tie randomly.
The random group assignment and number draw will be automatically done by computer
in the background. You will NOT observe them nor receive any information about your
ranking at the end of each round.

Your payoff

One out of the six rounds will be randomly selected for payment. The prize you re-
ceived in the selected round will be converted into RMB according to the exchange rate of
1 ECU =0.5 RMB as your payoff in Part 1. All the information about the selected round,
including the round number, the set of prizes used, the number of participants in your
group, and the information about all group members’ (including your own) drawn num-
bers, rankings, prizes allocated will be disclosed to you at the end of today’s experiment.

Pre-experimental questionnaire and practice round

Before starting the experiment, you will answer several questions regarding the instruc-
tions. Once all of you have answered these questions correctly, you will proceed to the
practice round. The purpose of practice round is to give you some idea how to operate the
distribution builder and how computer use the lottery wheel to draw a number for you.
The practice round will NOT be included in your payment. Please do not hesitate to ask
for help if you have any questions regarding the information provided in the instructions
or the questions we ask you to answer.
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Thank again for your participation and patience! The experiment will start soon...
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Part 2

Part 2 is composed of 12 rounds. You will be using 100 markers to build distributions
against 0-25 like you did in part 1, but with the following changes:

1) Before Part 2 starts, you will be randomly assigned into a four-people group. Group
members in your group will be randomly named as player 1, player 2, player 3 and
player 4. Your name in the group and your group members and will stay the same
for all 12 rounds.

2) You will compete for the same set of prizes for 12 rounds. Specifically, one of the five
four-prize sets you faced in Part 1 will be randomly selected by the computer, and
will be used throughout Part 2.

3) Computer will randomly draw one round for payment. The prize you won in the
drawn round will be converted to RMB according to the exchange rate of 1 ECU=1

RMB as your total earnings from Part 2.

4) After the distribution is submitted, you will observe computer using lottery wheel
(which you have seen in the practice round) to draw a number for you. You will also
receive information about your own as well as your group members’ drawn number,
rankings, and prize allocations at the end of each round (Except from round 1).

5) To help you build and adjust your distribution, you are also provided a “reload previ-
ous distribution” button in this part. You can (but are not obliged to) use this button
(from round 2) to build your distribution in the new round based on what you have
submitted before.

Post-experimental questionnaire

At the end of today’s experiment, you will also need to fill out a small questionnaire,
including questions about you (e.g., your gender, age, major...) and your decisions in the
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experiment. All the information you provide will be kept anonymous and in strictly confi-
dential. The only purpose of collecting this information from you is for academic research
analysis.
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