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Abstract
Experimental evidence suggests that gender differences in tournament entry may be 
driven by differences in competitiveness, overconfidence, and risk or ambiguity at-
titudes. We examine the influence of risk, ambiguity, and complexity on tournament 
entry using a novel experimental design that mitigates the role of overconfidence. 
Our experiment uses a rank-order tournament with calibrated ability, ensuring that 
variation in subjects’ performances is driven by the random noise component. We 
vary the nature of uncertainty by manipulating whether the distribution of noise is 
known (risk) or unknown (ambiguity), as well as the complexity of the situation 
by varying the number of draws used to determine the noise component. We do 
not find any significant effects of complexity (the number of draws) on tournament 
entry for either kind of uncertainty. Moreover, in our risk treatments, we observe no 
gender gap in tournament entry. However, there is a significant gender gap in our 
ambiguity treatments, where the distribution of the noise component is unknown, 
driven by the negative influence of ambiguity on entry by women. A separate treat-
ment-based measure of participants’ preference for competition indicates that both 
men and women exhibit substantial competitiveness in the risk treatments, with 
no difference across gender. Yet, in stark contrast, ambiguity suppresses the com-
petitiveness of women, without impacting the competitiveness of men. Altogether, 
our results suggest that greater transparency to minimize ambiguity may help to 
mitigate the gender gap in tournament entry.
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1  Introduction

In business, government, academia, and the nonprofit sector, it is commonly observed 
that women enter competitive positions less often than men (Adler, 2015). Women 
CEOs are scarce in large corporations (Oakley, 2000), and there are far fewer women 
than men in top leadership positions in American companies (Acker, 2006; Ber-
trand and Hallock, 2001), in politics and government, and in nonprofit organiza-
tions (Adler, 2015). Women are grossly underrepresented at the professorial level 
in academia (Cooper and Stevens, 2002). The under-representation of women in 
competitive positions may stem from a range of factors, but two that have attracted 
considerable attention are that women tend to have an underlying preference to avoid 
competition or that they are subjected to discrimination when they do choose to enter 
into competitive environments.

Beginning with the seminal work of Niederle and Vesterlund (2007), a rich body 
of work uses experimental methods to study the gender gap in competitiveness and 
its consequences for tournament entry and performance. The main findings from this 
literature support the hypothesis that women are generally less willing than men to 
enter competitions (see Croson and Gneezy, 2009; Niederle, 2015; Shurchkov and 
Eckel, 2018; Markowsky and Beblo, 2022, for excellent reviews of the related litera-
ture). Importantly, there are several studies demonstrating that experimental measures 
of competitiveness predict selection into more challenging education environments 
(Buser et al., 2014, 2017, 2022; Zhang, 2013) and correlate with general labor market 
outcomes (Buser et al., 2018, 2021; Reuben et al., 2017, 2015).1 Thus, understand-
ing the gender gap in willingness to compete has become an issue of fundamental 
concern to economists.

With their seminal experimental paradigm, Niederle and Vesterlund (2007) show 
that the gender gap in tournament entry—i.e., in the willingness to enter into a com-
petition—persists even after controlling for contributing factors such as risk aver-
sion, overconfidence, and ability. They conclude that the gender gap largely stems 
from gender differences in competition preferences and overconfidence but negligi-
bly from risk aversion or feedback aversion. Subsequent studies have examined the 
robustness of their results to variation in subject pools, the nature of the task, and 
tournament format. In a quantitative meta-study, Markowsky and Beblo (2022) con-
clude that while controlling for risk attitudes can lower the size of the gender gap, it 
does not diminish systematically towards zero.

In this paper, we examine the influence of risk, ambiguity, and complexity on com-
petitiveness and tournament entry, using a novel experimental design that mitigates 
the role of overconfidence. Previous literature has mainly focused on accounting 
for risk preferences and overconfidence (Gillen et al., 2019; Markowsky and Beblo, 
2022; Niederle and Vesterlund, 2007; Van Veldhuizen, 2022), with only a few stud-
ies that consider the impact of ambiguity. However, there is growing evidence that 
ambiguity, in various forms, may be a significant contributing factor to the gender 

1 Additionally, work by Cassar and Rigdon (2021); Cassar (2021), and Cassar and Zhang (2022) suggests 
that incorporating a cooperative element (or an option to cooperate) into the environment can help to 
close the gender gap in willingness to compete.
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gap in willingness to compete. For instance, Balafoutas and Sutter (2019) examine 
the impacts of uncertainty and ambiguity about the number of winners on both entry 
into and performance in a tournament setting. They find that men enter tournaments 
significantly more than women in all treatments and that ambiguity further increases 
the entry rate for men.2 Coffman et al. (2023) show that reducing ambiguity sur-
rounding the required qualifications for a challenging job can narrow the gender gap 
in willingness to apply, while Hernandez-Arenaz and Iriberri (2023) similarly show 
that reducing ambiguity regarding sharing norms helps to lessen gender differences 
in bargaining outcomes.3 Furthermore, although the role of complexity has been ana-
lyzed in the context of individual decision-making (see, e.g., Oprea, 2024; Enke and 
Graeber, 2023; Enke and Shubatt, 2023; Huck and Weizsäcker, 1999; Mador et al., 
2000; Sonsino et al., 2002; Moffatt et al., 2015; Oberholzer and Olschewski, 2024), 
its impact on competitive preferences, particularly any differences between males 
and females, has received little attention to date. Given that the extant literature has 
not provided clear evidence of gender differences in complexity aversion, we view 
complexity as a more exploratory dimension of study.

Building on this recent research, we compare tournament entry decisions in two 
kinds of situations; those characterized by risk and those characterized by ambiguity. 
Moreover, we vary the complexity of the environment by altering the structure of the 
noise component that generates the uncertainty in each setting. Our experiment is 
designed to explore three main questions: (1) Are tournament entry decisions differ-
ent under risk than under ambiguity, and do they vary by gender? (2) Are tournament 
entry decisions under risk (ambiguity) well-explained by risk (ambiguity) prefer-
ences, a preference for competition, or both, and do these vary by gender? (3) Do 
tournament entry decisions vary by the complexity of the noise structure, and if so, 
does this vary by gender?

To address these questions, we design our experimental environment using a piece 
rate scheme and a rank-order tournament in which the participant’s final performance 
is determined by both their task performance (ability) and a random noise component 
(noise). In our experiment, we vary whether the distribution of the noise compo-
nent is known (our Risk treatments) or unknown (our Ambiguity treatments). To 
our knowledge, ours is the first study in the literature to focus on tournament entry 
(as opposed to effort) in a rank-order tournament with an explicitly controlled noise 
component in the calculation of a subject’s final performance. Moreover, we provide 
some of the first evidence regarding gender differences in how participants respond 
to the noise component in rank-order tournaments. We also examine the impacts of 

2 Related work by Gee (2019), using a field experiment, shows that providing information regarding the 
number of people who have already clicked on the application link for a job posting on LinkedIn boosts 
the likelihood of women, but not men, completing the application. Similarly, Flory et al. (2015) show that 
women are less inclined to apply for jobs when some portion of the pay is uncertain.

3 In another related study, Kellner and Riener (2014) analyze the role of ambiguity on the selection of 
tournament incentives, in both risky and ambiguous environments. They find that ambiguity increases 
entry into the tournament. However, they do not report on the question of gender differences in tourna-
ment entry in either setting. Moreover, their non-tournament payment scheme is a kind of lottery scheme, 
rather than a piece rate payment scheme, which is the standard alternative used when examining tourna-
ment entry in the literature.
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complexity on entry by varying whether the noise component is determined by one 
random draw from the known (or unknown) distribution, or by the larger of two 
(independent) draws.

In contrast with the literature, we use a real-effort task that can be calibrated in 
a way that ensures (near-)identical ability components of performance. As such, the 
variation in final performance is driven almost entirely by the noise component. Sub-
jects in our experiment participate in a variation on the ball-catching task (Gächter et 
al., 2015) in which we program the speed with which a series of digital balls drop on 
the screen. We calibrate the time limit on the task so that, with considerable ease and 
minimal cognitive effort, every participant can catch exactly 50 balls (the maximum 
possible amount). This feature of the design is explained to subjects, allowing us to 
shut down a major channel through which overconfidence might influence tourna-
ment entry.

While this allows us to minimize the effects of overconfidence, it also implies 
that winning is determined primarily by whether or not the participant draws a more 
favorable noise component than her competitor.4 That is, winning in our environment 
is more about luck than about skill or effort. Nevertheless, in line with recent work 
showing that “enjoyment of competition" and the “desire to win" have a strong influ-
ence on preferences for competition (Buser and Oosterbeek, 2023), we anticipate 
that the mere presence of a competitor is more than enough to activate feelings of 
competitiveness among our participants.

Furthermore, to provide additional evidence concerning the role of competitive-
ness, we adopt a treatment-based measure of the preference for competition, based 
on the approach in Van Veldhuizen (2022). Our findings using this treatment-based 
approach to measuring competitiveness also suggest that participants in our exper-
iment respond to some competitive motives even when the competition is driven 
almost exclusively by noise. This component of our experiment also contributes to 
a recent debate regarding the existence of a separate “competitiveness trait" and its 
implications for the gender gap in tournament entry. Gillen et al. (2019) demon-
strate that estimates of the residual gender gap after controlling for risk aversion and 
overconfidence, attributed to the “competitiveness trait" by Niederle and Vesterlund 
(2007), may be biased due to measurement error associated with the experimentally 
elicited measures of risk attitudes and confidence. They develop and introduce an 
unbiased procedure (Obviously Related Instrumental Variables, or ORIV) to correct 
for the potential bias and show that when the bias is properly accounted for, the resid-
ual gender gap is negligible and statistically indistinguishable from zero. By contrast, 
Van Veldhuizen (2022) uses a novel experimental design to provide a treatment-
based measure of the ‘competitiveness trait’, rather than relying on the residual-based 
approach in Niederle and Vesterlund (2007). He finds no evidence to support the 
existence of a separate competitiveness trait, let alone any gender differences in such 
a trait. Another study that measures preferences for competition is Lozano and Reu-

4 Indeed, there are many competitive situations where differences in outcomes may be driven less by skill 
gaps and more by stochastic factors such as day-specific performance, random shocks, or situational 
conditions. For instance, in tournaments with extremely high performance standards, including Olympic 
events or elite-level European football competitions, participants or teams are typically highly selected, 
and they hold relatively precise beliefs that they and their competitors have similar skill levels.
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ben (2023), who find that many individuals are willing to pay to engage in (or avoid) 
competition, but do not observe any gender differences in competitiveness.

Our main findings are as follows. In our experimental data, we do not observe any 
significant differences in tournament entry rates as a function of the number of draws 
used for the noise component (complexity). Thus, we pool the data along this dimen-
sion and focus on the differences between the risk treatments and the ambiguity treat-
ments. We find no evidence of a raw gender gap in tournament entry for situations 
characterized by (known) risk. However, when the distribution of the noise com-
ponent is ambiguous, we observe a statistically significant raw gender gap, driven 
by a lower frequency of entry by women. The gender gap remains statistically and 
economically significant (between 13% and 16%, depending on the sample) when 
we follow the residual-based approach pioneered by Niederle and Vesterlund (2007). 
These results are also robust to the inclusion of the first three principal components, 
obtained from a Principal Components Analysis (PCA) of five elicited individual 
characteristics (measuring risk attitudes and aversion to ambiguity).5

Furthermore, our treatment-based measure of competitiveness—which follows 
the approach introduced by Van Veldhuizen (2022)—provides additional evidence in 
support of the existence of a separate competitiveness trait. The measure is computed 
by comparing decisions made in the tournament entry choice with those made in a 
comparable lottery choice task that eliminates the competitive framing of the deci-
sion. Our data suggest that both men and women exhibit a ‘competitiveness trait’ in 
situations with risk, albeit with no apparent differences across gender.6 Thus, even 
when winning the competition comes down to a more favorable noise component 
than your opponent (luck-based, rather than skill-based competition), we observe a 
preference for competition among both men and women.

In situations with ambiguity, men exhibit a similar degree of competitiveness as in 
the risk environment. However, for women, we find that any preference to compete 
is suppressed under ambiguity, as women enter the tournament no more often than 
they choose the comparable lottery when the competitive framing is eliminated. This 
indicates that there may be a more complicated relationship between risk attitudes, 
ambiguity attitudes, and competitiveness. Notably, our findings contrast with Van 
Veldhuizen’s own results, as his data exhibit no evidence of a competitiveness trait at 
all, let alone any gender difference in competitiveness.7 We find evidence to support 
a preference for competing among both men and women, in risky environments, but 
only for men when there is ambiguity regarding the noise.

To summarize, our treatment-based measure and the standard residual-based 
measure both support the hypothesis that ambiguity plays a key role in determining 
whether or not there is a gender gap in tournament entry. In our Risk treatments, 

5 Since we do not elicit multiple measures of each individual characteristic, we are not able to apply the 
ORIV procedure of Gillen et al. (2019). However, they obtain similar results when using a PCA as when 
using the ORIV procedure, giving us greater confidence in the PCA approach as a suitable alternative.

6 This result is consistent with the findings reported by Lozano and Reuben (2023).
7 It may bear mentioning that, in contrast with our design, where piece rate payments are also subject to 
the noise component, Van Veldhuizen (2022) uses a real effort task and performance measure that imply 
no payment uncertainty when the piece rate scheme is selected. This is in line with the approach adopted 
in Niederle and Vesterlund (2007) and in virtually all of the subsequent studies that adopt their paradigm.
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competitiveness is significant and similar across gender, consistent with the absence 
of any gender gap in tournament entry; but in our Ambiguity treatments, the gender 
gap in tournament entry coincides with a similar gender gap in competitiveness.

Our results on competitiveness are consistent with other recent findings regard-
ing the differential impacts of ambiguity on men and women. Balafoutas and Sutter 
(2019), discussed briefly above, is the work most closely related to ours, although 
their focus is on uncertainty and ambiguity regarding the number of winners in the 
tournament, rather than uncertainty about the noise component of performance. Bala-
foutas and Sutter (2019) find that, relative to the case where the number of winners is 
fixed and known, both risk and ambiguity increase the likelihood of men and women 
choosing to enter competition. However, the increase is only statistically significant 
in one situation—for men, when the number of winners is ambiguous. The main 
difference between our study and theirs is that we focus on the inherent uncertainty 
regarding performance, rather than uncertainty about the number of winners in the 
tournament. Nevertheless, our results contribute similar implications—given the 
apparent impacts of ambiguity on the propensity for women to enter into competitive 
environments, managers and policymakers who seek to reduce the gender gap may 
look to solutions that mitigate the ambiguity surrounding performance measures in 
the field.

Our results also complement the findings of (i) Coffman et al. (2023), who study 
gender differences in willingness to apply for more challenging, lucrative work using 
both field and controlled (online) experiments, and (ii) Hernandez-Arenaz and Iri-
berri (2023), who examine gender differences in bargaining outcomes. They show, 
respectively, that the gender gap may be narrowed by reducing ambiguity surround-
ing (i) the required qualifications for the job, as it increases the rate at which qualified 
women apply relative to the effects for men, and (ii) sharing norms in the bargaining 
environment. Thus, we contribute to the growing evidence suggesting that ambiguity, 
in relation to various dimensions of the environment, may be responsible for some of 
the gender differences in willingness to compete.

The remainder of this paper is organized as follows. In Section 2, we describe our 
experimental design and introduce several experimental hypotheses. In Section 3, we 
report the results of the experiment, focusing first on the impacts of risk, ambiguity, 
and complexity on the raw gender gap in tournament entry, then on the residual-
based approach to measuring the gender gap in competitiveness, and finally on the 
treatment-based measure of competitiveness. We provide a brief discussion with con-
cluding remarks in Section 4.

2  Experimental design & procedures

2.1  Design

The experiment consists of two blocks. The first block contains five stages, described 
in detail below. In the second block, we elicit subjects’ risk aversion and ambiguity 
aversion using multiple different methods.
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For the first three stages of block one, subjects perform a real-effort, gender-neu-
tral task: specifically, an adaptation of the ball-catching task by Gächter et al. (2015). 
In the adaptation of this task (previously used in Büyükboyacı and Robbett, 2017; 
Büyükboyaci and Robbett, 2019) it is possible to arrange the number of balls falling 
for each subject; i.e., to assign skills to subjects. In all of our treatments, we allow 
subjects 60 seconds for the task and ensure that, for every subject, there are exactly 
50 balls that drop during that time. Subjects collect the balls by using their mouse 
to click on left and right buttons that move a tray underneath the ball, as depicted in 
Fig. 1. The task is made relatively easy, so that with minimal effort, every subject has 
the opportunity to catch all 50 balls.

Such a task is important for the design because the literature shows that tourna-
ment-entry decisions of males and females may change depending on the task, i.e., 
men tend to choose competitive settings more often than women in mathematical and 
spatial tasks (Gneezy et al., 2003; Niederle and Vesterlund, 2007; Datta Gupta et al., 
2013; Dreber et al., 2014) but rarely in verbal tasks (Günther et al., 2010; Große and 
Riener, 2010; Shurchkov, 2012). In Niederle and Vesterlund (2007) and many follow-
up studies, the task involves “summing up five two-digit numbers in a given time” for 
compensation. While this task is categorized as gender-neutral, incomplete informa-
tion about other competitors’ skills, may lead to differences in how often males and 
females choose to enter into the tournament settings.8 Our novel task allows us to 
maintain precise control over subjects’ skills and to inform subjects about this control 
so that the role of overconfidence in tournament entry decisions is mitigated.9

8 Such incomplete information about others’ skills may affect men and women differently due to differ-
ences in their confidence levels (Croson and Gneezy, 2009).

9 On the issue of feedback about relative performance in relation to the gender gap in competitiveness, see 
Ertac and Szentes (2010) and Wozniak et al. (2014).

Fig. 1  The ball-catching task
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In all three stages, a noise component is added to the number of balls collected by the 
subject. The same process is used to determine the noise component in each of the three 
stages (independently across stages). However, the process is varied between treat-
ments. We implement four treatments using a 2 × 2 design, varying the nature of the 
uncertainty along one dimension, and the complexity of the procedure that determines 
the noise component along the other dimension. In all treatments, the noise component 
is drawn from the interval [−10, 10]. More specifically, we restrict the numbers to be 
within the discrete set, D = {−10, −9.9, −9.8, . . . , −0.1, 0.1, 0.2, . . . , 9.8, 9.9, 10} 
(notice that the set excludes 0). We describe the four treatments below.

Treatment R1  In this treatment, the computer randomly draws once from the discrete 
set D, according to the uniform distribution. That is, the probability of drawing each 
number in D is 1/200. The distribution of numbers is known to the subjects, making 
this a situation with risk (R).

Treatment A1  Prior to running any experimental sessions, we constructed another set 
of numbers, D̂, in the following manner. We asked 20 people on campus to submit a 
list of 10 numbers from the discrete set D. Subjects were allowed to select the same 
number multiple times. The resulting list of 200 numbers, D̂, could therefore include 
repeated observations of the same number. Thus, the distribution used in Treatment 
A1 (and also in A2) was collected from a separate group of individuals who were 
not participants in the main experiment. Participants in the main experiment were 
informed only that these distributions were fixed and externally generated. They were 
not informed about the submitted list of numbers, although they were told how that 
list was generated.10 In treatment A1, the computer randomly draws once from the 
set D̂, with each observation equally likely to be selected. Since the composition of 
the numbers in D̂ is unknown to the subjects, the situation is one with ambiguity (A).

Treatment R2  In this treatment, the process for determining the noise component is 
similar to R1. However, instead of drawing once from the set D, the computer ran-
domly draws twice (with replacement) and selects the higher of the two draws as the 
noise component to be added to the number of balls collected by the subject in that 
stage. As in treatment R1, each number in D is equally likely to be selected. Thus, the 
noise component corresponds to the first-order statistic (out of two draws) from the 
uniform distribution on D. The resulting distribution is known to the subjects, mak-
ing this a situation of risk (R).

Treatment A2  Finally, in treatment A2, we make the same adjustment to the number 
of draws relative to A1. Using the same D̂ used for A1, the computer randomly draws 
twice (with replacement) from D̂ and selects the higher draw to be the noise compo-
nent. Since the composition (and thus, the underlying distribution) of D̂ is unknown 
to the subjects, this is a situation of ambiguity (A).

10 In the supplementary Online Appendix, we include a histogram showing the distribution of numbers 
generated by the procedure (D̂) and used for the Ambiguity treatments in the experiment.



1 3

Journal of Risk and Uncertainty

2.1.1  General procedures

We ran 29 sessions in 2023 at METU-FEAS Behavioral and Experimental Labora-
tory (BEL) at Middle East Technical University (METU). Subjects were recruited by 
e-mail using the BEL database, which consists of undergraduate students at METU. 
Overall, 348 subjects participated in the experiment. Each subject participated in 
only one session and sessions lasted approximately 40 minutes. Average earnings 
from the experiment was 65 TL.11 The average age of the subjects was 21.57. All 
sessions were computerized using z-Tree (Fischbacher, 2007). In each treatment, 
subjects completed the same two blocks in the same order (see Fig. 2). There were 5 
stages in each block and subjects’ payments were determined based on their earnings 
from a randomly drawn stage from Block 1 and Block 2. For this reason, we try to 
equalize the expected earnings from each stage within the block. The instructions for 
each stage were read aloud only after the previous stage was completed.12 Table 1 
reports the number of males and females who participated in each treatment. We 
aimed to equalize the number of subjects in each treatment and the gender balance 
within a treatment as much as possible.

11 At the time we ran the experiment, the hourly minimum wage was 37.81 TL.
12 Instructions for each treatment are provided in the supplementary Online Appendix.

A1 R1 A2 R2
Males 41 51 40 40
Females 43 45 44 44
Total Subjects 84 96 84 84

Table 1  Number of subjects par-
ticipating in each treatment
 

Fig. 2  Experimental procedures—sequence of tasks in block 1 and block 2
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2.1.2  Block 1 procedures

In each of the first three stages, a subject’s performance is calculated as the sum of 
the number of collected balls in the stage, and their random noise component for the 
stage. Although subjects can deduce the number of balls they collect in each stage, 
they are not informed about the realization of the noise component, or about any 
outcomes or payments from any of the stages until after all stages are completed. In 
Stage 1, subjects are paid according to a piece rate—specifically, they are paid their 
performance score in Turkish lira (TL). In Stage 2, subjects are paid according to a 
tournament incentive scheme—each subject is paired with another subject and their 
performances are compared. The subject with the higher performance is paid “2 × 
own performance", while the subject with the lower performance is paid 0. Ties are 
broken randomly.

In Stage 3, before participating in the ball-catching task, subjects are asked to 
choose which payment scheme they prefer: piece rate or tournament. A subject who 
chooses piece rate is paid his performance score from Stage 3 (in TL). If the subject 
chooses the tournament, his performance in Stage 3 is compared with the paired 
subject’s performance from Stage 2, and his payment is determined according to the 
same tournament scheme used for Stage 2.

In Stage 4, we elicit subjects’ beliefs about their final performance in Stage 3, 
using the multiple price list (MPL) method. Each subject is asked to choose between 
two options, in ten different situations. In every situation, the first option pays 50TL 
only if the subject’s Stage 3 final performance (i.e., including the noise component) 
is higher than his pair’s final performance in Stage 2, and nothing otherwise; i.e., the 
subject wins 50TL if he correctly predicts that he wins the tournament in Stage 3.13 
The second option is a lottery that pays the subject 50TL with probability 1/10 in 
the first situation (and nothing otherwise), 50TL with probability 2/10 in the second 
situation (and nothing otherwise), and so on with probability increments of 1/10 for 
each situation up to 50TL with probability 10/10 in the tenth situation. At the end 
of the experiment, the computer draws a random number to determine which situ-
ation to implement, and the subject’s choice in that situation is used to determine 
payment.

Finally, in Stage 5, we eliminate any remaining competitive features of the envi-
ronment, as in Van Veldhuizen (2022). As in Stage 4, there are ten situations in Stage 
5 and subjects are asked to choose between two options in each situation. The first 
option always pays what the subject would earn under piece rate incentives (using 
Stage 2 performance). The second option is a lottery that pays “2 × own perfor-
mance" (using Stage 2 performance) with probability 1/10 in the first situation, again 
with probability increments of 1/10 from one situation to the next. The payment for 
this stage is determined similar to Stage 4: At the end of the experiment, first, the 
computer draws a random number to determine which situation to implement, and 
the subject’s choice in that situation is used to determine payment.

13 Recall that the outcomes and payments from each stage are withheld until all stages are completed. 
Accordingly, subjects do not observe their noise draws between stages.
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2.1.3  Block 2 procedures

In the second block, we elicit subjects’ risk aversion using three different methods, 
and their ambiguity aversion using two different methods. The block is organized 
as follows. First, we use the risk elicitation method of Gneezy and Potters (1997); 
we ask subjects how much of an endowment of money (10TL) they would invest if 
they know the invested amount will be multiplied by 2.5 with 0.5 probability and 
will be lost with 0.5 probability. In the next three stages, we use three different MPL 
procedures to elicit subjects’ attitudes towards ambiguity, risk, and compound lot-
teries. Each of these three stages adopt a similar procedure, using a hypothetical urn 
containing 20 red and black balls. The information provided to the subjects about the 
composition of the urn varies from stage to stage.

In the second stage, the composition of red and black balls in the urn is unknown 
to the subjects.14 We first ask subjects to choose a color (red or black), then ask them 
to choose between two options in a multiple price list format (with 10 situations)—
the first option always offers 10TL if a random ball drawn from the urn matches the 
color chosen by the subject; the second option is a fixed amount that increases by 
1TL from one row to the next, from 1TL in the first situation, to 10TL in the tenth 
situation.

In the third stage, subjects are informed that the ball will be drawn from an urn 
that is composed of precisely 10 red balls and 10 black balls. Subjects are once again 
asked to select a color. Then, for each situation, they are asked to choose between the 
lottery that pays 10TL if the random ball drawn from the urn matches their selected 
color, and the fixed money value, which increases in 1TL increments from 1TL (situ-
ation 1) to 10TL (situation 10).

In the fourth stage, we conduct an alternative ambiguity attitude elicitation using 
the same setup, except that subjects are informed that the composition of this urn is 
determined using a compound lottery procedure. Specifically subjects are informed 
that an integer number will be chosen between 0 and 20 (with each number being 
equally likely) and that this will be the number of red balls in the urn, with the remain-
ing balls all being black. This allows us to elicit subjects’ ambiguity attitudes via their 
certainty equivalents for the compound lottery.15

Subjects’ earnings from the MPLs in Stage 2, 3, and 4 are determined similarly: 
First, a random number is drawn from 1 to 10 to determine the relevant situation, then 
the subjects’ decisions in that situation is realized.

Finally, in the fifth stage, subjects are asked to rate themselves, on a scale from 0 to 
10, in terms of their willingness to take risks, with 0 representing “Not at all willing 
to take risks" and 10 representing “Very willing to take risks". This elicitation method 
(drawn from Dohmen et al., 2011) is not incentivized, unlike the other four elicitation 

14 Subjects are informed that the composition of the urn was previously determined by a student on cam-
pus.
15 Halevy (2007) experimentally tests whether the behavior of subjects is similar when the ball is drawn 
from an urn with unknown distribution or from an urn where the number of red balls is uniformly deter-
mined. He finds correlations of around 0.5 in both cases. Similarly, Gillen et al. (2019) find that subjects’ 
ambiguity aversion and compound lottery certainty equivalents are highly correlated after accounting for 
measurement error.
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tasks. After the elicitation tasks are completed, we collect demographic data includ-
ing gender, age, and major. At the end of the experiment, subjects are paid for one 
(out of the first four) randomly selected elicitation task.

2.2  Experimental hypotheses

In this section, we briefly outline our main experimental hypotheses, supported by 
some underlying theoretical considerations. We begin by comparing the lotteries gen-
erated by the piece rate and tournament incentive schemes in the two risk treatments, 
R1 and R2. In each case, the ex-ante probability of winning in the tournament is equal 
to 0.5, due to the symmetry of the noise component, although the corresponding lot-
teries differ due to the variations in the distributions of the noise.

In the R1 treatment, subjects must choose between two lotteries. The piece rate 
scheme induces a lottery with a payoff yP

1  that is distributed uniformly over the inter-
val [40, 60] (assuming subjects expect to catch all 50 balls). Meanwhile, the tourna-
ment scheme induces a compound lottery with a payoff that depends, first, on the 
realization of the subject’s own noise component (zi) and, second, on the realization 
of their matched partner’s noise component in the previous stage (zj). While both 
are drawn uniformly (and independently) from the interval [−10, 10], the probability 
the subject wins the tournament is increasing in her own noise component.16 More 
importantly, the payoff from winning is also increasing in zi such that, with higher 
probability weights on the higher payoff realizations, the expected value of the lottery 
increases relative to the piece rate scheme.17 Evaluating the expectation, we obtain 
E[yT

1 ] = 53.33, which is higher than the expected value from the piece rate scheme, 
E[yP

1 ] = 50. Thus, even if the tournament scheme induces a compound lottery that is 
more risky than the piece rate scheme, the higher expected value ensures that subjects 
who are risk neutral (or even only slightly risk averse) ought to choose the tourna-
ment scheme over the piece rate alternative.

A similar comparison applies to the two alternative schemes in the R2 treatment. 
In this case, the lottery induced by the piece rate scheme yields a payoff, yP

2 , that is 
distributed on the same interval [40, 60] as yP

1 , but according to the skewed distribu-
tion of the first-order statistic out of two independent draws.18 The resulting expected 
value is E[yP

2 ] = 53.33. Compared to the R1 treatment, the piece rate scheme 
improves in R2, as it skews the distribution towards higher values of the noise com-
ponent, and so offers a higher expected payoff. However, the tournament scheme also 
improves when we move from the R1 treatment to the R2 treatment, with a similar 

16 Indeed, if the realized value of zi is −10, the probability of winning is 0, whereas if the realized value 
of zi is +10, the probability of winning is essentially 1.

17 To see this, notice that E[yT
1 ] =

10´
zi=−10

P r[zj ≤ zi](2(50 + zi))dF (zi) where P r[zj ≤ zi] is the 

probability subject i wins the tournament when the noise component is zi and 2(50 + zi) is the cor-
responding payoff from winning with a noise component of zi. Given the uniform distribution and the 
interval [−10, 10], we have P r[zj ≤ zi] = (zi + 10)/20.

18 This distribution is given by F̂ (y) = (y−40)2

400  for each y ∈ [40, 60].



1 3

Journal of Risk and Uncertainty

increase in expected value.19 As such, as a null hypothesis, we might not expect the 
relative effects of the number of draws on the two payment schemes to be different. 
Assuming that subjects exhibit a similar distribution of risk attitudes across the two 
treatments, theory suggests the percentage of subjects who enter the tournament to be 
the same in R1 and R2. However, if subjects are averse to the complexity introduced 
to the environment in R2, compared with R1, they may opt for the simpler piece rate 
incentive scheme, in which case we might expect to observe lower entry into the 
tournament scheme in R2, relative to R1.

Accordingly, our first hypotheses concern the effect of the number of draws on 
tournament entry in the Risk environment.

Hypothesis 1a  (Null) The frequency of tournament entry is the same for the R1 and 
R2 treatments.

Hypothesis 1b  (Alternative) The frequency of tournament entry is lower for the R2 
treatment than for the R1 treatment.

There is some evidence that more complex risky gambles tend to be chosen less often 
or assigned lower values than comparable, but ‘simpler’ gambles (see, e.g., Huck 
and Weizsäcker, 1999; Mador et al., 2000; Sonsino et al., 2002; Moffatt et al., 2015; 
Oberholzer and Olschewski, 2024). If such aversion to complexity plays a role in 
our setting, we might expect subjects to favor the simpler piece-rate compensation 
scheme when the distribution of the noise component is more complex.

While the tournament schemes in R1 and R2 both involve compound lotteries, 
the tournament scheme in R2 may be viewed as more complex, given that it requires 
participants to process more complicated probabilities across multiple stages (the 
maximum of two draws for their own noise component, and the comparison to the 
maximum of two draws for their competitor’s noise). As such, while both schemes 
may require greater cognitive effort than simple lottery decisions, the tournament 
scheme may be particularly more cognitively demanding than the piece rate scheme 
in R2 than in R1. Even so, the piece rate scheme in R2 is arguably more complicated 
than the corresponding piece rate scheme in R1, which suggests that the relative 
complexity of the tournament scheme in comparison to the piece rate scheme may 
yet be similar in R1 and R2.

19 In R2, the tournament scheme induces a compound lottery (as in R1) that depends first on the realization 
of zi (now the first-order statistic of two draws), and second on the realization of zj  (distributed in the 
same way). In this case, P r[zj ≤ zi] = (zi + 10)2/400, while f(zi) = (zi + 10)/200, which gives

	
E[yT

2 ] =
10ˆ

zi=−10

(zi + 10)2

400
2(50 + zi)

(zi + 10)
200

dzi =
10ˆ

zi=−10

(zi + 10)3(50 + zi)
(200)2 dzi = 56.

Thus, as in R1, the expected value offered by the tournament scheme lottery exceeds the expected value 
of the corresponding piece rate lottery, which implies that risk-neutral, risk-seeking, and even marginally 
risk-averse subjects should prefer the tournament scheme, despite the additional risk it generates.
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Turning to the issue of gender differences, we hypothesize that after accounting 
for differences in risk attitudes there is no gender gap in tournament entry in the 
risk treatments. This hypothesis is based on two considerations. First, by eliminating 
variation in subjects’ ability levels, we substantially mitigate the potential for over-
confidence to introduce a gender gap in tournament entry. Second, we draw on the 
recent work by Gillen et al. (2019) and Van Veldhuizen (2022), suggesting that there 
is no residual gender gap in tournament entry after accounting for the effects of risk 
aversion and for differences in ability.

Hypothesis 2  In the risk treatments, there is no statistically significant gender gap in 
tournament entry after controlling for subjects’ risk attitudes.

To test Hypothesis 2, we consider both the standard regression approach adopted in 
Niederle and Vesterlund (2007) and a regression approach that uses principal compo-
nents analysis (PCA) to distill the elicited individual characteristics into a set of core 
attributes. This approach is similar to another part of the analysis presented in Gillen 
et al. (2019), separate from their focus on measurement error.

Next, consider the ambiguity treatments, A1 and A2. Once again, given the sym-
metry of the environment, the ex-ante probability of winning the tournament is 0.5 
in each treatment. However, a subject’s evaluations of the piece rate and tournament 
schemes may now also depend on her ambiguity attitude and on how she processes 
the ambiguity about the distribution of the noise component. For instance, consider a 
subject who entertains multiple priors and evaluates an uncertain prospect according 
to the worst-case scenario, as in the maxmin expected utility framework of Gilboa 
and Schmeidler (2004), or according to the related α-maxmin criterion (Ghirardato et 
al., 2004; Klibanoff et al., 2005). Comparing the piece rate scheme with the tourna-
ment scheme according to a maxmin expected utility criterion, subjects may be more 
pessimistic about the distribution of the noise component, putting greater weight on 
the lower realizations of zi and bringing the relevant expected utility of the tourna-
ment prospect much closer to the expected utility of the piece rate prospect.20 This 
kind of pessimism may not show up in the elicited beliefs, since the pessimism relates 
to the distribution of the noise component, and this distribution is the same for both 
players; rather, it would affect the relative expected payoffs of the alternative incen-
tive schemes (piece rate vs. tournament), while holding fixed the expected probabil-
ity of winning the tournament. It should be noted that ambiguity in the participants’ 
beliefs about the probability of winning might interact with the perceived ambiguity 
about the noise distribution. However, while such an interaction may influence the 
overall level of tournament entry, it is unlikely to drive the treatment effects that con-
stitute the core of our analysis, since this additional source of potential ambiguity is 
likely to be small and common across treatments.

20 For example, suppose the set of priors for the noise component includes a distribution that is heavily 
skewed towards −10. The piece rate scheme will be similarly skewed towards −10, while the distribution 
of the highest of two draws—which is what matters for the tournament scheme—will be only marginally 
less skewed.



1 3

Journal of Risk and Uncertainty

The main argument above also applies to the case where the noise component 
is determined by the higher of two draws, rather than by a single draw from the 
unknown distribution. Thus, assuming similar ambiguity and risk attitudes across 
treatments, we might expect similar rates of tournament entry in A1 and A2. How-
ever, as with the risk treatments, we consider the alternative hypothesis that, with the 
added complexity of the two draws instead of one, subjects may be less inclined to 
enter the tournament in A2 than in A1. As such, we formulate the following hypoth-
eses regarding the differences in entry frequency between the risk treatments and the 
ambiguity treatments, as well as between A1 and A2.

Hypothesis 3  The frequency of tournament entry is lower in the ambiguity treat-
ments than in the risk treatments.

Hypothesis 4a  (Null) The frequency of tournament entry is the same for the A1 and 
A2 treatments.

Hypothesis 4b  (Alternative) The frequency of tournament entry is lower for the A2 
treatment than for the A1 treatment.

In addition, if there are differences in ambiguity attitudes between men and women, 
we might expect to observe lower entry into the tournament scheme by women than 
by men. This is formulated in our next hypothesis.

Hypothesis 5  In the ambiguity treatments, women opt for the tournament scheme 
less frequently than men.

Note, however, that the evidence concerning gender differences in ambiguity atti-
tudes is relatively mixed. For instance, Schubert et al. (1999) finds that women are 
more ambiguity averse than men in an investment context, although not necessarily 
in an insurance context. Powell and Ansic (1997) reports evidence that women are 
both more risk averse and more ambiguity averse than men, and Liu et al. (2021) 
finds that men engage in more risk-taking when there is ambiguity than do women, 
albeit only when the risk-taking decision is embedded into a competitive context. 
In contrast, Saccardo et al. (2018) find that men are more averse to ambiguity than 
women in one sample of participants (with no gender difference in their other sam-
ple). Similarly, Borghans et al. (2009) find that men are averse to a small amount of 
ambiguity while women are not, although when the degree of ambiguity increases, 
both men and women exhibit similar aversion towards the ambiguity.

Finally, our experimental design allows us to test for a treatment-based measure 
of the ‘competitiveness trait’ following the method introduced in Van Veldhuizen 
(2022). Our final hypothesis, relevant for all of our treatments, is based on one of the 
main related findings in Van Veldhuizen (2022).

Hypothesis 6  As in Van Veldhuizen (2022), subjects’ tournament entry choices will 
be similar to their lottery choices in the NoComp decision task, suggesting that tour-
nament entry is not influenced by any intrinsic ‘competitiveness trait’.
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Note that this hypothesis contrasts with the arguments that individuals possess a 
separate ‘competitiveness trait’ and that there are gender differences in intrinsic com-
petitiveness. However, there is yet other evidence supporting the existence of a pref-
erence for competition (Lozano and Reuben, 2023) and ongoing debate regarding 
whether or not such a preference differs between men and women.

3   Results

We organize the Results section as follows. First, we present some preliminary results 
regarding how well subjects performed at the ball-catching task. Then, in Section 3.1, 
we examine the tournament entry decisions by treatment and by gender, both with 
and without controlling for elicited risk attitudes and other characteristics. Finally, in 
Section 3.2, we examine the treatment-based measure of competitiveness by compar-
ing decisions made in the tournament entry stage and the NoComp decision task.

Preliminary results  Table 2 reports the percentage of subjects who caught all 50 balls 
in the first three stages in Block 1, for each treatment. Despite a lot of variation in 
Stage 1, the vast majority of subjects caught at least 45 balls under piece-rate incen-
tives. This is also their first exposure to the ball-catching task. In fact, a common issue 
for subjects in Stage 1 is that they initially attempt to move the ball-catching tray by 
using the arrow keys rather than the mouse, resulting in some missed catches. This 
issue does not persist into the second and third stages. The distributions of scores are 
all skewed towards 50 and, except for a slightly lower distribution of performance 
for women than for men in Stage 1 (piece-rate) of the A2 treatment (Kolmogorov-
Smirnov test, p = 0.076), there are no significant differences in the scores between 
men and women (Kolmogorov-Smirnov tests, all p-values are greater than 0.6, and 
all but one are greater than 0.9). Thus, the real effort scores in the second and third 
stages are very close to identical for men and women across all four treatments. In 
Appendix A, we show that all of our main results are robust to the exclusion of sub-
jects who did not catch all 50 balls in Stage 2.

3.1  Tournament entry decisions

We first analyze the effect of the number of draws in the risk treatments and the 
ambiguity treatments, respectively. The top panel of Table 3 reports the frequency of 
tournament entry for women and men in the risk treatments, R1 and R2. The entry 
rates for women (men) are higher (lower) in R2 than in R1. However, the differences 

Table 2  The percentage of subjects who caught all 50 balls
R1 R2 A1 A2
Women Men Women Men Women Men Women Men

Piece-rate (Stage 1) 42.22 56.86 36.36 52.50 46.51 65.85 47.73 72.50
Tournament (Stage 2) 95.56 96.08 93.18 97.50 90.70 95.12 100.00 97.50
Choice (Stage 3) 97.78 98.04 97.73 95.00 95.35 100.00 97.73 87.50
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are not statistically significant, consistent with Hypothesis 1a.21 When we aggregate 
data across gender and just look at the effect of the number of draws, we see no sig-
nificant differences in entry when the distribution for the noise component is known.

When the distribution of noise is unknown, male entry and female entry are both 
lower in A2 than in A1 (see the bottom panel in Table 3) but the differences are also 
not statistically significant according to Fisher’s exact test, consistent with Hypoth-
esis 4a.22 Additional support for these null results is provided by a complementary 
regression analysis in which we control for elicited beliefs, risk attitudes, and ambi-
guity attitudes. These regression results, described and reported in more detail in 
Appendix A, also indicate that the number of draws has no significant effect on entry 
for men or women in either pair of treatments (Risk or Ambiguity). Thus, although 
the setting in which noise is the higher of two draws is arguably more complex, 
our data broadly support the prediction that tournament entry is not sensitive to the 
number of draws used to determine the noise component, whether the distribution is 
known (risk) or unknown (ambiguity).

Result 1  There are no significant differences between entry in R1 and R2, or between 
A1 and A2, for men or women, consistent with Hypotheses 1a and 4a.

In light of Result 1, for the rest of the analysis we combine the data by the number 
of draws and focus on whether the distribution of the noise component is known 
(risk) or unknown (ambiguity). Table 4 reports the tournament entry rates for males 
and females for each pair of treatments. We observe that although males’ entry rates 
are no different when the noise distribution is known or unknown, females’ entry 

21 While we are unable to reject the null hypotheses, the test is somewhat underpowered to detect differ-
ences of 10% in the raw tournament entry rates, with only 84 subjects (96 in R1) per treatment cell.
22 Again, our relatively smaller sample size implies that the test is somewhat underpowered to detect sig-
nificance of a 10pp difference in the entry rate.

Table 4  Males’ and females’ entry rates by known or unknown distribution
Women Men p-value

Risk 58% 60% 0.451
Ambiguity 45% 62% 0.021
p-value 0.049 0.494
Note: Reported p-values are for a one-sided Fisher’s exact test

Women Men Aggregate
R1 53% 63% 58%
R2 64% 58% 61%
p-value 0.221 0.385 0.432

Women Men Aggregate
A1 51% 63% 57%
A2 39% 60% 49%
p-value 0.169 0.465 0.177

Table 3  Tournament entry rates 
for men and women by the 
number of draws in the risk 
treatments (top panel) and the 
ambiguity treatments (bottom 
panel)

Note: Reported p-values are for 
a one-sided Fisher’s exact test
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rates are sensitive to knowledge of the distribution. In particular, women enter the 
tournament significantly less often when the noise distribution is unknown compared 
to when it is known (Fisher’s exact test, p = 0.049).23 Hence, Hypothesis 3 is sup-
ported for women, but not for men.

Furthermore, although we observe no gender gap in tournament entry when the 
noise distribution is known (cf. Hypothesis 2), we find that men enter the tourna-
ment significantly more often than women when the noise distribution is unknown, 
consistent with Hypothesis 5.24 Next, we supplement these initial comparisons with 
regression analyses that control for various elicited characteristics.

Regression analysis  In Table 5, we report the results of several regression specifi-
cations with a subject’s tournament entry decision as the dependent variable. We 
estimated three model specifications, first using the full sample of subjects, then 
using a selected sample that omitted subjects who provided anomalous or ‘irra-
tional’ responses to the multiple price list (MPL) elicitation tasks in Block 2.25 In 
each regression, we estimate a linear probability model where the regressors include 
Female, which is a dummy variable for gender, Risk, which is a dummy variable for 
the risk treatments (1 for R1 and R2, 0 for A1 and A2), and their interaction, Female 
× Risk. As a baseline for comparison, we include a specification, Model (1), with-
out controls. Model (2) includes additional controls for subjects’ beliefs (elicited in 
Block 1, Stage 4), their elicited risk attitudes, and their elicited ambiguity attitudes.

In Model (3), we include the first three principal components from a Principal 
Component Analysis (PCA) of the five elicited individual characteristics. For com-
pleteness, we include the PCA loadings (Table 8) and the corresponding scree plot 
(Fig. 6) in Appendix A.26 The first principal component (PC1) consists of positive 
loading on all five characteristics—RA (MPL), RA (Investment), RA (Self Scale), 
AA (MPL), and AA (Compound)—indicating that it represents the degree of toler-
ance towards both risk and ambiguity. The second principal component (PC2) con-
sists of smaller and negative loading on each of the multiple price list measures (both 
ambiguity aversion measures, and the RA (MPL) measure), along with larger posi-
tive loading on the RA (Investment) and RA (Self Scale) characteristics. As such, 
it helps to distinguish individuals who exhibit risk tolerance but are also ambiguity 

23 While this comparison is significant at the 5% level, it should be interpreted with some additional cau-
tion. By pooling the data (R1 with R2, and A1 with A2), we introduce multiple comparisons; a simple 
Bonferroni correction for two comparisons would imply that this effect is only marginally significant (at 
the 10% level). Furthermore, the raw entry rates in Table 3 suggest that, while ambiguity has a large effect 
for women in the two-draws treatments, there is no apparent difference between R1 and A1.
24 As noted in the previous footnote, one ought to adjust for multiple comparisons. Even after doing so, the 
result remains just significant at the 5% level.
25 Specifically, we omitted subjects who always chose the uncertain urn over the certain payment—even 
when it was a certain 10 TL—in either the Ambiguity MPL (Stage 2), the Risk MPL (Stage 3), or the 
Compound Lottery MPL (Stage 4) task.
26 While the scree plot suggests that only the first two principal components may be sufficient, capturing 
65.4% of the variance, we include the first three in the main text. The first three account for 79.7% of the 
variance; moreover, in our regressions, the incremental addition of principal components ceases to mean-
ingfully increase the R2 only after the third principal component.



1 3

Journal of Risk and Uncertainty

averse. Finally, the third principal component (PC3) captures opposing loading on 
RA (Investment) and RA (Self Scale), along with opposing but smaller loading on 
the ambiguity aversion measures and negligible loading on the RA (MPL) measure.27

Model (1) provides a baseline estimate of the gender gap in the Risk treatments (Full 
sample: −0.020, p = 0.785, Selected sample: −0.024, p = 0.753) and Ambiguity 
treatments (Full sample: −0.169, p = 0.027, Selected sample: −0.200, p = 0.017
). In line with this baseline specification, the estimates in Model (2) also suggest a 
significant gender gap in tournament entry only in the Ambiguity treatments (13.1% 

27 One interpretation of the third principal component may be that it differentiates individuals who reveal 
a willingness to take financial risks by their RA (Investment) decision, yet express that they are generally 
less willing to take risks across other decision domains.

Table 5  Males’ and females’ entry rates by known or unknown distribution
Dependent variable: Tournament Entry
Full Sample Selected Sample
(1) (2) (3) (1) (2) (3)

Female -0.169** -0.131* -0.132* -0.200** -0.163** -0.159**
(0.076) (0.073) (0.073) (0.083) (0.077) (0.076)

Risk -0.013 -0.029 -0.034 -0.045 -0.065 -0.065
(0.075) (0.072) (0.072) (0.079) (0.075) (0.075)

Female × Risk 0.149 0.194* 0.203** 0.176 0.236** 0.233**
(0.106) (0.099) (0.099) (0.114) (0.104) (0.102)

Elicited Belief 0.019* 0.020** 0.025** 0.026**
(0.010) (0.010) (0.010) (0.010)

RA (MPL) 0.021 0.028
(0.017) (0.021)

RA (Investment) -0.004 -0.005
(0.011) (0.011)

RA (Self Scale) 0.096*** 0.108***
(0.014) (0.015)

AA (MPL) -0.016 -0.001
(0.018) (0.027)

AA (Compound) -0.001 -0.032
(0.019) (0.023)

PC1 0.075*** 0.087***
(0.016) (0.018)

PC2 0.099*** 0.115***
(0.023) (0.024)

PC3 -0.132*** -0.160***
(0.033) (0.034)

Constant 0.617*** -0.161 0.475*** 0.643*** -0.255* 0.467***
(0.054) (0.133) (0.082) (0.058) (0.146) (0.084)

Observations 348 348 348 304 304 304
R2 0.019 0.173 0.166 0.021 0.223 0.222
Notes: Models (1) and (2)—OLS estimates, with robust standard errors in parentheses. Model (3)—
OLS estimates, with standard errors clustered at the subject-level; PC1–PC3 denote the first three 
principal components from the PCA on individuals’ elicited characteristics. * p < 0.10, ** p < 0.05
, *** p < 0.01
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in the Full Sample, p = 0.074; 16.3% in the Selected Sample, p = 0.036), consistent 
with Hypothesis 5. The sum of the coefficients on Female and Female × Risk is not 
significantly different from zero, indicating that there is no gender gap in the Risk 
treatments according to Model (2); p = 0.359 in the Full Sample, p = 0.306 in the 
Selected Sample.

In Model (2), the effect of subjects’ risk attitudes is positive and statistically sig-
nificant. Based on the coefficient estimates, the main explanatory power comes from 
the self-reported measure of a subject’s willingness to take risks, RA (Self Scale). 
Subjects who are more willing to take risks (less risk-averse or more risk-seeking) 
enter the tournament significantly more often.28 Furthermore, subjects with more 
optimistic beliefs are more likely to enter the tournament according to Model (2).

To assess the robustness of these results, we also estimate Model (2) without treat-
ing the self-reported measure of willingness to take risks—which is measured on a 
10-point Likert scale—as a continuous, quantitative measure. As a first robustness 
check, we treat RA (Self Scale) as a binary variable, taking the value one if the self-
reported willingness to take risks is at least 6, and zero otherwise. With this binary 
classification, the results are unchanged. The gender gap is only observed in the 
Ambiguity treatments (16.2% in the Full Sample, p = 0.026; 19.0% in the Selected 
Sample; p = 0.016). Subjects who are more willing to take risks enter significantly 
more often than those who are less willing to take risks (Coefficient = 0.345 in the 
Full Sample, p < 0.001; and Coefficient = 0.359 in the Selected Sample, p < 0.001
).29 For a second robustness check, we treat RA (Self Scale) as a categorical vari-
able, taking the value zero if the self-reported willingness to take risks is three or 
below (low risk tolerance), the value one if the self-report is between four and six 
(medium risk tolerance), and the value two if the self-report is seven or above (high 
risk tolerance). As we found for the first robustness check, the gender gap is only 
observed in the Ambiguity treatments, and the entry rate increases significantly with 
the categorical measures of increasing risk tolerance. For completeness, we provide 
the regression results for these robustness checks in Appendix Table 9. Reassuringly, 
they confirm that our main results are robust to different interpretations of the mea-
sure for self-assessed risk tolerance.

Model (3), which incorporates the first three principal components of our PCA, 
only strengthens the support for our results. The estimated gender gap coefficient 
in the Ambiguity treatments is virtually identical to the estimate from Model (2), at 
13.2% in the Full Sample and 15.9% in the Selected Sample. Coefficient estimates 

28 Our finding that the self-reported measure of risk attitude exhibits the strongest explanatory power aligns 
with a growing literature suggesting that behavioral risk measures and incentivized laboratory tasks may 
capture different aspects of risk preferences than do survey-based measures. Lönnqvist et al. (2015) reports 
weak correlations between incentivized laboratory tasks and self-reported risk preferences, with self-
reports often showing greater internal consistency and predictive validity for real-world behavior. More-
over, self-reported measures tend to correlate with cognitive traits such as numeracy and working memory, 
whereas behavioral tasks often exhibit large inter-method heterogeneity depending on task design and 
complexity. These findings suggest that laboratory risk elicitation procedures may involve additional cog-
nitive processes that do not purely reflect underlying risk preferences, and that simple self-report measures 
can sometimes provide a more stable and generalizable indicator of individual risk attitudes.
29 The results are also qualitatively unchanged as we vary the cutoff used to define the binary classification 
of self-assessed willingness to take risks.
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for the elicited beliefs are also similar in magnitude. All three of the principal com-
ponents are highly significant, with positive coefficient estimates on PC1 and PC2 
and a negative coefficient estimate for PC3. That is, greater tolerance for risk tends to 
increase tournament entry, even among those who are ambiguity averse. Meanwhile, 
the negative coefficient on PC3 might be interpreted as an indication that subjects 
with opposing attitudes towards risk across different decision domains are less likely 
to enter the tournament.

Result 2  After controlling for elicited beliefs, risk attitudes, and ambiguity attitudes, 
we observe a significant residual gender gap only in the Ambiguity treatments, where 
women enter the tournament less frequently than men.

Finally, using either sample, we find that after controlling for these individual 
characteristics, women enter the tournament more often in the Risk treatments than 
in the Ambiguity treatments. In Models (2) and (3), the sum of the coefficients on 
Risk and Female × Risk is statistically significant (Model (2): Full sample, p = 0.016
; Selected sample, p = 0.017; and Model (3): Full sample, p = 0.035; Selected 
sample, p = 0.018). This is consistent with our nonparametric results and confirms 
Hypothesis 3 as it pertains to women. However, the same cannot be said for men, 
since the coefficient on Risk, while negative, is not statistically significant for any of 
the regression specifications (contrary to Hypothesis 3).

Result 3  After controlling for individual characteristics, women enter the tourna-
ment significantly less often in the Ambiguity treatments than in the Risk treatments. 
By contrast, we observe no such significant differences in entry by men.

Taking Results 2 and 3 together, an additional interpretation of our findings is that, 
at least for the task at hand, women appear to be ambiguity averse, whereas men do 
not.

Differences in elicited ambiguity attitudes  The results discussed above contrast 
somewhat with our elicited measures of individual characteristics from Block 2 of 
the experiment. To measure ambiguity attitudes, we compared participants’ switch-
ing rows in the Ambiguity MPL (Stage 2) and in the Compound Lottery MPL (Stage 
4) with their switching row in the Risk MPL (Stage 3). Those who switch earlier in 
the relevant ‘ambiguous’ urn task than in the risky urn task exhibit ambiguity aver-
sion, while those who switch later exhibit a preference for the ambiguity (relative to 
the 50-50 lottery).

In each case, there are no major differences between the distributions of ambi-
guity attitudes among men and women (see Figs. 7 and 8 in the Appendix). Kol-
mogorov-Smirnov tests fail to reject the hypothesis that the samples come from equal 
distributions. Thus, consistent with the estimated regression coefficients, our elic-
ited measures of ambiguity aversion do not appear to be driving the gender gap we 
observe in the Ambiguity treatments.
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3.2  Treatment-based measure of competitiveness

In this section, we consider an alternative approach to measuring the differences in 
competitiveness of men and women, based on the treatment design and identification 
in Van Veldhuizen (2022). Using the same performance task as Niederle and Vester-
lund (2007), he finds no evidence to support a separate competitiveness trait, consis-
tent with the argument made by Gillen et al. (2019). In our study, we use a different 
performance task (rank-order tournament with calibrated ability and explicit noise 
component) and vary the nature of uncertainty. However, the identification approach 
is otherwise the same as in Van Veldhuizen (2022)—we compare subjects’ choices 
in the tournament entry stage with their choices in the NoComp decision task, which 
are computed using their elicited beliefs and their responses to the decision rows in 
the lottery choice task.

In Figure 3, we compare the frequency of tournament entry (Baseline) and the 
frequency of lottery choice (NoComp) for men and women in each set of treatments. 
In the Risk treatments, both men and women enter the tournament significantly more 
often than they choose the lottery in the NoComp decision task.30 In contrast, while 

30 The tournament entry rates of 58% for women and 60% for men, are both significantly higher than the 
lottery choice frequencies of 40% for women and 47% for men. Using the one-tailed Sign Rank test, both 
men and women exhibit more tournament entry than lottery choice (p = 0.01 for women and p = 0.06 
for men).
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Fig. 3  Summary of choices by gender. The figure shows the fraction of participants choosing the tour-
nament (Baseline) or lottery (NoComp) by gender for the ambiguity treatments (left) and risk treat-
ments (right). Error bars represent 95% confidence intervals
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men are also significantly more likely to enter the tournament than to choose the lot-
tery in the Ambiguity treatments (62% vs. 45%; One-tailed Sign Rank test, p = 0.033
), women are not (44.8% vs. 45.2%; One-tailed Sign Rank test, p = 0.76).

These comparisons suggest two main conclusions. First, when the distribution of 
the noise component is known (R1 and R2), both men and women display some 
degree of “competitiveness", as they respond to the presence of a competitor (pres-
ent in Baseline, but absent in NoComp). Surprisingly, this contrasts with the findings 
reported in Van Veldhuizen (2022), that the frequency of tournament entry choices 
and the frequency of NoComp lottery choices do not differ for either gender.31 
Accordingly, we reject Hypothesis 6 for both men and women in the Risk treatments.

Second, when the distribution of the noise component is unknown (A1 and A2), 
we find that men display a similar degree of “competitiveness" as in the Risk treat-
ments, while women do not. That is, ambiguity about the random component of per-
formance mitigates or suppresses the competitiveness exhibited by women in our 
Risk treatments, contributing to the gender gap in tournament entry that we observe 
in our Ambiguity treatments.

Regression analysis  In Table  6, we provide additional statistical support for the 
comparisons illustrated by Fig. 3. For each treatment, we estimate the same model 
where the dependent variable, Compensation Choice, includes two observations per 
individual subject—one observation is the subject’s tournament entry choice (Block 
1, Stage 3), while the other observation is the subject’s NoComp choice (Block 1, 
Stage 5). The regressors include a dummy variable for gender (1–Female, 0–Male), 
a dummy variable for the relevant decision task (1–NoComp, 0–Baseline), and their 
interaction.

31 In particular, this leads to the conclusion in Van Veldhuizen (2022) that the gender gap identified in the 
Baseline setting does not diminish at all when the “competitiveness" aspect of the decision is removed for 
the NoComp setting.

Dependent variable: Compensation Choice
Ambiguity Risk

Female -0.169** -0.0201
(0.077) (0.074)

NoComp -0.169** -0.138**
(0.076) (0.066)

Female ×NoComp 0.173 -0.046
(0.109) (0.090)

Constant 0.617*** 0.604***
(0.054) (0.052)

Observations 330 353
R2 0.021 0.028
Notes: OLS estimates with standard errors clustered at the subject 
level. Estimates are based on the Full Sample. NoComp is an 
indicator variable corresponding to whether the compensation 
choice is from the Baseline tournament entry task or the NoComp 
lottery choice task. * p < 0.10, ** p < 0.05, *** p < 0.01

Table 6  Regression results for 
compensation choice decision
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In the Ambiguity treatments, the gender gap is 16.9% (p = 0.028) in the (Baseline) 
tournament entry decision. In the NoComp lottery choice decision, the gender gap is 
not significantly different from zero (p = 0.963). Moreover, the degree of “competi-
tiveness" for men is statistically significant (cf. the coefficient on NoComp, p = 0.027
), while the effect of the NoComp dummy variable is not statistically significant for 
women (p = 0.958).32 Meanwhile, in the Risk treatments, we observe no gender gap 
in either decision task (Baseline, p = 0.785 or NoComp, p = 0.385). Both men and 
women exhibit a similar degree of “competitiveness" (−0.138 for men, p = 0.037 
and −0.184 for women, p = 0.003).

Result 4  In the Risk treatments, both men and women exhibit a significant preference 
for competition, in contrast with Hypothesis 6. Moreover, we observe no gender gap 
in either decision task (tournament entry or lottery choice).

Result 5  In the Ambiguity treatments, men exhibit a significant preference for compe-
tition, while women do not. Thus, ambiguity regarding the noise component of perfor-
mance suppresses the intrinsic competitiveness trait observed in the Risk treatments.

Discussion  Before concluding, we briefly address some potential concerns based on 
the differences between our setting and the one used by Van Veldhuizen (2022). One 
such concern is that our tournament-based compensation scheme does not resemble 
a fully competitive environment, since (conditional on subjects catching all 50 balls) 
winning is based entirely on the realization of random noise. As such, the main dif-
ference between the tournament entry decision and the NoComp decision task is that 
there exists a competitor (with a symmetrically determined noise component) in the 
former, but not in the latter. While this seems like a valid concern, it need not be 
the case that a preference for competition stems only from skill-based competition. 
For instance, in a recent paper, Buser and Oosterbeek (2023) examine four differ-
ent motivations that may drive preferences for competition, finding that traditional 
experimental measures of competitiveness are primarily related to enjoyment of 
competition and a desire to win. We argue that this desire to win and the enjoyment 
derived from being placed in competition with another person persists even when 
skill is less important or inconsequential. There are many such interactions or games 
of chance in which luck plays a disproportionate role in determining the winner, yet 
the players still derive feelings of competitiveness.33 Moreover, the differences we 
observe between the Baseline and NoComp settings suggest that the mere presence 
of a competitor is enough to trigger some non-trivial competitive feelings among the 
subjects, especially in our Risk treatments.

Another potential concern is that the NoComp decision task is somewhat simpler 
than the Baseline tournament entry choice. On the one hand, the choices in NoComp 

32 That is, the sum of the coefficients on ‘NoComp’ and ‘Female × NoComp’ is not significantly different 
from zero.
33 Indeed, winners in such circumstances will rarely attribute victory to luck or good fortune when there 
are bragging rights to be exercised.
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simplify the probability of winning for the subjects, perhaps easing some of the 
uncertainty (with respect to the probability of winning) relative to the baseline tour-
nament entry choice.34 On the other hand, the uncertainty (whether risk or ambiguity) 
surrounding the subject’s final performance remains in place in the NoComp decision 
task. In contrast with Van Veldhuizen (2022), both the piece-rate compensation and 
the lottery compensation are uncertain prospects. As such, we do not believe that the 
results are driven by any differences in the simplicity of the NoComp decision task 
relative to the baseline tournament entry choice.

Finally, to better understand what drives the lottery choice decisions in NoComp, 
we examine the data for any gender differences in the elicited beliefs or in the switch-
ing points in the NoComp decision task itself. Figure 4 shows the empirical CDFs 
of the elicited beliefs by gender in each set of treatments. Most notably, we don’t 
observe any significant differences between men and women in the Ambiguity treat-
ments (MWW Ranksum test, p = 0.759) or in the Risk treatments (MWW Ranksum 
test, p = 0.503), despite a slightly higher fraction of women with more pessimistic 
beliefs in the latter.35 Thus, we observe no evidence of gender differences in elicited 
beliefs for either set of treatments.

34 Note that this is also the case in Van Veldhuizen (2022), where the entry decisions are based on subjects’ 
subjective beliefs for the tournament entry choice, versus objective probabilities for the lottery choice task.
35 These results, along with the empirical CDFs shown in Fig. 4, exclude those subjects who did not catch 
all 50 balls in Stage 2 of Block 1, and excludes subjects who did not switch in any row of the belief elicita-
tion task. Furthermore, the analysis is also robust to excluding subjects who exhibited “multiple switching" 
in the belief elicitation task.
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Fig. 4  Empirical CDFs for the elicited belief by gender in the ambiguity (left) and risk (right) treatments
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I n Figure 5, we provide the empirical CDFs for the switch points (from piece-rate 
payment to lottery payment) in the NoComp decision task. There is again no statisti-
cally significant difference between men and women for either treatment (MWW 
Ranksum tests, p = 0.577 for Ambiguity, p = 0.461 for Risk), which suggests no 
gender difference in risk preferences.36 For both treatments, the lack of any gender 
differences in NoComp switch points or in elicited beliefs is perfectly consistent with 
the absence of any gender differences in the NoComp lottery choice frequencies (as 
depicted in Fig. 3). Thus, we contend that the observed gender gap for the tournament 
entry choice (baseline) in the Ambiguity treatments provides evidence that ambigu-
ity about final performance suppresses the competitiveness of women, but not men.

4  Conclusion

In this paper, we contribute to the literature examining gender differences in tourna-
ment entry. Beginning with Niederle and Vesterlund (2007), an extensive literature 
has argued that gender differences in tournament entry may be driven, in part, by 
gender differences in risk aversion, overconfidence, and competitiveness. Yet, very 
little of this work has focused on the role of ambiguity. We provide evidence that 

36 As with the analysis of elicited beliefs, these results and empirical CDFs are also robust to the exclusion 
of subjects who exhibited “multiple switching" in the NoComp decision task and in the belief elicitation 
task.
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ambiguity may be a key driver of the gender gap in tournament entry, particularly 
through its impact on the competitiveness of women.

In our experiment, we aim to eliminate the potential impacts of differences in ability 
and overconfidence. We do so by calibrating the real effort task (a variation on the ball-
catching task) so that every subject has the same ability (or capability). Instead, winning in 
the tournament scheme is determined primarily by drawing a more favorable noise com-
ponent than the opponent. While this arguably reduces the salience of the competition, we 
anticipate sufficient feelings of competitiveness driven by a “desire to win" or the intrinsic 
enjoyment of competition. Of course, our findings should be contextualized by acknowl-
edging that, in most real-world settings, there is likely to be heterogeneity in individuals’ 
abilities that further impacts the tournament entry decision. The purpose of our design is 
to help identify the impacts of ambiguity about final performance separately from such 
differences in ability or the associated impacts of heterogeneity in overconfidence.

In the data, we observe a raw gender gap in tournament entry only in our Ambi-
guity treatments. When the distribution of the noise component is known (our Risk 
treatments), we observe no gender gap in tournament entry. The gap in our Ambigu-
ity treatments is robust to standard controls for elicited beliefs, risk aversion, and 
ambiguity aversion, consistent with the metastudy in Markowsky and Beblo (2022), 
and to controls for principal components distilled from the elicited measures of these 
individual characteristics. Moreover, the gap can be attributed to a negative effect of 
ambiguity on entry by women that does not manifest among men.

Our study also addresses recent work that challenges the importance of a separate 
competitiveness trait for tournament entry decisions. In particular, (Gillen et al., 2019) 
find that after controlling for potential bias introduced by measurement error, the gender 
gap in tournament entry can be explained entirely by differences in risk attitudes, over-
confidence, and ability. Furthermore, (Van Veldhuizen, 2022) uses a novel experimental 
methodology to measure the competitiveness trait and concludes that competitiveness 
does not explain any of the gender differences in tournament entry. Indeed, his results 
suggest that neither men nor women exhibit any separate competitiveness trait at all.

Our treatment-based measure of competitiveness (which closely follows the 
identification strategy in Van Veldhuizen, 2022) suggests that both men and women 
exhibit a robust competitiveness trait, at least in situations where performance is sub-
ject to known risk. This contrasts with Van Veldhuizen’s own results, but is consistent 
with other findings in the literature (see, for instance, Saccardo et al., 2018; Lozano 
and Reuben, 2023). However, when final performance is subject to a noise compo-
nent with unknown distribution (Ambiguity treatments), we observe a significant 
gender difference, driven by a substantially smaller measure of the competitiveness 
trait among women. That is, ambiguity surrounding the noisy component of a par-
ticipant’s performance appears to suppress the competitiveness trait in women, while 
having no such effect on men. This finding complements other recent research that 
highlights the differential impacts of other forms of ambiguity on gender differences 
in tournament entry and performance (Balafoutas and Sutter, 2019), in bargaining 
outcomes (Hernandez-Arenaz and Iriberri, 2023), and in the willingness to apply for 
challenging, more lucrative positions (Coffman et al., 2023).

An alternative interpretation of the gender gap observed under ambiguity relates 
to perceived competence and control rather than competitiveness per se. (Heath and 
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Tversky, 1991) argue that ambiguity aversion is closely linked to individuals’ per-
ceived competence, showing that people are more willing to engage in uncertain 
choices when they feel knowledgeable about the underlying process generating out-
comes. In environments where outcomes depend largely on stochastic components 
and where individuals have limited ability to assess or control winning probabilities, 
ambiguity may therefore reduce perceived control. Importantly, because the competi-
tive structure and payoff rules are held constant across treatments in our experiment, 
any such perceptions would tend to operate consistently across experimental condi-
tions. As such, while perceived control and fairness may contribute to the overall 
level of tournament entry under ambiguity, they are unlikely to undermine our main 
treatment comparisons. We therefore view these mechanisms as complementary 
interpretations rather than competing explanations, and we highlight them as promis-
ing directions for future research.

Overall, our results indicate that there may be a more nuanced relationship between 
competitiveness, beliefs, and attitudes towards risk or ambiguity; one that warrants 
more attention in future work. While we find that there is no gender gap when par-
ticipants are effectively choosing between two alternative objective lotteries, the 
treatment-based measure clearly identifies a competitiveness trait that increases entry 
when the decision task is made in a competitive context. Moreover, in our Ambigu-
ity treatments, both the residual-based approach and the treatment-based measure 
indicate a significant gender gap in competitiveness due to the presence of ambiguity. 
Altogether, we believe these insights may have important implications for managers 
and policymakers. If ambiguity suppresses the competitiveness of women in a man-
ner that contributes to the gender gap in tournament entry, as our results suggest, then 
part of a solution to the problem may be to promote as much transparency as possible 
surrounding the evaluation of participant performance.

These results warrant further examination to assess their robustness to the myriad 
features of different environments and to provide proper guidance for tailored policy 
recommendations. For instance, in a follow-up study, we plan to examine a setting 
where participants choosing whether or not to enter a tournament are faced with 
asymmetric opportunities (either due to heterogeneous skill levels, or heterogeneity 
in the noise component). Do men and women behave similarly in advantaged posi-
tions? Or in disadvantaged positions? To what extent do the results differ across these 
alternative approaches to measuring competitiveness? These are important questions 
for the field since such environments are frequently characterized by asymmetry 
rather than equal or symmetric opportunities. Furthermore, while our results suggest 
that complexity regarding the distribution of the noise component does not have a 
significant effect on tournament entry, ours is just one manipulation of complexity. A 
stronger or alternative source of complexity may yet influence the entry decisions of 
individuals in ways that our experiment is not designed to capture. Similarly, provid-
ing more instruction to participants to ensure that they comprehend the more complex 
noise distribution (without eliminating the added complexity) might make it easier to 
detect the effects of complexity on participants’ decisions.

Other potential extensions of our work may seek to examine the extent to which 
ambiguity can or should be reduced. For instance, while our design compares the 
setting with ambiguity to a setting with no ambiguity at all, it may not always be 
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possible to eliminate ambiguity from the evaluation of an agent’s performance. How 
costly is it for organizations to reduce ambiguity and how large a reduction in ambi-
guity is required to alleviate the gender gap? Further investigation of these questions 
may help researchers and policymakers alike to better understand the link between 
ambiguity, competitiveness, and the gender gap in tournament entry.

A Additional Tables & Figures

A.1 Effect of the number of draws on tournament entry

We provide regression analysis related to Result 1 evaluating the effect of the number 
of draws used to determine the noise component of performance on tournament entry 
in the Risk and Ambiguity treatments. We estimate the same specification for the 
Risk treatments (R1 and R2) and the Ambiguity treatments (A1 and A2), regressing 
the tournament entry decision on gender, the number of draws, the interaction, as 
well as controls for the participant’s Elicited Belief, elicited risk attitudes and ambi-
guity attitudes. The results presented in Table 7 use the Full Sample, but are virtually 
unchanged using the Selected Sample, described in Section 3.1.

Dependent variable: Tournament Entry
Risk treatments Ambiguity treatments

Female 0.022 -0.111
(0.095) (0.104)

2-Draws -0.077 -0.078
(0.103) (0.104)

Female × 2-Draws 0.113 -0.025
(0.141) (0.147)

Elicited Belief 0.032** 0.008
(0.013) (0.016)

RA (MPL) 0.025 0.020
(0.023) (0.027)

RA (Investment) 0.006 -0.017
(0.015) (0.017)

RA (Self Scale) 0.088*** 0.102***
(0.019) (0.024)

AA (MPL) -0.013 -0.019
(0.027) (0.023)

AA (Compound) -0.015 0.015
(0.027) (0.029)

Constant -0.266 -0.007
(0.167) (0.211)

Observations 180 168
R2 0.187 0.182

Table 7  Entry rates by number 
of draws used for noise 
component

Notes: OLS estimates, with 
robust standard errors in 
parentheses. * p < 0.10, ** 
p < 0.05, *** p < 0.01
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For the Risk treatments, the effect of two draws on female participants (the sum of 
the coefficients on 2-Draws and Female × 2-Draws) is not significant (p = 0.703). A 
similar result holds for the Ambiguity treatments (p = 0.317). The lack of a signifi-
cant effect for male participants is indicated by the coefficients for 2-Draws, neither 
of which is significant (p = 0.458 for Risk, p = 0.453 for Ambiguity).
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Fig. 6  Scree plot for the principal component analysis

 

PC1 PC2 PC3 PC4 PC5
RA (MPL) 0.547 -0.216 0.028 0.235 -0.773
RA (Investment) 0.276 0.657 0.697 -0.075 0.015
RA (Self Scale) 0.305 0.624 -0.689 0.196 0.076
AA (MPL) 0.513 -0.322 0.142 0.494 0.608
AA (Compound) 0.519 -0.169 -0.136 -0.811 0.163
Proportion of Variance 0.429 0.225 0.143 0.111 0.092

Table 8  Principal components 
analysis—PCA loadings
 

Principal component analysis
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Robustness of regression results to categorical measures of RA (Self-Scale)

Dependent variable: Tournament Entry
Full Sample Selected Sample
(1) (2) (1) (2)

Female -0.162** -0.135* -0.190** -0.168**
(0.072) (0.074) (0.078) (0.078)

Risk -0.059 -0.030 -0.099 -0.070
(0.072) (0.074) (0.075) (0.077)

Female × Risk 0.233** 0.193* 0.266** 0.236**
(0.100) (0.101) (0.106) (0.105)

Elicited Belief 0.017* 0.019* 0.021** 0.025**
(0.010) (0.010) (0.010) (0.011)

RA (MPL) 0.026 0.023 0.036* 0.032
(0.017) (0.017) (0.020) (0.021)

RA (Investment) 0.002 -0.001 0.002 -0.003
(0.011) (0.011) (0.011) (0.011)

Binary RA (Self 
Scale)

0.345*** 0.359***

(0.053) (0.056)
Categorical RA 
(Self Scale)
      Medium 0.282*** 0.335***

(0.070) (0.070)
      High 0.497*** 0.552***

(0.072) (0.075)
AA (MPL) -0.011 -0.016 -0.002 -0.007

(0.018) (0.018) (0.028) (0.027)
AA (Compound) -0.008 -0.005 -0.034 -0.032

(0.019) (0.019) (0.023) (0.023)
Constant 0.145 0.041 0.092 -0.038

(0.126) (0.142) (0.145) (0.160)
Observations 348 348 304 304
R2 0.159 0.163 0.188 0.209

Table 9  Males’ and females’ 
entry rates by known or un-
known distribution

Notes: OLS estimates, with 
robust standard errors in 
parentheses. * p < 0.10, ** 
p < 0.05, *** p < 0.01
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Comparison of elicited ambiguity attitudes from block 2
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Fig. 8  Empirical CDFs for the difference between switching rows in the Risk MPL and the compound 
lottery MPL, by gender, in the ambiguity (left) and Risk (right) treatments
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Fig. 7  Empirical CDFs for the difference between switching rows in the risk MPL and the ambiguity 
MPL, by gender, in the ambiguity (left) and Risk (right) treatments
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Robustness of results to the exclusion of subjects who caught fewer than 50 balls 
in Stage 2

Table 10  Tournament entry rates for men and women by the number of draws in the risk treatments (top 
panel) and the ambiguity treatments (bottom panel)

Women Men Aggregate
R1 51% 61% 57%
R2 63% 56% 60%
p-value 0.181 0.405 0.380

Women Men Aggregate
A1 51% 64% 58%
A2 39% 59% 48%
p-value 0.175 0.408 0.147
Note: Excludes subjects who caught fewer than 50 balls in Stage 2. Reported p-values are for a one-sided 
Fisher’s exact test

Table 11  Males’ and females’ entry rates by known or unknown distribution
Women Men p-value

Risk 57% 59% 0.458
Ambiguity 45% 62% 0.023
p-value 0.071 0.436
Note: Excludes subjects who caught fewer than 50 balls in Stage 2. Reported p-values are for a one-sided 
fisher’s exact test
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Table 12  Males’ and females’ entry rates by known or unknown distribution
Dependent variable: Tournament Entry
Exclude < 50 Selected Sample + Exclude < 50
(1) (2) (3) (1) (2) (3)

Female -0.170** -0.124* -0.128* -0.193** -0.152** -0.148*
(0.078) (0.073) (0.073) (0.085) (0.077) (0.076)

Risk -0.024 -0.029 -0.036 -0.050 -0.061 -0.059
(0.076) (0.073) (0.073) (0.081) (0.076) (0.076)

Female × Risk 0.150 0.196* 0.206** 0.175 0.236** 0.230**
(0.109) (0.102) (0.101) (0.116) (0.106) (0.104)

Elicited Belief 0.022** 0.022** 0.027*** 0.028***
(0.010) (0.010) (0.010) (0.010)

RA (MPL) 0.019 0.029
(0.018) (0.021)

RA (Investment) -0.007 -0.009
(0.011) (0.012)

RA (Self Scale) 0.102*** 0.117***
(0.015) (0.015)

AA (MPL) -0.013 -0.0001
(0.019) (0.028)

AA (Compound) -0.004 -0.041*
(0.020) (0.023)

PC1 0.074*** 0.091***
(0.016) (0.018)

PC2 0.103*** 0.121***
(0.024) (0.026)

PC3 -0.147*** -0.179***
(0.034) (0.035)

Constant 0.615*** -0.189 0.453*** 0.632*** -0.315** 0.436***
(0.055) (0.136) (0.084) (0.059) (0.144) (0.086)

Observations 333 333 333 291 291 291
R2 0.017 0.180 0.174 0.019 0.223 0.238
Notes: Excludes subjects who caught fewer than 50 balls in Stage 2. Models (1) and (2)—OLS estimates, 
with robust standard errors in parentheses. Model (3)—OLS estimates, with standard errors clustered 
at the subject-level; PC1–PC3 denote the first three principal components from the PCA on individuals’ 
elicited characteristics. * p < 0.10, ** p < 0.05, *** p < 0.01
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Table 13  Regression results for compensation choice decision
Dependent variable: Compensation Choice

Ambiguity Risk
Female -0.170** -0.0195

(0.078) (0.076)
NoComp -0.162** -0.132*

(0.076) (0.067)
Female ×NoComp 0.154 -0.044

(0.111) (0.091)
Constant 0.615*** 0.591***

(0.056) (0.053)
Observations 316 338
R2 0.022 0.026
Notes: Excludes subjects who caught fewer than 50 balls in Stage 2. OLS estimates with standard 
errors clustered at the subject level. NoComp is an indicator variable corresponding to whether the 
compensation choice is from the Baseline tournament entry task or the NoComp lottery choice task. * 
p < 0.10, ** p < 0.05, *** p < 0.01
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Fig. 9  Summary of choices by gender. The figure shows the fraction of participants choosing the tour-
nament (Baseline) or lottery (NoComp) by gender for the Ambiguity treatments (left) and Risk treat-
ments (right). Excludes subjects who caught fewer than 50 balls in Stage 2. Error bars represent 95% 
confidence intervals
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