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Abstract

We investigate a process of decision-making in a multi-period winner-take-all contest,
in which competing players simultaneously choose among actions with different levels of
risk every period. Strategic risk-taking is analyzed in isolation from effort choices, and,
according to expected utility theory, risk preferences are irrelevant. We derive a closed-
form solution of the dynamic game for any number of periods. In the equilibrium, a
leading player chooses the lowest level of risk, a trailing player chooses the highest
level of risk, and all elements of the action space with intermediate levels of risk are
irrelevant. We design a laboratory experiment to test various comparative statics of the
model and explore behavioral deviations. Our findings are consistent with theoretical
predictions – subjects tend to choose riskier lotteries when they are behind and safer
lotteries when they are ahead, while the magnitude of the advantage does not seem
to affect the risk-taking levels. We also observe some behavioral deviations such as
a decline in risk-taking in the absence of the safe option, which only occurs while
being behind. We find the quantal response equilibrium of our dynamic game and
explain some of behavioral deviations; incorporating learning, subject types, and the
probability weighting function into the behavioral model allows us to explain the rest
of behavioral findings obtained from the data and compare the relative importance of
these components.
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1 Introduction

In this paper, we investigate decision-making in a dynamic, multi-period contest with risky

strategies and no effort choice. To illustrate our setting with an example, consider two

research groups which are trying to raise their research profiles over some finite period of

time, e.g., 3 years, before their performance is evaluated and one of them receives government

funding. During this time, their annual budgets are predetermined, and their decisions

become the risk-taking decisions, e.g., which post-doctoral researchers to hire or whether to

work on a “safe” mainstream project versus a more risky, multidisciplinary, project.1

Our goal is to provide a comparative statics analysis of a dynamic competitive environ-

ment along several dimensions that allow mechanism designers, e.g., principals, to implement

incentive schemes that align better with their needs. Such schemes are often associated with

excessive risk-taking or other undesirable behavior.2 For instance, Taylor (2003) finds that

in the case of fund managers, “tournaments create incentives for them to deviate from the

investor’s desired portfolio choice,” and our results can help inform solutions to this issue.

Besides applications to mutual funds, or the financial sector in general, our setting is

relevant for any environment with relative performance incentives in which players can choose

the riskiness of their actions while “trying their hardest” or being unable to alter their

effort/expenditure (including cases where actions have only fixed costs). Examples include

R&D races, sales contests, sports, as well as political contests where using risky actions as a

way out of dire conditions is referred to as “gambling for resurrection” (Downs and Rocke,

1994).

While the literature on contests is vast, we extend it by focusing on a pure risk-taking

process, with no standard choices of effort. In particular, our paper provides a theoretical

contribution in the form of a tractable dynamic model of risk-taking in contests that admits

a complete analytical solution for any number of periods and parameter values. The model

is flexible enough to allow for a variation in initial conditions and a wide range of lotteries

for the agents to choose from. The model provides clear-cut comparative statics, is easy to

1For example, in the 1980s the National Science Foundation considered several sites to locate the
newly formed National High Magnetic Field Laboratory. Florida State University (FSU) and Mas-
sachusetts Institute of Technology (MIT) were the two finalists, and eventually the lab was awarded to FSU
(https://physicstoday.scitation.org/doi/abs/10.1063/1.2809946?journalCode=pto). Similarly, departments
in Canadian universities compete for endowed chair allocations through the national Canada Research Chair
(CRC) program (https://www.chairs-chaires.gc.ca/home-accueil-eng.aspx).

2For instance, the compensation plans of many financial firms were considered to be contributing to the
recent financial crisis. In particular, these plans provide “incentives that encourage excessive risk-taking with
OPM – Other People’s Money” as mentioned in the Wall Street Journal article “Crazy Compensation and
the Crisis” (https://www.wsj.com/articles/SB124346974150760597). In the academic literature, excessive
risk-taking was also generated in the laboratory (see Eriksen and Kvaløy, 2017).
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implement experimentally, and can be embedded into richer environments, such as explicit

principal-agent settings.

In addition, we conduct a series of laboratory experiments, which help us study the

impact of the environment on risk-taking behavior by exogenously varying its characteris-

tics. Overall, the results of our laboratory experiments are consistent with the equilibrium

comparative statics, although there are several important deviations. As predicted, subjects

tend to choose riskier lotteries when they are behind and safer lotteries when they are ahead,

while there is no evidence that the magnitude of the advantage or game length affect the

risk-taking behavior. Our data analysis suggests that making certain framing changes or

assigning an initial non-zero advantage do not lead to changes in behavior of subjects, which

is consistent with our theoretical predictions. As deviations from the equilibrium, subjects

tend to use intermediate levels of risk and asymmetrically change their behavior in the ab-

sence of the safe option – being behind, subject choose a relatively riskier lottery significantly

less frequently, while there are no differences with the baseline in cases of being ahead.

All these results, both consistent and inconsistent with the equilibrium, can be con-

ceptually explained by the framework of Quantal Response Equilibrium (QRE; McKelvey

and Palfrey, 1995) calculated for our dynamic game.3 Overall, QRE analysis supports our

finding that the action space (or the “menu” of risk levels) plays a crucial role in the pure

risk-taking environment. In particular, trailing players choose high risk levels systematically

less frequently if the alternatives with lower risk still offer some probability of winning.

QRE also explains another behavioral finding, which is the increased frequency of equi-

librium play towards the end of each game (i.e., within-game dynamics). However, QRE

cannot explain that subjects tend to (i) behave more consistently with the equilibrium to-

wards the end of the session; (ii) make persistent choices across periods. We augment the

standard QRE model with three behavioral components: learning, subject types, and the

probability weighting function. Our analysis achieves two goals. First, we are able to ex-

plain the rest of the results summarized above, which are not captured by the default QRE

directly, with a parsimonious model.4 Second, we provide an insight on how each individual

component or any combination of them affect the explanatory power of the QRE model,

implementing a full 2x2x2 design. Quantitatively, incorporating learning into QRE yields

a 26% improvement in fit, and introducing subjective preferences over risky actions in the

form of types yields a 15% improvement in fit. Using the probability weighting function is

3More precisely, we find the “agent quantal response equilibrium” (McKelvey and Palfrey, 1998) which
works as a statistical version of sequential rationality.

4There is another result, but it is conceptually outside of the QRE framework: (iii) subjects’ choices are
linked in a natural way to their measures of risk preferences, whereas in theory risk preferences should be
irrelevant. In addition, we also do not find evidence of gender effects in our risk-taking environment.
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more important for qualitative reasons discussed later in more detail. Overall, we achieve a

40% improvement in fit compared to the default QRE results.

We proceed with a discussion of related literature.

2 Related literature

Historically, the risk-taking aspect was first investigated early in the contest literature devel-

opment. In particular, Bronars (1987) is considered5 to be the first to show that tournament

leaders (followers) have incentives to choose safer (riskier) strategies. In our paper we present

a flexible dynamic model, accompanied by a laboratory experiment, which analyzes the role

of multiple elements of our contest, including the relative positions of players. Overall, there

is an extensive literature on risk-taking in contests, so below we only focus on theoretical

and experimental studies closely related to ours.6

2.1 Static risk-taking contests

Hvide (2002) was among the first to formally study the explicit risk-taking choices by ex-

tending the seminal paper by Lazear and Rosen (1981). In contrast to our pure risk-taking

framework, such extension was designed to analyze the interaction of effort and risk in a

game which included both the risk level choice (stage 1) and the effort level choice (stage 2).

The resulting two-stage game as well as its modifications were later studied by others, theo-

retically (Kräkel and Sliwka, 2004; Kräkel, 2008) and using laboratory experiments (Kräkel

et al., 2008; Nieken, 2010; Kräkel et al., 2014).7

In contrast to our paper, most of the pure risk-taking studies do not allow the initial

positions of players to be different (e.g., Gaba and Kalra, 1999; Hvide and Kristiansen, 2003).

In that regard, our setup is most closely related to the game analyzed by Nieken and Sliwka

(2010), in which one player has an arbitrary lead. On the one hand, their setup allows for (i)

different means of available lotteres, while we assume them to be equal; (ii) different degrees

of correlation between the lottery outcomes, while we assume a correlation of 0.8 On the

other hand, our model constitutes a generalization along other dimensions: (i) we cover any

finite number of periods as opposed to one; (ii) we allow for a much richer action space, while

5We could not obtain a copy of this working paper neither from the author nor from the four institutions
which hosted it in the past. As a result, we base our statement on existing references.

6Prior empirical research covers various settings, and numerouos papers discussed in this section are
motivated by the mutual fund industry. One of the most influential papers of this kind is by Brown et al.
(1996) who also find that expected losers prefer high risks while expected winners prefer low risks. For a
recent review on the topic of risk-taking in contests, see Li et al. (2019).

7Andersson et al. (2020) also use both effort and risk choices while manipulating the prize schemes.
8The other extreme (a correlation of 1) is analyzed theoretically by Taylor (2003).
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Nieken and Sliwka (2010) include a binary choice between two lotteries (safe and risky).9

2.2 Dynamic contests

Conceptually, our study is related to a strand of literature on standard best-of-N contests

(see Konrad and Kovenock, 2009) as states in these dynamic games (i.e., scores) show the

relative positions of players.10 Similarly to the static contests, there are also studies which

investigate risk-taking by only partially departing from the standard framework with effort

choices.11 In addition, there are two other stands of literature which take a completely differ-

ent approach to dynamic risk-taking by considering (i) an infinite horizon game involving a

strategic choice of risk as a function of player’s relative positioning (see Cabral, 2003); (ii) a

continuous time dynamic contest, in which each contestant decides when to stop a privately

observed Brownian motion with drift (see Seel and Strack, 2013).

The closest study to ours is a recent working paper by Chen et al. (2018) which analyzes

pure risk-taking using a setup with 2 periods. In particular, the authors show that in the

second period the leader always “locks in” (i.e., chooses the lowest risk level), while the

follower always maximizes risk-taking. However, in contrast to our study, Chen et al. (2018)

rely on numerical simulations to analyze the first period, as “the value of lock-in option is

not available in closed form.”12

Overall, our main contribution to the literature is that we provide a tractable analysis of

the dynamic interaction between risk-taking and players’ relative positions (our Proposition

1), while previous studies were either limited by static setups or numerical calculations. We

also make our dynamic framework more general (e.g., in a dimension of the action space) and

utilize laboratory experiments as well as behavioral models to analyze how pure risk-taking

decisions dynamically change depending on the environment. In the next section we formally

describe our model.

9Moreover, these dimensions prove to be important as our laboratory experiments reveal behavioral
differences linked to the dynamics as well as action space changes. We also have a more general probabilistic
contest success function in our model, although we choose not to investigate its impact experimentally.

10In particular, Mago et al. (2013) use a laboratory experiment and find that in the best-of-three contest,
effort in round 2 by round 1 winner is significantly higher than effort by round 1 loser. In contrast, Ryvkin
(2011) shows that player’s equilibrium effort does not depend on the difference in players’ scores in a special
setup which is focused on the role of fatigue and assumes that there are no direct effort costs. See a review
by Dechenaux et al. (2015) for other experiments on dynamic contests.

11For example, Kwon (2013) analyzes a game with 2 periods, and in the second period players make both
effort and risk choices.

12Earlier studies by Tsetlin et al. (2004), Bono et al. (2008), and Brookins et al. (2016) also study the
dynamics numerically. Eriksen and Kvaløy (2014) avoid this problem by analyzing myopic players who
simply do not have future considerations in a multi-round contest.
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3 Model

In this section we present our dynamic model formally.

There are two players, i = {1, 2}, who are engaged in a competition for a prize. At the

end of the game, one player wins, and the other player loses. Let utility from winning the

prize to be uW and utility of losing to be uL. Assume that prize is valuable, i.e., uW > uL.

The game lasts T > 0 periods. At the beginning of every period t = 1 ... T , each player

i has a score (in arbitrary units, e.g., points) Y i
t . Initial scores, Y i

1 , are exogenous and

arbitrary. Let the advantage of player i (by how much the score of player i is higher) at the

beginning of period t to be denoted as X i
t . Thus, X1

t = Y 1
t − Y 2

t = −X2
t .

The probability of winning the game is provided by the co-called Contest Success Func-

tion (CSF). In our game, it depends on the advantage after period T , which is a difference in

final scores.13 The higher player’s advantage at the end of the game is, the higher chances of

winning this player has. If there would be T + 1 periods in the game, then advantage at the

beginning of period T + 1 denoted X i
T+1 is equivalent to the difference in final scores (Y i

T+1)

in a game with T periods. Thus, we are going to use notation X i
T+1 as the final advantage

in the game with T periods. CSF is assumed to be Cumulative Density Function (CDF) of

the normal distribution with mean 0 and some standard deviation η > 0.

Denote the CDF of the Standard Normal Distribution as Φ(·), then CSF = Φ
(
Xi

T+1

η

)
.

With this functional form of the CSF, the probability of winning the game is a non-decreasing

function of the final advantage X i
T+1, while a parameter η is responsible for the level of noise

in the process of winner determination.

In every period both players independently and simultaneously make lottery choices –

player i chooses one lottery in period t, which changes the score of that player by the number

of points drawn randomly (iid) from the normal distribution14 with mean µt (same for both

players) and standard deviation σit. In other words, in every period player i chooses σit ∈ sit,
where sit is a compact subset of R+ such that min(sit) = σ > 0 and max(sit) = σ.15 That is,

the sets of players’ lotteries are restricted to include same lowest and highest levels of risk.16

After the lottery choice, the scores are changed independently for each player, and a new

13This can be linked to the “difference form of the CSF” (Hirshleifer, 1989) within the standard contest
literature. Another non-standard contest setup is presented by Basak and Makarov (2012). In their model,
mutual fund managers receive money flows which increase with the relative performance (in comparison to
other fund managers), but there is no explicit CSF.

14We discuss other distributions in the Appendix D.
15A degenerate lottery, which simply yields µt with certainty, can be included into players’ lottery sets

using σ = 0.
16This weak-form of symmetry is required for our dynamic results, which can be relaxed for a game with

T = 1. However, the lottery sets do not need to be completely equal between the players as we allow different
intermediate levels of risk. Moreover, the sets can change from period to period (exogenously).
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period begins: Y i
t+1 = Y i

t + Zi
t , where Zi

t ∼ N(µt, (σ
i
t)

2). All lotteries have the same fixed

costs for any (i, t) combination, which are also low enough to not interfere with participation.

Therefore, in our model each player is maximizing the probability of winning the whole

game, and player’s shape of the utility function as well as the risk attitude are irrelevant.

Following propositions characterize a unique Subgame Perfect Nash Equilibrium (SPNE) of

our game.17

Proposition 1 In the unique equilibrium of the game of any length T , the optimal lottery

choice of player i in period t depends on the advantage X i
t in a following way:

� If X i
t = 0, then both players are indifferent between all available lotteries (or any

combination of them).

� If X i
t > 0, then a lottery with the lowest risk should be chosen – σ lottery

� If X i
t < 0, then a lottery with the highest risk should be chosen – σ lottery

An intuition behind the Proposition 1 is as follows. Consider the last period of the

game (t = T ) with a “deterministic” CSF (η → 0). Let player 1 be the trailing player

with some advantage X1
T < 0, who is looking for the best response to opponent’s choice of

σ = 0 (assume it is available in this example). Essentially, player 1 chooses the width of

the bell-shaped curve, which is the probability density function of the advantage at the end

of the game (X1
T+1). However, E[X1

T+1] = X1
T < 0, so player 1 would choose the highest

available standard deviation as it maximizes an area of the bell-shaped curve to the right

of 0 (the probability of winning). While the best response of player 1 to other choices of

player 2 works in a similar way, player 2 is trying to solve the opposite problem by choosing

the lowest available standard deviation and narrowing down the bell-shaped curve around a

positive expected advantage. Similar intuition applies when we use the backward induction

to obtain results for any period t.

Proposition 2 In the unique equilibrium of the game of any length T , defined in the Propo-

sition 1, the probability of winning the whole game at the beginning of period t, denoted V i
t

for player i, depends on t and advantage X i
t (state of the game):

V i
t = Φ

(
Xi

t√
η2+(T+1−t)(σ2+σ2)

)
17To be precise, our game allows cases involving players’ indifference in the SPNE, which interferes with

a strict uniqueness. Note that this can be completely avoided if the initial advantage is not zero (Xi
1 6= 0).
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A detailed proof for both propositions can be found in the Appendix A. The close-form

evolution of V i
t from any t > 1 to t − 1, summarized by the Proposition 2, is based on our

assumption that players’ lotteries have the same mean. Relaxing this assumption generates

V i
t as a weighted sum of Φ(·) functions, which no longer produces a close-form solution. The

following corollary summarizes the properties of V i
t , which come directly from the formula.

Corollary 1 V i
t has the following properties:

1. V i
t is a non-decreasing function of advantage X i

t for all t;

2. If a game moves on (t increases) and positive (negative) advantage stays the same (X i
t

value), V i
t increases (decreases);

3. V i
t =0.5 for X i

t = 0 for all t, reflecting that our game is symmetric;

4. V i
t is converging to the CSF over time t, and V i

T+1 is exactly the CSF.

Figure 1: Probability of winning the game at the beginning of period t (V i
t )

The Proposition 2 is illustrated by the Figure 1 for the following set of parameters:

T = 5, η → 0, σ = 0, and σ = 30.18 Each curve corresponds to V i
t at some period of the

game (t = 1 . . . 5), and for each period a higher advantage results in a higher probability of

winning the game.

18This parametrization is going to be used in our experiment (the next section). Also, note that other,
intermediate, levels of risk are arbitrary and irrelevant in the equilibrium
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It is important to note that the probability of winning depends not only on the advantage,

but also on the number of periods left in the game (T−t). Consider same negative advantage

but two different periods. A player has a higher chance to catch up when it happens relatively

earlier in the game (Property 2 from the Corollary 1). Similarly, a leading player is safer

when the game is closer to its end.

We proceed with a description of our experimental design.

4 Experimental design

We directly implement our model as a game in a controlled laboratory experiment and

design a set of treatments to test comparative statics of the model and explore behavioral

deviations. First, we describe the setup of our experiment including the discussion of each

treatment. Second, we list the hypotheses tied to our theoretical results.

4.1 Treatments

In our baseline game both players begin with scores of 0. We use a simple winner deter-

mination rule (formally equivalent to CSF with η → 0): a player with a higher score at the

end of the last period T wins the game, while the other player loses. In case of equal scores

the winner is determined with an additional 50/50 random draw (“coin flip”).

Each player has 2 available lotteries, and the chosen lottery yields a number of points

which comes from the normal distribution with mean µ = 100 and the corresponding stan-

dard deviation. Lotteries are:

Lottery A. Standard deviation is σA = 0 (a degenerate lottery)

Lottery D. Standard deviation is σD = 30

We construct 4 treatments in such a way that, according to our model, there should be

no treatment effects compared to the baseline. This determines our hypotheses later in the

paper.

4 risk levels. In this treatment we add two intermediate levels of risk, lottery B with

σB = 10 and lottery C with σC = 20, to both players to test if this changes the behavior of

subjects in contrary to the model predictions. In particular, this treatment allows us to see

whether the compromise effect19 can be observed in our risk-taking setting.

19Introduced by Simonson (1989), it predicts the tendency of subjects to avoid extreme options – lotteries
A and D.
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No safe. This treatment is used to test whether it matters if the lottery with the lowest

risk level has risk level of zero or not. We remove the safe lottery A (σA = 0) and use a

lottery B (σB = 10) instead.

Negative mean. In this treatment we change the sign of the mean to negative, so on

average, scores of both players are decreasing over time. Intuitively, this is relevant for the

cases of deteriorating conditions or some crisis.

Distinct x in t=1. In this treatment we introduce an exogenous inequality in the

initial scores, which might show the differences between the behavior of subjects with these

exogenous differences compared to when such differences arise endogenously during the game.

In this treatment, the initial advantage (X i
1) of players is randomly drawn from the set

{−135,−120, . . . ,−15, 0,+15, . . . ,+120,+135}.
We implement a between-subject design for the treatments listed above, and in the paper

we refer to them as “treatments”. In each treatment subjects play 10 games, and after each

game they are randomly rematched within a matching group of 6 people. We also implement

an additional within-subject treatment by varying the game length (number of periods T ).

First 4 games always have T = 1. Afterwards, in one session subjects play 3 games with

T = 3 and other 3 games with T = 5. In the other session we switch the order so that

3 games with T = 5 are played before 3 games with T = 3. In total, subjects always go

through 28 periods.

Table 1: Treatment design

Treatment Lotteries σ σ µ X1 Sessions M. groups Subjects
Baseline A D 0 30 100 0 2 8 48
4 risk levels A B C D 0 30 100 0 2 7 42
No safe B D 10 30 100 0 2 8 48
Negative mean A D 0 30 -100 0 2 7 42
Distinct x in t=1 A D 0 30 100 0 & 6=0 2 8 48
Note: the game length T is varied within each listed treatment (an additional within-subject treatment).

Our treatments are summarized in Table 1, which includes game parameters as well as

the number of sessions, matching groups, and subjects for each treatment.

All games have the same prizes. Prizes for winning and losing are $9.00 and $2.00

respectively. We call the sequence of these 10 games “stage 1”, and subjects get paid based

on the results of only one game which is randomly chosen at the end of the session.

In addition to stage 1, subjects are going through two additional stages20 with the risk

aversion measures introduced by Eckel and Grossman (2008a). We collect this data in order

20Subjects only know that there are several stages. The instructions for all 3 stages are given only at
the beginning of each stage. As part of the stage 1 instructions, we explain to subjects how the normal
distribution and standard deviation work.
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to check its link to the decision-making in our experiment as, according to our model, risk

preferences should be irrelevant. In one of these two additional stages we change the numbers

to negative in order to measure risk aversion in the domain of losses.21 We refer to the results

from these incentivised risk preference measures as “EG+” and “EG−”. Payoffs for stages

2 and 3 are revealed only at the end of the experiment. At that point subjects get a $5.00

show-up fee plus monetary payoffs from each of 3 incentivised stages.

Before the payoff information is revealed, we also run a non-incentivised questionnaire

providing us with a self-reported measure of risk aversion following Dohmen et al. (2011),22

which we refer to as “DFHSSW” by the first letters of authors’ last names. In the post-

game questionnaire we ask subjects their gender, age, and if they have taken any Statis-

tics/Econometrics classes. We also collect their feedback on the experiment.

Experiments were conducted at Florida State University. Recruiting was implemented

using ORSEE (Greiner, 2015) with subjects randomly recruited from the pool of pre-registered

students. All elements of the experiment were executed with z-Tree (Fischbacher, 2007).

Overall, we collected data from 228 subjects who made a total of 6384 choices in stage

1. Experimental sessions lasted under 45 minutes, with an average payment of $10.62.

4.2 Hypotheses

Our hypotheses are based on the clear predictions of the model (Proposition 1). We anticipate

normal experimental noise,23 and we formulate our behavioral predictions as comparative

statics analysis. Lottery D is available in all treatments, and in our hypotheses we primarily

focus on the frequency of the lottery D choices for the cases with non-zero advantage.

The treatments are constructed in such a way that our manipulations should not affect

the frequency of the lottery D choices, so we can formulate our first hypothesis:

Hypothesis H1: subjects choose the lottery D with the same frequency across all treatments.

Based on the Proposition 1, subjects should choose the lottery with highest risk when

they are behind (and the lottery with lowest risk when they are ahead), and our manipula-

tions do not affect this prediction:

Hypothesis H2a: subjects choose the lottery D (A) more frequently when they are behind

(ahead) than when they are ahead (behind).

21Our data analysis provides support that these measures potentially capture different features of behavior.
We see a correlation of 15% between the measures.

22There is evidence that this measure might be capturing the behavior differently than the “EG+” and
“EG−”, and correlations with those results are 13% and 19% respectively.

23In most of our sessions subjects face a binary choice, and it is common to observe some noise in such
data. For instance, see Palfrey and Pevnitskaya (2008).
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In one treatment we remove the safe lottery A and replace it with the lottery B, so we

slightly adjust the hypothesis H2 for that treatment:

Hypothesis H2b: subjects choose the lottery D (B) more frequently when they are behind

(ahead) than when they are ahead (behind).

Our theory predicts that while the sign of the advantage matters for the decision-making,

the magnitude of the advantage is irrelevant:

Hypothesis H3: magnitude of the advantage (value of X i
t , not its sign) does not affect the

frequency of lotteries subjects choose.

The manipulation of the game length should be irrelevant based on our theory:

Hypothesis H4: length of the game T does not affect the frequency of lotteries subjects

choose.

According to the model, additional intermediate lotteries B and C should be irrelevant

in the treatment with 4 risk levels. Thus, we can formulate the following hypothesis:

Hypothesis H5: subjects choose lotteries B and C less frequently than lottery A or D.

We proceed with the data analysis and the hypothesis testing.

5 Results

We begin with the analysis of treatment effects. Results are provided by the regression

analysis and supported by non-parametric statistical tests.

Figure 2: Aggregate treatment effects
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Figure 2 shows the proportion of the lottery D choices across all treatments. Our model

provides clear predictions for the cases with non-zero advantage, and we focus on such

analysis throughout this section. In cases of zero advantage, subjects choose the lottery D

significantly less frequently if they maintain zero advantage after period 1. Details can be

found in the Appendix B.24

Overall, we observe consistency of our data with the predictions in all treatments except

for the treatment with 4 risk levels. In particular, we don’t find the evidence to reject the

H1 for treatments with no safe lottery, deteriorating environment, or exogenous advantage.

In these treatments we also cannot reject a hypothesis that the risky lottery D is chosen 50%

of the time, which is generated by the Proposition 1. We treat this as the lack of evidence

of excessive risk-taking, while we do not impose additional designer’s preferences over what

is considered to be excessive risk-taking.25

We compare each treatment with the baseline by using data from the matching groups

in performing the Wilcoxon test. The p-values are 0.01 for the treatment with 4 risk levels

and 0.30 to 1.00 for other treatments.

Result 1: Absence of the safe lottery, being in a deteriorating environment, or exogenous

advantage do not change the aggregate frequency of lottery D choices (around 51%); in

comparison, subjects choose the lottery D significantly less frequently (by around 25%)

when there are multiple risky lotteries available.

Results in the treatment with 4 risk levels are discussed later in the paper. Overall,

the relatively low proportion of lottery D choices in that treatment is caused by systematic

choices of the lotteries with intermediate risk levels, lotteries B and C.

Figure 2 also provides an insight on the role of advantage. Subjects seem to react to their

position in the contest – whether they are currently ahead (positive advantage) or behind

(negative advantage). In particular, the lottery D is chosen more frequently when subjects

have negative advantage.

Table 2 shows the regression results26 linked to the Result 1 stated above, and our

dependent variable is the probability to choose the risky strategy D. We introduce dummies

for each of the four treatments and find significantly lower probability of choosing D in the

treatment with 4 risk levels – the only significant coefficient is for that treatment (model 1).

24We also provide the boxplot version of Figure 2 using Figures 11 and 12.
25For example, the contest designer might prefer the proportion of the lottery D choices to be lower than

in the equilibrium – e.g., 30%. In such case the risk-taking levels observed in the experiment would be
excessive.

26In our regressions, we use linear probability models in order to make the coefficient interpretation and
implementation of the interaction terms easier. Our findings are robust to the probit specification. Main
regressions with the probit specification can be found in the Appendix B.

13



Table 2: Treatment effects and the Positive vs Negative advantage

Dependent variable: probability to choose the risky strategy D
(1) (2) (3) (4)

tr: 4 risk levels -0.247∗∗∗ -0.247∗∗∗ -0.131∗ -0.126∗

(0.0549) (0.0549) (0.0729) (0.0731)

tr: No safe -0.0545 -0.0545 0.0688 0.0688
(0.0716) (0.0716) (0.0934) (0.0920)

tr: Negative mean 0.0225 0.0225 0.0932 0.0917
(0.0765) (0.0765) (0.125) (0.122)

tr: Distinct x in t=1 -0.0101 -0.0101 -0.0239 -0.0130
(0.0473) (0.0473) (0.0788) (0.0773)

Advantage<0 0.328∗∗∗ 0.429∗∗∗ 0.430∗∗∗

(0.0349) (0.0568) (0.0574)

(tr: 4 risk levels)*(Advantage<0) -0.231∗∗∗ -0.232∗∗∗

(0.0810) (0.0834)

(tr: No safe)*(Advantage<0) -0.247∗∗∗ -0.249∗∗∗

(0.0647) (0.0651)

(tr: Negative mean)*(Advantage<0) -0.141 -0.139
(0.113) (0.109)

(tr: Distinct x in t=1)*(Advantage<0) 0.0275 0.0258
(0.0830) (0.0828)

Female 0.0508
(0.0308)

Risk preference (DFHSSW) 0.327∗∗∗

(0.0952)

Constant 0.510∗∗∗ 0.346∗∗∗ 0.296∗∗∗ 0.116
(0.0422) (0.0475) (0.0615) (0.0842)

Observations 4114 4114 4114 4114

Standard errors are clustered on the matching group level (in parentheses)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: cases with zero advantage are excluded

This result is robust27 to the introduction of control variables – the game number,

“Game#” (from 1 to 10), number of periods left in the game (from 0 to 4), experience

with statistics courses, and gender. In particular, taking statistics-related classes does not

seem to change the behavior in our experiment, which suggests that the instructions regard-

ing the normal distribution bring all subjects to the same level of understanding.

We do not find the evidence of gender effects despite the fact that the literature (Eckel

27All additional regressions with the control variables can be found in the Appendix B.
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and Grossman, 2008b; Croson and Gneezy, 2009) frequently documents women being less

risk-taking. Moreover, in case of mutual fund managers, women also exhibit less risk-taking

(Dwyer et al., 2002). Thus, our evidence suggests that the competition with risk-taking

element, on its own, is not necessarily linked to gender differences, which might arise after

adding additional features to the environment.

Incentivised risk preference measures (“EG+” and “EG−”) do not seem to reveal any-

thing linked to the decision-making in our environment based on the regressions located

in the Appendix B. However, an aggregate risk measure (0-1) constructed from the non-

incentivised questionnaire by Dohmen et al. (“DFHSSW”) reveals that subjects with higher

self-reported risk-taking tend to choose riskier lottery D more frequently. In particular, a

subject who reports maximum risk-taking in all 7 questions is 33% more likely to choose the

risky lottery D than a subject with all reported minimums.

Theory predicts that the decisions of subjects should depend on the advantage sign, so we

introduce a dummy which indicates whether a player is currently behind in the game, defined

as having a negative advantage – “Advantage<0”. Treatment manipulations might affect

the frequency of the lottery D choices differently in cases of positive and negative advantage,

and in the models (3) and (4) we add the interaction terms between the treatment and

advantage sign dummies to account for that.

As stated in the H2, subjects should choose the lottery D more frequently when they

are behind than when they are ahead, and so our theory predicts the coefficients for the

“Advantage<0” variable to be positive. Table 2 shows that our findings are consistent with

the model – coefficients on the “Advantage<0” variable are positive and highly significant

(models 2-4).

Models (3) and (4) show that there is a weaker effect of being behind in the treatments

with 4 risk levels and no safe lottery – coefficients for the interaction terms are negative and

highly significant. The Wald test confirms that even though the effect is weaker, it is still

significant (p-values are less than 0.01).

Our conjecture is that it becomes less important for subjects to choose the lottery D

while being behind, because in those treatments other available lotteries are also risky –

lottery B in the treatment with no safe lotteries and the lotteries B and C in the treatment

with 4 risk levels. These alternatives can help the player to get ahead even without choosing

the lottery D, and so subjects might feel that they don’t need to choose the lottery D when

they are behind. This explanation is also related to the absence of strong treatment effects

for players who are ahead (first two rows of models 3 and 4) – in these cases subjects seem

to simply prefer the lowest risk level available. Furthermore, absence of a safe lottery in

treatment 3 means that a leading player always has a chance to lose, and so a trailing player

15



might also feel that there is no need to choose D.

Result 2: The role of advantage is significant; compared to positive advantage, negative

advantage increases the likelihood of playing the lottery D by 43%; this effect is less strong

for settings with the intermediate risk levels (20%) or with absence of the safe lottery (19%).

Compared to the baseline, the absence of the safe lottery does not affect the risk-taking

levels in a domain of positive advantage.

Table 3: Magnitude of the advantage and the Dynamics of behavior

Dependent variable: probability to choose the risky strategy D
(1) (2) (3) (4)

Advantage -0.00219∗∗∗ -0.000320 -0.000405 -0.000362
(0.000258) (0.000419) (0.000399) (0.000375)

Advantage<0 0.279∗∗∗ 0.0497 0.0550
(0.0368) (0.0696) (0.0701)

(Advantage)*(Advantage<0) -0.000707 -0.000672 -0.000697
(0.000560) (0.000554) (0.000527)

Game#-1 -0.0280∗∗∗ -0.0276∗∗∗

(0.00698) (0.00696)

(Game#-1)*(Advantage<0) 0.0433∗∗∗ 0.0427∗∗∗

(0.0118) (0.0121)

Periods left 0.0230∗∗ 0.0225∗∗

(0.00964) (0.00937)

(Periods left)*(Advantage<0) -0.0382∗∗∗ -0.0369∗∗∗

(0.0108) (0.0109)

Female 0.0503
(0.0350)

Risk preference (DFHSSW) 0.282∗∗

(0.111)

Constant 0.497∗∗∗ 0.338∗∗∗ 0.488∗∗∗ 0.328∗∗∗

(0.0224) (0.0382) (0.0583) (0.0788)
Observations 3446 3446 3446 3446

Standard errors are clustered on the matching group level (in parentheses)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: cases with zero advantage and the treatment with 4 risk levels are excluded

Table 3 shows regression results linked to the role of the advantage magnitude (variable

“Advantage”), and our dependent variable is the probability to choose the risky strategy D.

We consider the treatment with 4 risk levels separately, so we exclude it from this and all

future analysis. In all specifications with a control for advantage sign we do not find evidence

that the magnitude of the advantage affects the behavior of subjects. This is consistent with
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theory, and we cannot reject the H3.

Result 3: We do not find the evidence that magnitude of the advantage affects the

behavior of subjects, when we account for the advantage sign.

Models (3) and (4) show the evidence of both between-game and within-game learning.

Subjects tend to behave in a way which is more consistent with the equilibrium predictions,

while being closer to the end of the game or the end of the session.28 The coefficients for the

“Game#” variable are negative for the cases when subjects are ahead in the game – they

are less likely to play the lottery D the closer the session is to its end, and this would be the

predicted behavior. Incorporating the interaction terms flips the signs, and so subjects who

are behind play the lottery D more frequently towards the end of the experiment, which is

more consistent with the equilibrium predictions.

We find the same results for the “Periods left” variables. However, this time all the

signs are opposite – more periods left in the game is linked to less consistency with theory.

Overall, the Wald test confirms the effects with the interaction terms for both variables –

“Game#” and “Periods left” (p-values are less than 0.01).

Result 4: In cases of positive (negative) advantage, subjects choose the lottery D less

(more) frequently (1) towards the end of the session; (2) towards the end of each game.

Figure 3: Effect of the game length T . This graph excludes the treatment with 4 risk levels.

Figure 3 illustrates the role of the game length. As our theory suggests, there are no

significant differences29 in the decision-making when comparing games with different length,

28Alternatively, the same result is obtained with introduction of the ”Experience” variable showing which
period it is in regards to the whole session (taking the values 1-28).

29Apart from the effect of the experience discussed earlier, we do not find the evidence of order effects
linked to the changes in T . Thus, in our analysis we do not distinguish between the data from sessions with
T = 3 games first and sessions with T = 5 games first.
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and so there is no evidence to reject the H4.

Result 5: We do not find the evidence that length of the game affects the behavior of

subjects.

Figure 4: Choice frequencies in the treatment with 4 risk levels

Figure 4 illustrates the distribution of choices across 4 risk levels in the corresponding

treatment. We find that 40%-43% of choices are related to lotteries B and C, which can be

viewed as an evidence for the compromise effect introduced by Simonson (1989) – subjects

tend to avoid extreme options, i.e., lotteries A and D. When we account for the advantage

sign, we find consistency with our model as the lottery D is chosen more frequently in cases

of negative advantage, while the lottery A is chosen more frequently in cases of positive

advantage. Thus, we do not reject the H5.

Result 6: The lotteries B and C are being frequently chosen in cases of both negative

and positive advantage; subjects choose the lottery D (A) more frequently than the lotteries

B and C in cases of negative (positive) advantage.

Figure 5 illustrates an additional result linked to the persistent choices of our subjects.

Although the sign of the advantage matters, subjects tend to choose the same lotteries across

periods revealing some path-dependence. When the lottery D is chosen in period (t − 1),

there is a significantly higher chance to choose lottery D again, in period (t).30 However,

there is still a higher chance to choose lottery D when the player is behind with a negative

advantage. We do not find similar dynamic results for opponents’ choices (e.g., imitation),

lottery outcomes, or changes in advantage, both in magnitude and sign (position switch

between “ahead”/“behind” and vice verse). Bad lottery outcomes or advantage decreases

can be linked to “paper losses” (Imas, 2016), and we do not observe “loss chasing” in a form

30This finding is robust to controlling for the advantage sign in (t− 1).
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Figure 5: Choice dynamics. This graph excludes the treatment with 4 risk levels.

of increased risk taking after such losses.

Result 7: We find the evidence that subjects’ choices are linked to their previous choices

– subjects are significantly more likely to choose the same strategy in cases of both negative

and positive advantage (by 17-34%).

In the next section we explore a behavioral approach to our setting.

6 Behavioral models

Our data analysis suggests that there are multiple behavioral deviations and additional

results unexplained by the model based on the standard economic theory (Results 2, 4, 7).

We use behavioral models and concepts in order to explain such results.

6.1 Quantal response equilibrium (QRE)

The quantal response equilibrium (McKelvey and Palfrey, 1995) is a concept which works

as a statistical version of Nash Equilibrium (NE) where each player’s utility for each action

is subject to random error. It is particularly intuitive to explore QRE in our setting, in

which payoffs from each combination of actions chosen by players are not explicitly stated

– they are expected probabilities to win the game. In fact, this constitutes a direct link to

the interpretation presented by McKelvey and Palfrey themselves: “player i calculates the

expected payoff, but makes calculation errors according to some random process.”

We use QRE in its standard logit form with a parameter λ > 0.31 This parameter

31More details can be found in the Appendix C.1.
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determines how close QRE is to NE: if λ = 0, all actions are chosen with equal probabilities,32

and as λ approaches∞, QRE approaches NE. For any λ value, the way QRE works is directly

linked to payoffs and payoff differences. In particular, as some action becomes relatively

more attractive in terms of payoffs, the probability of choosing it in QRE increases. As an

example within our game, when choosing the lottery D becomes relatively more beneficial,

the probability of this action in QRE should increase.

First, we numerically calculate QRE of the baseline game for multiple values of λ – that

is, for each λ we go through different values of the advantage X and use backward induction

(McKelvey and Palfrey, 1998) to obtain results for all periods of any game (T ∈ {1, 3, 5}).
Second, we construct the “Benchmark data” (2044 observations) by combining data from

three treatments, for which our data analysis does not reveal any significant differences:

treatment 1 (“Baseline”), treatment 4 (“Negative mean”), and treatment 5 (“Distinct x in

t=1”).33 Third, we find that λ = 19, the “optimal λ”, fits the Benchmark data in the best

way possible.34

Figure 6: QRE for different λ values as a function of advantage X (t = T ).

Figure 6 illustrates the QRE analysis and shows the probability to choose the lottery

D in the baseline game for different λ values as a function of advantage X. A horizontal

32This is also related to level-k models and cognitive hierarchies (Stahl and Wilson, 1995). Choosing
actions with equal probabilities is what players of the lowest level are usually assumed to do.

33Similarly to the main data analysis, we only utilize observations with non-zero advantage.
34In this section we discuss the results from applying the least squares approach as it yields more conser-

vative results than the maximum likelihood approach. The comparison between these approaches as well as
more details about the fitting procedure can be found in the Appendices C.1 and C.2.
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line at 0.5 corresponds to λ = 0, for which lotteries are chosen with equal probabilities.

As λ increases, the probability of choosing the lottery D increases for negative advantage

and decreases for positive advantage – the advantage sign plays a key role in QRE as well

as in NE. QRE also generates some asymmetry in behavior between negative and positive

advantage – if X < 0, playing the lottery A instead of D is much worse than playing the

lottery D instead of A if X > 0. Thus, as QRE is directly linked to payoff differences, the

probability to play the lottery D is closer to 1 in case X < 0 compared to how close it is to 0

in case X > 0.35 It is important to note that, here and later in this section, all data-related

elements in all figures (e.g., “Benchmark data” line in Figure 6) are generated based on the

regression analysis, but they are used for illustration purposes only – all calibration processes

use raw data with individual observations.

The process of calculating QRE for all treatments reveals that the nature of QRE, and

not the fact that it introduces a free parameter, provides an explanation for both observing

and not observing significant treatment differences in the role of advantage (Result 2).

On the one hand, QRE does not discriminate between treatment 1, 4, and 5 (the ones

used in the Benchmark data) – in all these treatments payoffs work in the same way for

some (t,X) combination as the action space remains the same (lotteries [A D]). On the

other hand, treatment 2 (“4 risk levels”) and treatment 3 (“No safe”) have different sets of

available lotteries (lotteries [A B C D] and [B D] respectively), which results in other payoffs

and generates differences in QRE probabilities. The combination of these two components

conceptually explains our Result 2, which is illustrated by Figure 7.

Figure 7: [Result 2] QRE for different treatments (λ = 19, t = T )

35Figure 15 in the Appendix C.2 provides an alternative view on how X and λ affect QRE by considering
two fixed X values.
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For negative advantage, QRE predicts lower probabilities of playing the lottery D for

treatments 2 and 3 (treatment 2 having the lowest probability). For positive advantage, QRE

predicts lower probabilities of playing the lottery D only for treatment 2. These comparative

results are consistent with our data analysis for both negative and positive advantage.36

Figure 8: [Result 4.2] QRE for periods 1-5 as a function of advantage X, λ = 19.

In addition to explaining main treatment differences, QRE can explain an increased

frequency of equilibrium behavior towards the end of each game (Result 4.2). Intuitively,

earlier in the game it is relatively less important what action to choose – payoff differences

are smaller, and there is time to catch up in case things go badly. Figure 8 shows QRE for

different periods of the baseline game – as t increases, the probability of playing the lottery

D increases for negative advantage and decreases for positive advantage. From our earlier

analysis in section 5 we know that this is consistent with the experimental data. Moreover,

the probability of winning the game in QRE evolves over time with a pattern similar to the

SPNE framework (Figure 1) as well as the experimental data (see Figure 13 in the Appendix

B).

Overall, the default QRE allows us to explain treatment effects (Result 2) and within-

game dynamic results (Result 4.2). However, it leaves us with two unexplained results:

between-game dynamic results (Result 4.1) and persistent choices (Result 7). It is also

worth noting that the nature of QRE predicts the effect of the advantage magnitude, which

is inconsistent with our data (Result 3).

36There are 4 available lotteries in treatment 2, which creates 2 more choice dimensions in the equilibrium
analysis. In addition, showing the probability to choose the lottery D becomes insufficient for showing full
QRE results. A supplementary Figure 16 shows the QRE probabilities of choosing lotteries A, B, C, and D.
It can be found in the Appendix C.2.
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6.2 QRE modifications

We improve the explanatory power of QRE by modifying this model with 3 behavioral

components – learning, subject types, and the probability weighting function. We analyze

the contribution of each component as well as the contribution of any combination of them,

which can be considered to be a full 2x2x2 design. We refer to each possible model using

letters assigned to components – “L” for learning, “T” for types, and “W” for the probability

weighting function. For example, “QRE” refers to the default model described in a previous

subsection, “QRE(L)” refers to the QRE model with learning, and “QRE(LTW)” refers to

the QRE model with all three components being implemented. We begin with a discussion of

each component, its intuition and contribution. Note that in this subsection we use t = T for

illustration purposes only – results are obtained for all periods, and the same, Benchmark,

data is used for calibration of all models.

(1) Learning – QRE(L)

Learning is implemented in a way, which we find both intuitive and simple – by allowing

λ to change as subjects go from game #1 to game #10. We are not imposing any restrictions

or functional forms on λ changes, and despite that, our results show that optimal λ values

increase as the session progresses (from λ = 3 to λ = 45). That is, subjects become more

likely to play the SPNE towards the end of the session, which is consistent with the observed

between-game dynamic results (Result 4.1).

(2) Types – QRE(T)

We implement types by introducing a subjective preference of one action over the other

so that subjects belong to either “A-type” or “D-type”. In each period t subjects choose

their “favorite” action with a fixed probability ω, otherwise – they play the QRE-style game.

We use a previously calibrated λ = 19 to find the optimal ω = 0.25 while assuming there

is a 50/50 distribution of types in a population.37 Overall, the introduction of types allows

us to explain observed persistent choices of subjects – Result 7. In addition, the link

between risk-taking levels and the risk attitude measure can be explained by assuming that

types-related subjective preferences over actions are correlated with risk attitudes.38

(3) Probability weighting function – QRE(W)

In our setting the payoffs consist of probabilities, and we find it natural to explore

37We make this assumption as we do not find a significant difference in an overall number of A and D
choices, while the number of cases with positive and negative advantage is exactly equal by design. It also
should be noted that we properly incorporate types into the equilibrium calculations (i.e., players know that
types exist, which affects their decision-making).

38Post-game questionnaire answers support this possibility (e.g., “I was being safe and mostly picking
option A”).
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a way to account for behavioral deviations in perception of probabilities. In particular, we

implement the one-parameter probability weighting function with a pre-estimated parameter

value of 0.61 (Tversky and Kahneman, 1992). That is, we apply the probability weighting

function to payoffs resulting from each combination of actions (the expected probability of

winning the game). The key impact of the probability weighting function is that it reduces

the QRE effect of the advantage magnitude, which presence is not supported by the data

(and SPNE), but predicted by the default QRE.

6.3 Performance comparisons

In addition to introducing the components, which cover the remaining behavioral results, we

also provide a comparative analysis of possible QRE modifications. In order to compare the

explanatory power of these different models, we find the improvement of the default QRE

with optimal λ = 19 over the default QRE with λ = 0 (random choice) and then normalize

this improvement to 1.39

Figure 9: Performance of all considered models in relation to the default QRE.

Figure 9 shows the comparison between all 8 models (2x2x2 design) in terms of the fit

improvement. Our full model, QRE(LTW), achieves a 40% improvement in fit compared

to the default QRE results. On its own, learning yields a 26% improvement in fit; types

– 15% improvement in fit.40 Quantitatively, the probability weighting function does not

39That is, we find a difference in the least squares values. More details can be found in the Appendix C.1.
40Classifying subjects into types based on the experimental data and using this classification to apply

behavioral predictions of our model more precisely increases the improvement in fit: from 15% to 78% for
QRE(T) and from 40% to 103% for QRE(LTW). More details about this additional layer of analysis can be
found in the Appendix C.1.
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significantly improve the fit, but rather helps to achieve a better qualitative consistency

with the data in terms of the role of the advantage magnitude.41

Overall, the QRE model with 3 additional components is able to explain all behavioral

findings obtained from the data, with each component being individually important for

the model. That is, we consider our full behavioral model to be a parsimonious model as

excluding any component leaves some results unexplained. We also analyze the explanatory

power of each individual component quantitatively, which shows that the between-game

learning plays the biggest role in improving the explanatory power of the QRE model.

7 Discussion and Conclusion

In this paper we analyze strategic risk-taking in dynamic contests. An important feature

of our setting is that risk-taking decisions are isolated from effort choices. This setup ap-

proximates a number of real-world situations, and the mutual fund industry serves as just

one of the examples. In particular, there might be a gap between players’ behavior and the

mechanism designers’ desired outcome resulting in excessive risk-taking.42 Similar issues are

also observed in other settings, e.g., “gambling for ressurection” in case of banks (Hellmann

et al., 2000; Baldursson and Portes, 2013).

However, naturally occurring data on risk-taking behavior can be confounded by effort,

ability, and information asymmetries. In contrast, our research provides a clean analysis to

explore the risk-taking behavior in dynamic competitive environments. First, we construct

a theoretical model of such dynamic environments and derive its solution. Second, we use

a set of experimental treatments to test the hypotheses provided by the model and explore

behavioral deviations. In our experiments we do not observe excessive risk-taking, which

may indicate that outside the laboratory, other elements of contests may be responsible for

such issues. Our data analysis suggests that subjects tend to play consistently with the

equilibrium of the game. Being behind or ahead in a dynamic game significantly affects the

risk-taking of subjects – they choose riskier lotteries when they are behind and safer lotteries

when they are ahead. This finding is consistent with the field data, in which expected winners

risk less, and expected losers risk more.

As predicted, neither the magnitude of the advantage (in negative or positive domain)

nor the game length affects the risk-taking levels. These results suggest that policy makers

willing to decrease the risk-taking behavior of players should not only pay attention to the

41That is, the curves are flatter than in the default QRE, which can be seen in Figure 18 (Appendix C.2).
42As Brown et al. (1996) point out, mutual fund “managers [. . . ] act in a manner consistent with their

own best interest, but not necessarily that of their shareholders.” See James and Isaac (2000) who also show
that tournament incentives might have destructive effects in asset markets.
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players who are significantly behind, but also to the players who are only slightly behind. In

addition, our dynamic between-game and within-game results reflect that our findings can

be stronger in case of more experienced players. Our results suggest that players tend to

make persistent choices, use intermediate levels of risk, and that their choices are linked to

risk preferences measured in our experiment, while they should be irrelevant. We also do not

find evidence of gender effects, which might suggest that risk-taking elements in a certain

competitive environment, on their own, are not necessarily linked to gender differences.

In addition to analyzing the experimental data from the perspective of our theoretical

model, we provide a complimentary behavioral analysis using the quantal response equilib-

rium. QRE approach provides an explanation for all treatment-related results and within-

game dynamic results obtained from the experiments. However, QRE does not capture all

results directly. We are able to explain the rest of behavioral findings by modifying the

QRE model with three components: learning, subject types, and the probability weighting

function. Our analysis of each individual component and all combinations of them shows

the significance of these modifications. Quantitatively, we achieve a 40% improvement in fit

compared to the default QRE results. Qualitatively, QRE analysis suggests that the action

space changes mark a watershed in observed differences in risk-taking behavior of subjects.

Overall, results of this paper apply not only to the financial sector, but to other competi-

tive settings with a risk-taking component. For instance, firms involved in an R&D race must

incur big costs in the form of investments every period in order to keep up with the race.

Such firms do not really have a choice of not investing (providing little effort). However,

firms can strategically pick a project to work on. For example, a technology company might

choose to simply produce a new version of a smartphone, or it might choose to invest in

some body-augmenting technology, which would put that company in a massive advantage,

if such a high risk strategy pays off.

In terms of policy implications, our basic result is that the risk-taking design of a contest

can lead to systematic and, generally, predictable decision-making of participating players. In

addition, this result strengthens with players’ experience (including more lengthy contests),

which also helps the diversification-seeking contest designer. That is, if the policy-maker

prefers to balance out the per-period risks, then implementing the risk-taking contest can

naturally generate different risk-taking strategy choices every period. Our data analysis,

as well as the QRE analysis, also shows that such diversification result is affected by the

players’ action space: on the one hand, we observed consistent choices of intermediate (in our

case, suboptimal) risk-taking strategies; on the other hand, changing the minimum available

risk-taking level resulted in behavior differences. Therefore, we believe that the players’

action space manipulation can be an efficient instrument of affecting players’ natural risk-
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taking behavior, which can be studied further in specifically tailored theoretical models and

laboratory experiments.

In this paper we focus on the pure risk-taking extreme, and adding effort choices back to

our dynamic contest framework can be one of the possible extensions. Other compensation

schemes can also be considered – for example, linking managers’ compensation to the portfo-

lio performance in addition to the considered incentives in a form of bonuses. Furthermore,

our dynamic setting allows lottery outcomes to have non-zero correlations between periods.43

In addition, our tractable dynamic model, as well as its experimental implementation, can

be embedded into richer environments. For instance, the competition between mutual fund

managers within the firm can be a part of the setting with multiple firms competing between

each other. Moreover, such competition can be a part of an asset market analysis, with the

potential for bubbles and crashes.
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Appendix A. Proofs of Propositions 1 and 2.

Let us consider the setup described in Section 3. First, we derive the SPNE for the game

with one period (length T = 1). Second, we prove Propositions 1 and 2 for arbitrary T using

the proof by induction.

The T = 1 case

Without loss of generality, we look at the game from the perspective of player 1 who has

advantage X1 at the beginning of the game. Let the change in advantage after period 1

be denoted c. The resulting advantage, X2 = X1 + c, determines player 1’s probability of

winning through the CSF: Φ
(
XT+1

η

)
= Φ

(
X2

η

)
= Φ

(
X1+c
η

)
, where Φ(·) is the CDF of the

Standard Normal Distribution.

Both players choose lotteries with the desired standard deviations, denoted p and q

respectively, and the scores of players are changed by c1 ∼ N(µ, p2) and c2 ∼ N(µ, q2)

respectively. Then, c = c1 − c2 and c ∼ N(0, p2 + q2). Also, let us introduce an independent

variable K ∼ N(0, 1). Then the CSF can also be written as Φ
(
X1+c
η

)
= Pr

(
K < X1+c

η

∣∣∣ c).

Player 1 maximizes the expected probability of winning the game44, denoted W (p, q):

W (p, q) = Ec

[
Φ

(
X1 + c

η

)]
= Ec

[
Pr

(
K <

X1 + c

η

∣∣∣∣ c)] = Pr(ηK − c < X1)

Note that (ηK − c) ∼ N(0, η2 + p2 + q2), so using the definition of the CDF we can

rewrite W (p, q) as:

W (p, q) = Pr(ηK − c < X1) = Φ

(
X1√

η2 + p2 + q2

)
(1)

Given the properties of Φ(·), player 1’s best response in order to maximize the expected

probability of winning the game is consistent with the Proposition 1:

� If X1 = 0, then W (p, q) = 0.5 for any p and q, so player 1 is indifferent among all

available lotteries (or any combination of them).

� If X1 > 0, then a lottery with the lowest risk should be chosen (lowest p)

� If X1 < 0, then a lottery with the highest risk should be chosen (highest p)

44We treat c as a random variable. Denote its probability density function fC(c). Alternatively,

W (p, q) =
∫∞
−∞Φ

(
X1+c
η

)
fC(c)dc = Ec

[
Φ
(
X1+c
η

)]
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Note that we have a constant-sum game in terms of probabilities of winning the game,

and so player 2 maximizes the function (1−W (p, q)) while the advantage of player 2 is −X1.

As a result, equilibrium behavior of player 2 is also consistent with the Proposition 1.

Now let us add the assumption that sets of lotteries available to players include same

lowest and highest levels of risk, denoted as σ and σ.

With this assumption, for any X1 6= 0 one player always chooses σ, while the other

players chooses σ. Thus, p2 + q2 always equals to σ2 + σ2, and we get a result consistent

with the Proposition 2. In equilibrium of the game, probability of winning the whole game

at the beginning of period t = T = 1 is equal to Φ

(
X1√

η2+σ2+σ2

)
.

Arbitrary T ≥ 1 case

We use results obtained previously to prove the Propositions 1 and 2 while we move from

t = T to t = 1 (backward induction) in the game with arbitrary T ≥ 1. Note that the result

we established for T = 1 holds for the last period of the game, t = T , of any length T ≥ 1,

when XT is used instead of X1. Now let us assume that the Propositions 1 and 2 hold for

some t+ 1 ≤ T . We are going to use the proof by induction and show that the Propositions

1 and 2 hold for t.

Without loss of generality, we look at the game from the perspective of player 1 who has

advantage Xt at the beginning of period t. Player 1 maximizes the expected probability of

winning the game W (p, q) while at t+ 1 there is valuation V 1
t+1 from the Proposition 2:

W (p, q) = Ec

[
Φ

(
Xt+1√

η2 + (T + 1− (t+ 1))(σ2 + σ2)

)]

Xt+1 depends on c, Xt+1 = Xt + c. Thus,

W (p, q) = Ec

[
Φ

(
Xt + c√

η2 + (T − t))(σ2 + σ2)

)]

Let α2 = η2 + (T − t)(σ2 +σ2), α > 0. Then we can represent W (p, q) in the way similar

to the equation (1), while X1 is replaced with Xt, and σ is replaced with α:

W (p, q) = Ec

[
Φ

(
Xt + c√

η2 + (T − t)(σ2 + σ2)

)]
= Ec

[
Φ

(
Xt + c

α

)]
= Φ

(
Xt√

α2 + p2 + q2

)
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Similarly to the equation (1), Proposition 1 (with dependence on Xt) directly follows

from this representation of W (p, q). As a consequence, in the SPNE of the game at period

t we get p2 + q2 = σ2 + σ2. Thus, we can write the probability of winning the whole game

at the beginning of period t in the way consistent with the Proposition 2:

W (σ, σ) = W (σ, σ) = Φ

(
Xt√

η2 + (T + 1− t)(σ2 + σ2)

)
= V 1

t

At this point we proved the Propositions 1 and 2 for the arbitrary T ≥ 1 case.45

Appendix B. Additional data analysis.

Figure 10: Aggregate treatment effects and dependence on t for Xt = 0. We do not show
t > 1 results in treatments 3 and 5 (very few observations of zero advantage).

Figure 10 illustrates an additional result linked to cases with zero advantage. In cases of

zero advantage, subjects choose the lottery D significantly less frequently if they maintain

zero advantage after period 1. We find evidence that if both players simultaneously choose

A, so that their scores remain equal, they tend to be more likely to choose A again. We

cannot look at presence of this effect in case the safe lottery is not available or the advantage

is not zero to begin with (treatments 3 and 5).

45In equilibrium, V changes from t+ 1 to t: V it (Xi
t) =

∫∞
−∞ V it+1(Xi

t + c)fC(c)dc, while c ∼ N(0, σ2 + σ2)
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Figure 11:
Treatment differences (as boxplots on the matching group level).

Figure 12:
Treatment differences by the advantage sign (as boxplots on the matching group level).
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Figure 13:
Probability of winning the game at the beginning of period t (averages within intervals).
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Table 4: Treatment effects and controls

Dependent variable: probability to choose the risky strategy D
(1) (2) (3) (4) (5) (6) (7)

tr: 4 risk levels -0.247∗∗∗ -0.246∗∗∗ -0.250∗∗∗ -0.247∗∗∗ -0.250∗∗∗ -0.246∗∗∗ -0.244∗∗∗

(0.0549) (0.0553) (0.0568) (0.0577) (0.0582) (0.0552) (0.0561)

tr: No safe -0.0545 -0.0543 -0.0570 -0.0551 -0.0541 -0.0603 -0.0572
(0.0716) (0.0716) (0.0711) (0.0715) (0.0693) (0.0693) (0.0682)

tr: Negative mean 0.0225 0.0225 0.0173 0.0185 0.0195 0.0123 0.0146
(0.0765) (0.0761) (0.0788) (0.0789) (0.0802) (0.0778) (0.0786)

tr: Distinct x in t=1 -0.0101 -0.0135 -0.0139 -0.0156 -0.00932 -0.00961 -0.00846
(0.0473) (0.0474) (0.0480) (0.0487) (0.0474) (0.0483) (0.0479)

Game# -0.00402 -0.00388 -0.00394 -0.00374 -0.00356 -0.00355
(0.00426) (0.00422) (0.00421) (0.00419) (0.00421) (0.00418)

Periods left 0.00392 0.00396 0.00397 0.00380 0.00366 0.00360
(0.00646) (0.00649) (0.00649) (0.00652) (0.00648) (0.00650)

Female 0.0398 0.0457 0.0439 0.0563∗ 0.0612∗

(0.0309) (0.0327) (0.0310) (0.0310) (0.0322)

Stats class taken 0.0238 0.0224 0.0250 0.0294 0.0288
(0.0294) (0.0297) (0.0293) (0.0269) (0.0274)

Risk preference (EG+) 0.0120 0.00765
(0.00903) (0.00869)

Risk preference (EG−) 0.0155 0.00867
(0.00971) (0.01000)

Risk preference (DFHSSW) 0.322∗∗∗ 0.298∗∗∗

(0.0979) (0.101)

Constant 0.510∗∗∗ 0.536∗∗∗ 0.495∗∗∗ 0.459∗∗∗ 0.452∗∗∗ 0.338∗∗∗ 0.302∗∗∗

(0.0422) (0.0487) (0.0501) (0.0605) (0.0606) (0.0755) (0.0774)
Observations 4114 4114 4114 4114 4114 4114 4114

Standard errors are clustered on the matching group level (in parentheses)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01
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Table 5: Magnitude of the advantage

Dependent variable: probability to choose the risky strategy D
(1) (2) (3) (4) (5)

Advantage -0.00219∗∗∗ -0.000320 -0.000338 -0.000263 -0.000280
(0.000258) (0.000419) (0.000413) (0.000361) (0.000362)

Advantage<0 0.279∗∗∗ 0.279∗∗∗ 0.279∗∗∗ 0.282∗∗∗

(0.0368) (0.0368) (0.0368) (0.0366)

(Advantage)*(Advantage<0) -0.000707 -0.000672 -0.000822∗ -0.000729
(0.000560) (0.000554) (0.000477) (0.000484)

Game# -0.00641 -0.00670 -0.00610
(0.00445) (0.00462) (0.00463)

Periods left 0.00390 0.00502 0.00463
(0.00744) (0.00734) (0.00733)

tr: No safe -0.0536 -0.0545
(0.0705) (0.0702)

tr: Negative mean 0.0220 0.0226
(0.0757) (0.0762)

tr: Distinct x in t=1 -0.0326 -0.0200
(0.0490) (0.0509)

Female 0.0549
(0.0341)

Risk preference (DFHSSW) 0.283∗∗

(0.114)

Constant 0.497∗∗∗ 0.338∗∗∗ 0.380∗∗∗ 0.399∗∗∗ 0.232∗∗

(0.0224) (0.0382) (0.0500) (0.0534) (0.0855)
Observations 3446 3446 3446 3446 3446

Standard errors are clustered on the matching group level (in parentheses)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: treatment with 4 risk levels is excluded from this analysis
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Table 6: Probit specification of Tables 2 and 3

Dependent variable: probability to choose the risky strategy D
Table 2: (4) Table 3: (4)

tr: 4 risk levels -0.453∗ Advantage -0.00107
(0.237) (0.00111)

tr: No safe 0.191 Advantage<0 0.0807
(0.256) (0.182)

tr: Negative mean 0.247 (Advantage)*(Advantage<0) -0.00202
(0.330) (0.00150)

tr: Distinct x in t=1 -0.0459 Game#-1 -0.0783∗∗∗

(0.229) (0.0197)

Advantage<0 1.143∗∗∗ (Game#-1)*(Advantage<0) 0.121∗∗∗

(0.169) (0.0330)

(tr: 4 risk levels)*(Advantage<0) -0.489∗ Periods left 0.0627∗∗

(0.257) (0.0257)

(tr: No safe)*(Advantage<0) -0.682∗∗∗ (Periods left)*(Advantage<0) -0.104∗∗∗

(0.190) (0.0303)

(tr: Negative mean)*(Advantage<0) -0.383
(0.295)

(tr: Distinct x in t=1)*(Advantage<0) 0.0854
(0.248)

Female 0.154∗ Female 0.145
(0.0879) (0.0985)

Risk preference (DFHSSW) 0.984∗∗∗ Risk preference (DFHSSW) 0.801∗∗

(0.286) (0.325)

Constant -1.082∗∗∗ Constant -0.455∗∗

(0.250) (0.221)
Observations 4114 3446

Standard errors are clustered on the matching group level (in parentheses)
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Note: cases with zero advantage are excluded
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Appendix C.1. Additional details (behavioral models).

All additional graphs are located in the Appendix C.2 (except for the in-text Figure 14).

Default QRE model

To illustrate how QRE works, let us consider period t of the baseline game (lotteries A

and D). Denote the expected probability of player i winning the game as W i(·). It depends

on what players choose, and we can write W 1(·) as W 1(ν1D, ν
2
D), where νiD is the probability

that player i chooses the lottery D. QRE implies:

ν1D =
eλW

1(1,ν2D)

eλW
1(1,ν2D) + eλW

1(0,ν2D)

In order to find the optimal λ, for each λ value we calculate a sum of squared deviations

of QRE results from actual choices by going across all observations in the Benchmark data

(using (T ,t,X) to pick a proper QRE value in dynamics). The fact that the optimal λ,

λ = 19, is neither 0 nor a very large number is intuitive – from the data analysis we know

that choices of subjects are neither equally split between the lotteries nor perfect NE choices.

The process of calibrating λ is illustrated by Figure 14.

QRE(T) and QRE(W)

The optimal ω, ω = 0.25, is neither 1 nor 0 – types are not explaining the behavior

well without the QRE component, and introducing types improves the explanatory power

of QRE. Figure 17(a) shows the comparison between QRE(T) and the default QRE results

– generally, in QRE(T) an A-type subject has a lower probability of choosing the lottery D

than in the default QRE, while a D-type subject has a higher probability of choosing the

lottery D. The comparison between QRE(W) and and the default QRE results is illustrated

by Figure 17(b).

Full model – QRE(LTW)

Our full model incorporates all 3 additional components together: learning, types, and

the probability weighting function. As a result, the decision-making is different across both

games and types. Figure 18 shows the results from the full model calculations, in which there

is higher frequency of equilibrium behavior towards the end of the session, while overall, D-

type subjects have a relatively higher probability to choose the lottery D. It should be

noted that while in game 10 the A-type is predicted to play the SPNE almost perfectly, in

aggregate, the QRE approach remains relevant (with λ = 75).

Fit comparison

For illustration purposes, let us consider an intermediate step between QRE and QRE(L).

This model, denoted as “QRE(L)(part)”, does not allow λ to be different in each game as in
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QRE(L). However, it allows λ to be different between sets of games: Games 1-4, Games 5-7,

and Games 8-10.46 The optimal λ values increase as the session progresses, and the overall

fit of QRE(L)(part) equals to the sum of fit values of each set, or 1.20 – a 20% improvement

over the default QRE. In contrast, a proper learning model with a flexible λ, QRE(L), yields

a 25% improvement – that is, QRE(L) is 25% further from the default QRE with λ = 0 than

QRE with λ = 19 (normalized to 1) is.

Figure 14: Fitting process for QRE, QRE(L), and QRE(L)(part).

In addition, we analyze the effect of using actual experimental data when implementing

types in all 4 models with the (T) component, while the decision-making rule stays unchanged

in those models. First, we classify subjects in the Benchmark data into types using an average

deviation from the SPNE choice towards the lottery D (which accounts for the advantage

sign). Then, we split the population into 2 groups (“A-type” and “D-type” subjects) and

use this additional property of each observation, the type of a subject making this particular

decision, to apply the QRE prediction to the observation.

We believe that even though it is not cleanly comparable with other results due to addi-

tional data-generated classification being used, it is important to look how properly applied

types improve the explanatory power of QRE. Figure 19 shows the full comparison of our

results, and the described results are marked with “(*)”. In particular, the fit improvement

of our modified, full, QRE model can be increased from 40% to 103%.

46We divide 10 games in such a way because first 4 games are significantly different from others – they
are short (T = 1), and observations with non-zero advantage are only generated by treatment 5 (few
observations). Games 5-7 and Games 8-10 are almost identical in terms of the number of observations.
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Appendix C.2. Additional graphs (behavioral models).

Figure 15: QRE for X = ±20 (range of λ).

Figure 16: QRE for treatment 2 (4 risk levels) as a function of advantage X (λ = 19,
t = T ).
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Figure 17: (a) Types – QRE(T); (b) Probability weighting function – QRE(W).

Figure 18: (a) QRE(LTW) in game 5; (b) QRE(LTW) in game 10.
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Figure 19: Performance of all considered models in relation to the default QRE (Maximum
likelihood).

Table 7: Raw fitting results for the QRE model with λ = 0 (random choice) and all models
in Figure 19.

Model Least squares Maximum likelihood

Default QRE (λ = 0) 511.00 -1416.80
(W) 453.67 -1308.80
Default QRE (optimal λ) 453.45 -1321.50
(TW) 444.82 -1290.30
(T) 444.74 -1288.90
(LW) 441.47 -1292.60
(L) 438.71 -1302.10
(LT) 431.85 -1256.90
(LTW) 430.45 -1254.00
(T)(*) 408.74 -1229.70
(TW)(*) 406.86 -1220.10
(LT)(*) 396.36 -1212.30
(LTW)(*) 394.21 -1202.90
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Appendix D. Discrete probability distribution.

In our model we assume that available lotteries yield numbers (point changes in scores)

randomly drawn from the normal distribution. We make this assumption in order to derive

our close-form solution for any length of the game.

In contrast, let us consider a game with a discrete probability distribution of lottery

payoffs. In particular, two lotteries are available to players:

Lottery Ad. Yields 1 point with certainty.

Lottery Bd. Yields 3 points with probability (1/3), 0 points otherwise.

Suppose it is the last period of the game, and player 1 is behind 1 point in scores. It turns

out that in this setup maximization of the winning probability results in a mixed strategy

Nash Equilibrium. In particular, player 1 chooses Ad with probability 0.25 and Bd with

probability 0.75. More generally, issues of multiplicity of equilibria are also possible.

Numerically, we can calculate the SPNE of the described game (for T = 40 periods) and

generate a graph showing the probability of winning in equilibrium.

Figure 20: Probability of winning the game (at the beginning of period t) with a discrete
probability distribution of lottery payoffs (T = 40)

Note that the Figures 20 and 1 (results of our baseline game) share same overall shape

and properties. Ultimately, the normal distribution grants us the ability to construct an

experimental setting with clean predictions in our dynamic environment – in contrast to

other distributions we’ve considered (such as the exponential distribution).
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