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Abstract

Many real-world scenarios involve explore-exploit decisions, balancing the pursuit of better opportunities
with securing a certain but potentially suboptimal outcome. Do gendered approaches to these decisions
exist? This study investigates gender differences in exploration and competition behaviour through a
pre-registered lab experiment with 432 participants (50% female). Specifically, we examine behaviour
in the context of the explore-exploit dilemma, both under a piece rate payment scheme and in a com-
petitive tournament setting. Participants completed three computerized tasks: the grain game featuring
the explore-exploit dilemma, which included two treatments, one allowing only gains and another incor-
porating both gains and losses, a risk elicitation task (BRET), and a loss aversion task. These tasks
were followed by a questionnaire designed to assess various individual characteristics The results show
that, contrary to the initial pre-registered hypotheses, women do not explore less than men; in fact,
they explore more in environments where only gains are possible. However, no gender differences emerge
in exploration when the environment entails the possibility of losses. Regarding competition, women
are less likely to choose competitive settings than men in gain-only environments, but this difference
disappears once individual characteristics, such as risk and loss aversion, are taken into account. These

findings contribute to understanding gendered tendencies in risk-taking, exploration, and competition.
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Non-Technical Summary

Why do men and women sometimes behave differently when making choices that involve risk, exploration, or
competition? In this paper, we set out to examine this question by looking at how people balance exploring
new opportunities versus sticking with safe, familiar ones—a dilemma that arises in many everyday situations,
from job hunting to career decisions.

We conducted a laboratory experiment with more than 400 participants, evenly split between men and
women. Each participant completed a series of computer-based tasks. The central task was the “grain
game”, where players had to decide whether to keep harvesting a known resource or to explore new options
that could yield higher—or lower—returns. This allowed us to study how individuals manage the classic
“explore—exploit” trade-off. In addition, participants completed tasks measuring risk attitudes and loss
aversion, and filled out a questionnaire on personal characteristics.

Our findings challenge some common stereotypes. Contrary to our initial expectations, women did not
explore less than men. In fact, in environments without losses, women explored more. When potential losses
were introduced, however, gender differences in exploration disappeared.

When it came to competition, men were more likely than women to select competitive environments.
Yet this difference was largely explained by underlying risk preferences and attitudes toward losses. Once
we accounted for these characteristics, the gender gap in competitiveness substantially narrowed.

These results suggest that gender differences in decision-making are highly context-dependent. Women
are not inherently less exploratory; rather, the environment—particularly the presence or absence of losses—plays
a crucial role. Moreover, gaps in competitiveness appear closely tied to risk and loss attitudes, rather than
to gender alone.

From a policy perspective, our findings suggest that in workplace settings resembling explore—exploit
dilemmas, explicitly highlighting risks and potential losses—rather than framing choices only in terms of
gains—may help reduce gender gaps. In such contexts, where both men and women behave similarly, the
gender differences in exploration and competition largely disappear, fostering more equal outcomes and

participation.



1 Introduction

Many significant real-world scenarios involve explore-exploit decisions, characterized by the tension between
seeking potentially better opportunities and securing a certain, albeit possibly suboptimal, outcome. The
dynamic interplay between exploration and exploitation may describe, for example, the uncertainty and
decision-making challenges inherent in the job search process. For instance, a young job seeker encounters
the explore-exploit dilemma when deciding how many applications to submit and when to accept a job offer.
Initially, exploration dominates as they apply broadly to learn about available opportunities. However, as
offers start coming in, they face the critical decision of when to shift to exploitation, accepting an offer while
weighing the risks of missing better opportunities against the possibility of losing viable ones.

Do gendered approaches to these decisions exist? Do women miss out on opportunities in the real world?
Cortés et al. [2023] provide evidence that college-educated women tend to accept jobs significantly earlier
than men with the same qualifications. Similarly, Theodossiou and Zangelidis| [2009] find that men exhibit
higher voluntary job-to-job mobility compared to women. These findings suggest the existence of gendered
job search strategies. Understanding the impact of gendered approaches on tasks such as job search strategies
is essential, as well-documented early gender gaps show that women face lower labor market participation
rates and earn lower salaries, despite achieving academic and educational outcomes comparable to those of
men (|Bertrand} 2020]).

Gendered approaches to explore/exploit decisions may stem from social norms on gender roles and stereo-
types that shape individuals’ behavior from an early age. Gender roles are shared societal expectations re-
garding the attributes and behaviours of men and women, or boys and girls, based on their self-identification
as male or female [Eagly and Karaul 2002]. These roles are shaped by two types of norms: descriptive
norms, which reflect consensual beliefs about what members of a group typically do (e.g., “girls are more
caring than boys,” often aligning with traditional gender stereotypes), and injunctive norms, which define
what members of a group should do (e.g., “boys should be brave”) [Cialdini and Trost|, [1998]. Research in
Developmental Psychology has highlighted how these norms are internalized during early childhood, shaping
developmental pathways and behaviours [Fulcher and Coyle, 2011].

Gender norms become further internalized through early play and childhood interactions. Boys are not
only encouraged to be brave and adventurous, while girls are encouraged to be well-behaved, but they are
also frequently steered toward different types of play. Boys are guided toward action-oriented or movement-
based games, as well as those involving experimentation and construction, including electronic games. In
contrast, girls are often surrounded by dolls and other toys that reflect the societal roles expected of them in

the future; see, among others, Davis and Hines| [2020], Kung| [2022], and [Harbin| [2023]. Later in life, these



early experiences further shape societal dynamics and behaviours ([Francis| [2010]), including decision-making

processes such as the explore-exploit dilemma.

This study employs a lab experiment to examine whether gendered patterns emerge in explore-exploit
tasks. For this purpose, we use and adapt the Grain Game designed by |[Chin et al|[2023] to study how
the potential to experience losses during a search affects individuals’ willingness to explore. In the game,
participants face the decision whether to explore new opportunities, erploit current gains, or retreat to
safer options. Participants are exposed to two treatments: one where only gains are possible, and another
where both gains and losses are possible. These treatments are relevant because participants are likely
to explore more when experiencing actual losses, but less when only the potential for losses exists, due
to their motivation to avoid negative outcomes. The authors predict and confirm this pattern. In our
experiment, we maintain the three actions (explore, exploit, retreat) and the two treatments because loss
aversion may affect men a women in a different Wayﬂ However, we depart from |Chin et al.| [2023] because
we introduce competition. Willingness to compete is an important individual characteristic that, together
with risk aversion, self-confidence, and loss aversion, may shape decisions in explore-exploit tasks, especially
in job-seeking-related environments.To study the impact of the competitive pressure on these decisions, we
nest the Grain Game into the framework of [Niederle and Vesterlund| [2007]. Hence, participants play the
Grain Game three times, each under a distinct payment scheme: (1) a piece rate payment, (2) a tournament
format within groups of four, and (3) a choice between piece rate payment or participating in the tournament
again.

Niederle and Vesterlund| [2007] examine willingness to compete within a stereotyped context, such as a
math-related task, where women are often perceived as weaker performers. In the Grain Game, instead,
the task is gender-neutral: participants play the role of farmers tasked with maximizing their harvests
by planting seeds in a linear field. To further ensure gender neutrality, each player controls an on-screen
character that matches their own gender. As the first study on gendered decision-making in explore-exploit
tasks, we intentionally selected an abstract and gender-neutral task to isolate individuals’ attitudes toward
exploration, independent of environmental influences, thereby creating a setting in which both men and

women should feel equally comfortable.

Our results provide insights into gender differences in exploratory and competitive behaviours. However,

they challenge some of our initial hypotheses. Contrary to expectations, in the Gain treatment, women

1As a possible interpretation of the two treatments in our motivating example of job search strategies, consider that, in
the Only Gains environment, players face no risk of negative outcomes, mirroring scenarios where job seekers can experiment
without fear of setbacks. Exploration involves pursuing new opportunities with lower pay but growth potential, exploitation
reflects staying in stable roles with modest gains, and retreat signifies neutral actions like reskilling. In the Gains and Losses
environment, setbacks such as unemployment or financial strain are possible, making exploration riskier, akin to applying for
challenging positions. Exploitation represents safer, stagnant choices, while retreat entails reskilling, with potential opportunity
costs.



explore significantly more than men, particularly during the Tournament and Choice stages. However, when
potential negative payoffs are introduced in the Gain & Loss treatment, no gender differences in exploration
are observed. Random-effects multinomial logit estimates confirm that, in Gain environments, being female
increases the likelihood of exploring rather than exploiting, but this effect disappears in the Gain € Loss
treatment.

Regarding competition, we find that in the Gain treatment, women are less likely than men to select
the competitive scheme (21% vs. 36%). This gap disappears in the Gain & Loss treatment (27% vs. 28%).
Further analysis reveals that this gender gap in the Gain setting is fully explained by individual differences
in confidence, risk preferences, and related traits, offering no support for our hypothesis that women are less
likely to choose competition compared to men. Similarly, we find no evidence that women in STEM fields are
more competitive than men, as the interaction between gender and STEM major has no significant effect.

Finally, our results highlight the role of individual characteristics in shaping exploration and competition
decisions. Participants who are more risk-averse or loss-averse tend to explore less and are less inclined to
compete in both treatments. However, we would like to stress that women do not shy away from competition
in the Gain & Losses treatment, where men and women exhibit very similar behaviours across all stages. In
other words, the gap in willingness to compete is entirely eliminated in this treatment. At the same time,
it is important to note that the explore-exploit dilemma cannot be reduced to a story of (gendered) risk
preferences alone. Whereas risk attitudes capture individuals’ tolerance for known variability in outcomes,
exploration has an additional information-acquisition motive, directed at reducing uncertainty and improving
future decision quality. This distinction is well documented in the literature, which shows that models
of exploratory choice require information-seeking motives over and above risk preferences to account for
observed behaviour [Wilson et al., 2014, [Knox et al, 2012].

Although we did not initially formulate a specific assumption on payoffs, our findings reveal slight male-
favoring gaps in payoffs across the stages and treatments of the game, with the gender gap becoming sta-
tistically significant only in the Choice stage of the Gain treatment. Focusing on this specific stage of the
Gain treatment, our results show that not only do women not explore less than men, but they explore more
while earning less. This suggests that women may actually overexplore. This interpretation is supported by
a comparison with a benchmark derived from reinforcement learning models.

Section [7] discusses how insights from our lab experiment relate to real-world dynamics in early career
decision-making. While evidence suggests that women accept jobs earlier than men, potentially reflecting
less exploration, our findings show that women tend to overexplore in the Gain treatment, resulting in lower
payoffs. On a positive note, in the Gains and Losses treatment, all gender disparities vanish, with men

and women behaving and competing equally, suggesting that high-stakes, riskier frameworks might mitigate



women’s overexploration and reluctance to competeEl We elaborate on policy implications based on these
intriguing results in the concluding section.

The remainder of the paper is organized as follows. Section [2] reviews the related literature, providing
context for our study, it also outlines and motivates our hypotheses. Section[3|details the experimental design,
while Section [4] describes the data used in the analysis. Section [§] presents our main findings, focusing on
measures of exploration, willingness to participate in the tournament in the Choice stage, and participants’
payoffs. Section [6] offers an overview of the results, followed by Section [7} which explores an application to

job seekers’ behaviours. Section [§] provides concluding remarks.

2 Literature Review

Our paper contributes to two key strands of literature. The first examines the dynamics of the explore-exploit
dilemma using experimental methods, focusing on how individuals navigate trade-offs between exploration

and exploitation. The second investigates the determinants of gender differences in competitiveness, building

on the seminal work of Niederle and Vesterlund| [2007]. With respect to the first strand, we analyze a specific

version of the explore-exploit dilemma, focusing on gender differences, which have not been studied in this
context before. Regarding the second strand, we introduce a novel variation in the task used to study
competitive behaviour, providing fresh insights into this well-researched area.

The exploration—exploitation dilemma, the trade-off between seeking new options and capitalizing on

known ones, has been widely investigated across diverse areas, including animal foraging behaviour [Mehlhorn

2015|, computational models of reinforcement learning [Yogeswaran and Ponnambalam)| 2012], procure-

ment under incomplete information |Azoulay-Schwartz et al. [2004], organizational learning and performance

[March} 1991} \Gupta et al., 2006], and the neural mechanisms involved in decision-making [Daw et al., [2006

Blanchard and Gershman, 2018|, just to name a few. For broader overviews, see also Mehlhorn et al.| [2015],

Berger-Tal et al.| [2014].

In psychological, behavioural, and cognitive sciences, the exploration—exploitation dilemma has also been

extensively analyzed through multi-armed bandit (MAB) frameworks, which model how individuals learn

to allocate choices among multiple options with initially uncertain payoffs [e.g., Berry and Fristedt, [1985]

[Steyvers et all, [2009], [Speekenbrink and Konstantinidis, [2015], Reverdy et al.l 2014, [Wu et al. 2018 [Schulz
let al] [2020] 2019] [Meder et all [2021]. Notably, a number of these papers focus on children, modelling how

younger participants develop and adjust their exploration strategies [Meder et al., 2021, |Wilson et al.| [2021}

2The closing of the gender gap in willingness to compete obtained in the Gains and Losses treatment resonates with the
’gender-equality paradox’ in STEM fields. One possible explanation for this paradox is that the high-stakes nature of entering
STEM careers encourages women in less gender-equal countries to pursue these fields, while in wealthier, more gender-equal
societies, women may be more inclined to follow careers that better align with personal preferences (see|Stoet and Geary|[2018]).




[Schulz et al.l |2019).

The Grain Game developed by [Chin et al.|[2023], which we adapt in this paper, shares some similarities

with in that participants explore a space where rewards are locally correlated, it is unique in
that exploration is restricted to one step at a time. This constraint more closely mimics real-world settings
in which exploring vast spaces is neither free nor costless, reflecting the practical limitations people face
when gathering information.

While several papers have utilized lab experiments to examine individual behaviours in explore-exploit
tasks, to the best of our knowledge, this study is the first to specifically investigate gender differences within

this framework.

Considering now more in details the second strand of the literature we contribute to. [Niederle and Vester-|

[2007] established a foundational result in experimental economics, showing that men are more likely

than women to self-select into competitive environments. This finding has been widely replicated [Niederle

land Vesterlund, 2011} /Azmat and Petrongolo, |2014}, Buser et al. |2014], yet subsequent research has demon-

strated that the magnitude and even the presence of this gender gap depend on various contextual factors.
For example, the nature of the task influences competitiveness, with men often being more competitive

in stereotypically male-dominated tasks, while gender-neutral or female-oriented tasks reduce or eliminate

the gap [Dreber et all [2014] [GroBe and Riener] [2010, [Shurchkov], [2012]. Cultural and societal differences

also play a significant role, as cross-cultural studies have shown that gender gaps in competitiveness vary

according to levels of gender equality and prevailing norms [Gneezy et al. 2009, Booth and Nolen| 2012].

Furthermore, differences in the conceptual frameworks used, such as variations in task difficulty or how com-

petition is framed, highlight the contextual dependency of these differences [Buser et al. 2017]. This body

of evidence highlight the importance of incorporating task-specific, cultural, and methodological dimensions
into the study of gender and competitiveness. In this study, we contribute to this literature by employing the
explore-exploit dilemma as a novel task to investigate gender differences in competitive behaviour, shifting

the focus to decision-making under uncertainty in a gender-neutral context.

2.1 Hypothesis

Following the existing literature, we formulate the following hypotheses to address gendered differences in
exploration and competition behaviours. These hypotheses were pre-registered prior to data collection to
ensure transparency and credibility in our research designEI The first hypothesis addresses gender differences

in behaviour within the context of the explore-exploit dilemma in absence of strategic uncertainty due to

3The link for the pre-registration is available at the following OSF webpage: https://osf.io/24eah/?view_only=
1a9950422edb54210a9da08ea2caab654
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competition.

Hypothesis 1 Women explore less than men, particularly in decision-making contexts that entail the pos-

sibility of facing losses.

Gender differences in exploration behaviours may stem from early socialization processes and societal
expectations regarding risk-taking. Research in developmental psychology suggests that gender norms, in-

ternalized from an early age, influence individuals’ behaviours and decision-making processes in adulthood

[Eagly and Karaul, [2002} [Fulcher and Coyle, [2011]. Women are often socialized to be more risk-averse and

cautious [Croson and Gneezy, [2009], which can translate into lower exploratory behavior in uncertain en-

vironments. This pattern is likely reinforced in the presence of potential losses, as women tend to display

stronger loss aversion than men [Eckel and Grossman, 2008, Dohmen et al., 2011], thereby further dis-

couraging exploration in such contexts. Additionally, women may adopt a more conservative approach due

to early exposure to gendered play patterns that discourage risk-taking and adventurous decision-making

|[Kung], [2022, [Harbin| [2023]. Women are also found to have higher levels of anxiety than men about spatial

navigation [Lawtonl [1994].

Our second and third hypotheses address gender differences in competitive environments, examining both

behaviour within the explore-exploit dilemma (with a focus on the second stage of the experiment) and the

decision to compete (with a focus on the third stage).

Hypothesis 2 Controlling for individual characteristics, risk aversion, and loss aversion, individuals (both

men and women) who choose to compete in the Choice stage engage in greater exploratory behcwz'ourEl

Hypothesis 3 Controlling for individual characteristics, risk aversion, and loss aversion, women are less

likely to choose competition compared to men.

Competition has been shown to increase exploratory behaviour across genders, as individuals seek to

outperform their peers and maximize their outcomes [Gill and Prowse} 2012, [Mago et al., [2016]. Compet-

itive settings often act as a motivational force, driving individuals to adopt strategies that involve greater

exploration and risk-taking to gain a competitive edge |Gérxhani et all 2023]. However, significant gender

4The pre-registered version of Hypothesis 2 stated: “Controlling for individual characteristics, risk aversion and loss aver-
sion, in competitive settings individuals (both men and women) explore more.” While the two formulations are related, the
version presented in the paper narrows the empirical focus to the Choice stage, where participants self-select into a compet-
itive or non-competitive payment scheme. This allows us to test whether those who actively choose to compete also explore
more—capturing the endogenous relationship between willingness to compete and exploratory behavior. We acknowledge, how-
ever, that this design does not allow for a within-subject comparison of behavior across incentive schemes (e.g., Tournament
vs. Piece Rate), which would have been more directly aligned with the original formulation. This analytical choice reflects a
practical constraint of the experimental design (i.e., fixed order and lack of random assignment in Choice, which is common in
the experiments on competitiveness, see, e.g. [Niederle and Vesterlund| [2007]), and we have updated the hypothesis wording to
match the operationalization in the data.




differences persist in competitive environments, with women being less likely to self-select into competition

[Niederle and Vesterlund} 2011].

Women’s reluctance to compete is often attributed to lower self-confidence, internalized social norms

that discourage competitive behaviour in women, and perceived stereotypes about gender roles [Eagly and

[Karaul 2002, [Francis|, 2010]. Women may also experience a higher sensitivity to social penalties or a fear

of underperformance in competitive contexts [Buser et all 2017]. Moreover, studies highlight that men are

more likely to engage in voluntary job-to-job mobility, reflecting a greater willingness to compete and explore

new opportunities [Theodossiou and Zangelidis, 2009} |Cortés et al., 2023].

Together, these findings highlight the complex interplay of individual traits, societal norms, and envi-
ronmental factors in shaping exploratory and competitive behaviours across genders, making it crucial to

account for these elements when analyzing decision-making in competitive settings.

Our fourth hypothesis is based on the attitude toward competitiveness of women attending STEM fields:

Hypothesis 4 Women attending STEM fields of study are more competitive than men.

The under-representation of women in STEM fields has led to increased scrutiny of competitiveness in

male-dominated environments. Some studies suggest that women pursuing STEM careers tend to adopt

more competitive behaviours as they navigate traditionally male-dominated spaces |[Buser and Yuanl [2019]

|Cérdenas et al}[2012]. Moreover, the “gender-equality paradox” suggests that in countries with fewer gender-

equal opportunities, women are more likely to pursue challenging STEM careers as a means of economic

advancement [Stoet and Geary, [2018]. Women in these fields may develop resilience and adaptability,

making them more competitive than their male counterparts in similar environments.

Finally, our last hypothesis refers to the impact of individual characteristics:

Hypothesis 5 Individual risk preferences, loss aversion, cognitive abilities, and self-confidence affect both

the likelihood to explore and the likelihood to compete.

A wide range of literature highlights the significant role of personality traits and economic preferences

in shaping decision-making under uncertainty and competition [Camerer and Hogarthl 1999, Dohmen et al.

2010]. Higher risk aversion and loss aversion have been associated with a lower tendency to explore and
compete, whereas cognitive abilities and self-confidence have a positive influence. Gender norms further

intersect with these individual traits, influencing behaviours such as over-exploration and reluctance to

engage in competition in specific environments [Chin et al. 2023|. The tendency to explore and compete

is shaped not only by inherent traits but also by the external environment, which can encourage or inhibit

certain behaviours.



3 Experimental Design

This study investigates gender differences in exploration and competition behaviours through a controlled
incentivised laboratory experiment conducted at the BLESS (Bologna Laboratory for Experiments in Social
Sciences)lﬂ The experiment was pre-registered on OSF (https://osf.io/6kxsp)) and received approval from
the Bioethics Committee of the University of Bologna.

The participants took part in three computerised games presented in fixed order: the Grain Game [Chin
et al., [2023], a Loss Aversion Task |Gachter et al., |2022] and the Bomb Risk Elicitation Task (BRET;
Crosetto and Filippin||2013). These tasks were followed by a post-experimental questionnaire designed
to collect additional data on socio-demographic characteristics, personality traits |Gosling et al., 2003],
competitiveness and cognitive abilities |Frederick, |2005]. See Figure [1| for a blueprint of the experimental

design.

Grain Game

[Stage 1: Piece Rate]

[Stage 2: Tournament]

Stage 3: Choice

[Guess Tournament Rank]

(Loss Aversion Task)

(Bomb Risk Elicitation Task (BRET)]

[Post—experimental Questionnaire]

Figure 1: Experimental Design. Note: Participants first completed the Grain Game (composed of three
stages: Piece rate, Tournament, and Choice), guessed their tournament rank, followed by the Loss Aversion
Task, the BRET, and finally the post-experimental questionnaire.

3.1 The Grain Game

The Grain Game, adapted from |Chin et al,[2023], placed participants in the role of farmers tasked with

maximising their harvests by planting seeds in a linear field of 70 planting slots. During the course of the

5The experiment was conducted in Italian, an English version of the experimental instructions are reproduced in

i


https://osf.io/6kxsp

game, participants planted a total of 70 seeds, but made 69 decisions. This is because in the first round,
participants automatically planted in position 1, the leftmost slot in the field, without making a choice.
From the second round onwards, they could decide whether to plant in the same slot as the previous round
(exploit), in the slot immediately to the right (explore) or in the slot immediately to the left (retreat)ﬂ In
each round, a seed had to be planted. De facto constraining the movement of participants to one step at a

time at most. An illustration of the game interface, showing the planting field and participant options, is

provided in Figure[2] More screenshots can be found in

THE GRAIN GAME G

Figure 2: Illustration of the Grain Game. Note: During the play, participants could see the total amount of
accumulated points in the top left of the screen and the remaining number of seeds or rounds to play in the
top right. They could also reread the instructions at any time by clicking on the question mark icon on the
screen.

Payoffs in each slot were calculated as the sum of a fixed value derived from one of six predefined payoff
sequences and random noise. The sequences were generated as random walks with errors drawn from a
normal distribution with mean 0 and standard deviation 2[7] The noise followed a symmetric distribution
with probabilities assigned as follows: 0 points with a probability of 0.56, +1 point with a probability of

0.15 for each, and +2 points with a probability of 0.07 for each. Thus, the payoffs are locally correlatedEl

As in |Chin et al|[2023], the experiment included two treatments. In the Gain treatment, participants

61t follows that the furthest slot a participant could reach, given the 70 seeds and 69 decisions, is the planting slot in position
70.

7The sequences can be found in

8Framing the task as a farmer across a field gives the correlation structure an intuitive grounding: just as soil fertility tends
to change only gradually from one plot to the next, the expected yield in neighbouring planting slots differs by only a few points.
This narrative, therefore, creates ecological validity and helps participants form expectations about why nearby locations offer
similar returns, even without explicitly teaching them about spatial correlation.

10



encountered only positive payoffs, with fixed values ranging from 1 to 25 points. In the Gain & Loss
treatment, participants faced potential losses as payoffs ranged from -10 to 15 points. To account for the
possibility of negative payoffs, participants in the Gain & Loss treatment received an initial endowment of
700 pointsEI

Differently than |Chin et al. [2023], we used three payoff sequences for each treatment. The sequences in
the Gain & Loss treatment were identical to those in the Gain treatment, with a -10 offset applied to all
values. All sequences rewarded exploration in the sense that the global maximum of every payoff sequence
was placed in the second half of the field. Participants played the Grain Game three times, with each stage
using a different compensation scheme, following the experimental framework of Niederle and Vesterlund
[2007]. Therefore, the first stage of the Grain Game, where participants are paid piece rate, represents the
replication of |Chin et al.| [2023] with the only difference that we vary the sequences of payoffs encountered
by participants within treatments, whereas in [Chin et al.| [2023], participants all face the same sequence. At
the end of the game, only one of the three stages was randomly selected for payment and participants were
informed of this rule before the experiment began.

In the first stage, participants earned 1 cent for each point they scored if this stage was selected for
payment. In the second stage, participants were divided into gender-balanced groups of four, with two men
and two women in each group. In this stage, only the participant with the highest score in the group earned
4 cents for each point if the stage was selected for payment, while the other three participants received
nothing. If there was a tie, the winner was selected randomly among those with the highest scores.

In the third stage, participants could choose between the piece-rate scheme or the tournament scheme
before starting the game. This choice is a proxy for competitiveness. If this stage was selected for payment,
those who chose the piece-rate scheme earned 1 cent for each point as in the first stage. Those who chose
the tournament scheme earned 4 cents for each point only if they outscored the top scorer from their group
in the second stage (Tournament); otherwise, they received no payment. If their score tied with the prior
top scorer, the winner was selected randomly.

Each participant played all three payoff sequences within their assigned treatment. Before starting each
part, participants answered a set of control questions to ensure their understanding of the instructions
(see . The order of sequences was randomised across participants at the session level to mitigate
potential order effects.

At the end of the Grain Game, participants were asked to guess their ranking in the Tournament stage.

Correct guesses were incentivized as in Niederle and Vesterlund| [2007].

9The average payoff in the Gain treatment was 15 points and 5 points in the Gain & Loss treatment. The 700-point
endowment ensured equal expected payoffs across the two treatments.
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3.2 Loss aversion task and BRET

After completing the Grain Game, in the second part of the experiment, participants were asked to perform
two additional tasks: a loss aversion task and a task to measure their risk attitudes. Before starting,
participants were informed that their performance in only one of these two tasks would be randomly selected
for payment of part 2.

To assess participants’ loss aversion, we implemented the task developed by (Géachter et al.| [2022]. Partic-
ipants were presented with six small-stakes lotteries. For each lottery, they decided whether to participate
in a coin toss. In all six lotteries, participants could win €6 if the coin landed on tails, but they risked losing
an increasing amount of money (from €2 in the first lottery to €7 in the sixth) if the coin landed on heads.
If participants opted not to participate, they received €0. If the loss aversion task was selected for payment,
one of the six lotteries was randomly chosen to determine their final earnings.

The Bomb Risk Elicitation Task (BRET), adapted from|Crosetto and Filippin| [2013], was used to measure
participants’ risk attitudes in a controlled and incentivised setting. Participants were presented with a grid
of 100 cells (10 x 10) and asked to decide how many cells to colour red. Each red cell represented a potential
gain of 5 cent. After their decision, the computer randomly selected one cell. If the chosen cell was grey,
participants earned 5 cent for each cell they chose to colour red. However, if the chosen cell was red, they
earned nothing. If the BRET task was selected for payment, their earnings were calculated based on the
outcome of the task.

For an illustration of the Loss Aversion Task and BRET interfaces, see

3.3 Experimental Payments

At the end of the experiment, participants’ final payment depended on the payoff from one randomly selected
stage of the Grain Game (Piece Rate, Tournament, or Choice), on the payoff from one randomly selected
additional task (Loss Aversion or BRET), plus a fixed 5 Euro show-up fee. Detailed payoff rules for each

stage and task are summarized in Table[]] Formally:

Final Payment = (Payment from one of the three Grain Game stages)

randomly chosen

+ (Payment from one of the two additional tasks)

randomly chosen

+ 5 Euros .
——

show-up fee
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Table 1: Overview of the Experimental Compensation Scheme

Part Description

Part 1: Grain Game Stage 1 (Piece Rate): 1 cent per point.
Stage 2 (Tournament): Groups of 4 (2 men, 2 women); highest score earns 4
cents/point (ties random).
Stage 3 (Choice): Each participant chooses either (i) to not compete and get
Piece Rate payment (1 cent/point), or (ii) to compete and get Tournament payment
(4 cents/point if beating the top scorer from Stage 2, else 0).

Part 2: Additional Tasks Loss Aversion Task: One of six coin-toss lotteries randomly determines payoffs.
BRET: Earn 5 cents per chosen red cell unless the random draw is red; then
earnings are 0.

Show-up Fee A fixed 5-Euro payment, independent of performance.

4 Data

Our pre-registered plan aimed to collect data from 432 participants (50% female). To achieve this, we
invited 432 individuals to take part in the study, which was conducted at the Bologna Laboratory for
Experiments in Social Sciences (BLESS) between June 2022 and March 2023. Recruitment was carried out
through the ORSEE system |Greiner} [2015], ensuring random assignment to sessions and a balanced gender
composition across experimental groups. KEach session accommodated up to 32 participants, who were
randomly assigned to gender-balanced groups of four (two men and two women). However, due to a software
problem encountered in the Grain Game, data from 13 participants were lost, resulting in a final sample of
419 participants (206 women and 213 men) for the analysis presented in this paper. Importantly, the sample
was well balanced not only in terms of gender but also with respect to participants’ demographics (e.g.,
age, field of study, and nationality), ensuring that our findings are not driven by imbalances in observable
characteristics. A table with descriptive statistics for all relevant variables is provided in

Table 2] summarises the distribution of participants across treatments and genders.

Table 2: Participants by Treatment and Gender

Gain Gain & Loss Overall

Men 106 107 213
Women 104 102 206
Overall 210 209 419

While the main sample consists of 419 participants, data for the loss aversion task and the BRET are
unavailable for the 62 participants from the first two sessions due to technical issues. As a result, depending
on the model specification used in the paper, the sample size might be smaller. In addition, in the post-
experimental questionnaire, some individuals chose to skip certain questions, so there is missing data from

that source as well. However, the sample size used in each regression is always specified in the Results
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section, see also

Furthermore, when constructing the Ao variable, our measure of loss aversion based on the loss aversion
task, we exclude participants whose decisions are non-monotonic (following the procedure in |Gachter et al.

[2022]). This exclusion generates additional missing values for those participants.

5 Results

In this section we present our results organized as follow: Section 5.1 focuses on the behaviour in the explore-
exploit dilemma under piece rate. Section 5.2 analyse the willingness to compete and section 5.3 discusses

the differences in earnings.

5.1 Exploration
5.1.1 Descriptive Evidence

We begin by examining descriptive evidence on exploration behaviour and whether it differs by gender and
treatment. We use three different measures of exploration: (i) the average percentage of “explore” choices;
(ii) the farthest position (“Mazimum position”) that participants reach at any point in the game, and (iii)
the final position where they plant their last seed (“Final posz’tion”)m

Figure [3] shows the average percentage of Explore, Fxploit, and Retreat decisions across each stage of the
Grain Game, disaggregated by gender (men/women) and by treatment condition (Gain vs. Gain & Loss).

Contrary to our pre-registered hypothesis 1, women do not explore less than men. Instead, we find
evidence suggesting that women, in some specific settings, explore more than men, particularly in the
Tournament and Choice stages of the Grain Game.

In the Tournament stage, women explore in 55.0% of decisions (SD = 24.9%), compared to 48.8% for
men (SD = 25.7%). This difference is statistically significant (¢ = —2.50, p = 0.0130). Similarly, in the final
choice stage, women explore in 56.9% of decisions (SD = 26.7%), compared to 50.9% for men (SD = 27.9%),
and this difference is also statistically significant (t = —2.28, p = 0.0234).

When analysing by treatment, the gender difference is driven by the Gain treatment. In this setting,
women explore 58.3% of decisions in the Tournament stage (compared to 49.4% for men; t = —2.47, p =
0.0143) and 60.6% of decisions in the final choice stage (compared to 49.2% for men; ¢t = —3.02, p = 0.0028).

In the Gain & Loss treatment, gender differences in exploration are not statistically significant.

10Because participants can retreat after planting in a new slot, mazimum position and final position do not necessarily
coincide.
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Figure 3: Explore, Exploit, Retreat % Across Stages, Gender and Treatment. Note: This figure displays
the proportion of exploration, exploitation and retreat choices made by participants in each stage of the
experiment, disaggregated by gender (men/women) and by treatment condition (Gain vs. Gain & Loss).

The other two measures, “Mazimum position” and “Final position”, confirm that in the Tournament
and Choice stages under the Gain treatment, women tend to explore more than men; specifically, they reach
a higher maximum position and conclude the game farther to the right. By contrast, in the Gain & Loss

treatment, no significant gender difference emerges. Detailed results on those two additional measures and

the percentage of explore are provided in

5.1.2 Regression Analysis

To assess whether women explore more or less than men controlling for individual characteristics, we focus
on the Choice stage of the Grain GameE This stage is particularly interesting because it allows us to
verify if and how competition is associated with the players’ choices. In this stage, as in every stage, each
participant plants a total of 70 seeds and therefore makes 69 sequential decisions over time.

We define Move;; as a categorical variable indicating the participant’s ¢ decision at round ¢, where Mowve €
{Explore, Exploit, Retreat}. To analyze these decisions, we estimate three random-effects multinomial logistic

11n [Appendix F| we report the regression results for the Piece Rate and Tournament stages.
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regressions with Fzxploit as the baseline outcome. Our general model can be written as:

ln<%> = Bom + Bim Female; + B2, Gain & Loss;
+ B3.m [Female; x Gain & Loss;] + Ba,m LagPayoff;,_1
+ Bs,m Threshold;;_1
+ Bo.m Compete; + v, Xi + Uim,

where m € { Retreat, Explore}, Female; is a dummy taking value 1 for women and 0 otherwise, and Gain & Loss;
indicates whether participant ¢ is assigned to the Gain & Loss treatment (= 1) or not (= 0). LagPayoff;;_,
is the payoff from the previous planting round, adjusted by adding 10 points in the Gain & Loss treatment
to ensure comparability with the non-negative payoffs in the Gain setting. Threshold;;_, is a dummy set
to 1 if the adjusted payoff in the previous round was below 10 (i.e., a negative payoff in the Gain & Loss
environment), and 0 otherwise. Compete,; indicates whether participant i chose the competitive payment
scheme in this final stage of the Grain game. Finally, u; ,, denotes participant-level random intercepts, and
X, is a vector of additional participant-level controls (e.g., demographics, risk attitudes, personality traits)
which differ across model speciﬁcationleI

We estimate three versions of Equation that differ in the participant-level controls included in X;.
Model A is the baseline and includes only the core regressors shown in Equation (X; is empty). Model
B augments the baseline by adding socio-demographic characteristics (age, nationality, field of study and
GPA), personality and cognitive measures (TIPI, CRT), piece-rate payoff, competitiveness, and self-reported
risk attitudes. Finally, Model C replaces the self-reported risk attitude with the incentivized measure from
the BRET taskE It also includes the loss-aversion parameter Ay from the loss-aversion task@ Table

presents the results from these three random-effects multinomial logit regressions.

12As a robustness check, we also estimated these regressions while controlling for the payoff sequences that participants
ultimately observed. For brevity, we do not include those additional results here, but they are available upon request. The
interpretation of the hypothesis remains unchanged.

13Risk and loss-aversion were elicited after the Grain Game, so we checked whether they differ by treatment. They do not:
BRET points (t = 0.24, p = .81), self-reported risk (¢t = 0.03, p = .98), and loss aversion Ajogs (¢t = 0.87, p = .39).

14Because some participants did not complete the BRET and the loss-aversion task and because non-monotonic (inconsistent)
responses in the loss-aversion task were dropped following |Gachter et al.| [2022], Model C is estimated on a slightly smaller
sample.
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Table 3: Random Effects Multinomial Logistic Results for Move

Dependent Variable

Mowe (Baseline = Ezploit)

Model A Model B Model C
Retreat Explore Retreat Explore Retreat Explore
Female 1.165 2.096™ 1.199 2.330" 1.131 2.305
(0.360) (0.782) (0.409) (0.869) (0.485) (1.097)
Gain & Loss 0.996 1.171 1.147 1.190 0.730 1.323
(0.340) (0.430) (0.424) (0.443) (0.297) (0.564)
Female x (Gain & Loss) 1.250 0.432 1.070 0.353" 1.444 0.269"
(0.583) (0.226) (0.520) (0.181) (0.801) (0.161)
Lag Payoff 0.722***  0.705"**  0.723***  0.704***  0.729"**  0.707***
(0.022) (0.021) (0.022) (0.021) (0.024) (0.024)
Threshold 0.265*** 0.565*** 0.276*** 0.579*** 0.277*** 0.587"**
(0.055) (0.074) (0.058) (0.078) (0.064) (0.094)
Piece Rate Payoff - - 0.9999  1.0039"*"  0.9999  1.0040"*"
(0.0008)  (0.0009)  (0.0010)  (0.0012)
Risk (self-reported) - - 1.091 1.281"* - -
(0.084) (0.097)
Risk (Bret) - - - - 1.015 1.021%
(0.010) (0.011)
Aloss - - - - 0.518"* 0.545"*
(0.106) (0.125)
Competitiveness (self-reported) - - 0.966 1.074 0.936 1.077
(0.056) (0.070) (0.063) (0.082)
CRT - - 1.227 0.977 1.295 1.023
(0.152) (0.128) (0.181) (0.160)
Extraversion - - 1.036 0.967 0.984 0.989
(0.079) (0.083) (0.088) (0.105)
Agreeableness - - 1.553%** 1.331% 1.480"* 1.444*
(0.187) (0.168) (0.202) (0.209)
Conscientiousness - - 1.028 0.928 0.989 1.000
(0.095) (0.094) (0.105) (0.119)
Emotional Stability - - 0.903 0.800*" 1.042 0.883
(0.081) (0.082) (0.099) (0.099)
Openness - - 0.837 0.826 0.896 0.953
(0.107) (0.108) (0.128) (0.150)
GPA - - 0.950 0.921 0.875 0.957
(0.148) (0.144) (0.152) (0.170)
Born in Italy - - 0.263* 0.229* 0.192* 0.136**
(0.152) (0.134) (0.135) (0.106)
Age - - 0.987 1.016 0.988 1.041
(0.033) (0.042) (0.047) (0.055)

(Continued on next page)
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Model A Model B Model C

Retreat Explore Retreat Explore Retreat Explore

STEM - - 0.726 0.782 0.910 0.993
(0.196) (0.215) (0.281) (0.317)

Compete 0.627 1.383 0.600 0.999 0.449™ 0.804
(0.165) (0.395) (0.167) (0.284) (0.148) (0.274)

Constant 4.513*** 222.366™** 5.823 16.359 21.436 5.098

(2.134) (114.842)  (10.166)  (31.442)  (42.361)  (11.517)

Model Statistics

Observations 28,492 27,676 21,080
Number of Groups 419 407 310
Wald x?2 193.85 242.75 216.16
Log pseudolikelihood —16139.104 —15671.713 —11755.302

Notes: All entries are Relative Risk Ratios (RRRs) from random-effects multinomial logit regressions. Robust standard errors
(clustered at participant level) are shown in parentheses. The dependent variable is Mowve, and the baseline (omitted) outcome
is Ezploit. Significance levels: *p < 0.05, **p < 0.01, ***p < 0.001. While most variables are self-explanatory, note that Ajogs is
our measure of loss aversion, where higher values indicate higher loss aversion, and CRT is the Cognitive Reflection Test score,

where a higher value indicates more reflective (rather than intuitive) thinking.

The estimates from the random-effects multinomial logistic models indicate that in the Gain treatment,
women are significantly more likely than men to explore (rather than exploit) in the final (Choice) stage
of the Grain Game. In Models A and B of Table [3] the coefficient on Female in the “Explore vs. Exploit”
comparison exceeds 2.0 and is statistically significant at the 5% level. In Model C, which relies on a smaller
sample, the coefficient remains above 2.0 but is only marginally significant (p = 0.08). An RRR above 2.0
indicates that women are more than twice as likely as men to choose Ezplore over Ezploit, and, notably, this
differential persists even after we control for individual risk and loss aversion.

By contrast, the interaction term Femalex Gain & Loss is below 1.0 in all three models and is signifi-
cantly different from 1.0 in Models B and C. This pattern suggests that the higher propensity of women to
explore, relative to men, is noticeably decreased when negative payoffs become possible. Furthermore, linear
combination tests confirm that under Gain & Loss the net female effect fully vanishes in every specification,
implying no statistically discernible difference in exploratory behaviour between women and men in the
Gain & Loss tretamentE Hypothesis 1 is thus not supported.

Across all models, a larger payoff in the previous round strongly reduces participants’ tendency to deviate

from exploitation in the subsequent round, and if the adjusted payoff from the prior round falls below a

158pecifically, we test whether the sum of the main Female coefficient and the Femalex Gain & Loss interaction coefficient
is zero in each model. For Model A, x2(1) = 0.07 and p = 0.7843; for Model B, x2(1) = 0.23 and p = 0.6283; and for Model C,
x2(1) = 1.24 and p = 0.2659. Thus, in all cases we fail to reject the null, indicating that the net female effect under Gain & Loss
is not significantly different from zero.
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certain threshold (i.e., is negative under the Gain & Loss treatment), individuals become even less inclined
to explore.

Notably, choosing the competitive scheme (Compete) does not appear to increase exploration in any
of the three model specifications. In Model C, Compete significantly reduces “Retreat vs. Exploit” (RRR
~ 0.45, p < 0.05), indicating that those who select the competitive scheme are less likely to retreat (as
opposed to exploit) than those in the noncompetitive setting. However, this effect does not translate into
a higher relative probability of exploring. Thus, we find no evidence that individuals who self-select into
competition systematically explore more, which does not support Hypothesis 2.

Turning to other variables, risk attitudes (both self-reported and measured via the BRET) consistently
raise the relative probability of exploring rather than exploiting. In Model B, self-reported risk is strongly
associated with “Explore vs. Exploit” (RRR &~ 1.28, p < 0.001), and in Model C the incentivized risk
measure (RiskBret) is smaller but still significant (RRR ~ 1.02, p < 0.05). By contrast, loss aversion
(Mloss) substantially reduces the RRR for both “Retreat vs. Exploit” and “Explore vs. Exploit” (RRRs of
about 0.52-0.55), suggesting that more loss-averse participants are less likely to deviate from exploiting
their current slot. These findings confirm that individual risk preferences are an important determinant of
exploratory behaviour. Yet, our results also show that risk tolerance does not fully account for exploration
in this setting. Even after controlling for risk and loss aversion, systematic gender differences remain (e.g.
see Model B), suggesting that the task captures additional motives, such as information acquisition and
uncertainty reduction, beyond classical risk attitudes [Wilson et al., 2014, [Knox et al, [2012].

Among the remaining controls, Agreeableness increases the likelihood of leaving an exploited slot (whether
via retreat or exploration), whereas being born in Italy lowers it (RRRs < 1). Competitiveness, CRT, STEM,
GPA, and Eztraversion show no consistent effects. Hence, Hypothesis 5 is supported, in that risk prefer-
ences, loss aversion, some personality traits, and certain demographic characteristics significantly influence

exploration decisions.

5.2 Competition
5.2.1 Descriptive Evidence

We now turn to Hypothesis 3, which posits that, controlling for individual characteristics, women are less
likely than men to enter competition, which in our setting means we expect women to be less likely to choose
the competitive payment scheme in the final (Choice) stage of the Grain Game. In this stage, participants
had to decide between receiving a piece-rate compensation of 1 cent per point or challenging the highest

scorer from the previous (Tournament) stage, with a higher payoff of 4 cents per point awarded only if they
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outscored the tournament winner.

Looking at the descriptive statistics, in the Gain treatment, women are significantly less likely to compete
compared to men (21% vs 36% for men, p=0.0183, x? = 5.5548), while no gender difference is found in the
Gain € Loss treatment( 27% for women vs. 28% for men p 1, x? = 0.009). See Figure

Proportion of participants choosing to compete
o
!

‘Women Men ‘Women

Gain Gain&Loss

Figure 4: Decision to compete by Gender and Treatment. Note: This figure displays the proportion of partic-
ipants who chose to compete in the Choice stage of the Grain Game disaggregated by gender (men/women)
and by treatment condition (Gain vs. Gain & Loss).

5.2.2 Regression Analysis

To test Hypothesis 3, we estimate four logistic regressions of the binary decision to select the competitive
payment scheme (Compete = 1) versus the piece-rate one (Compete = 0). Formally, let Pr(Compete; = 1)

denote the probability that participant ¢ chooses to compete in the Choice stage. Our model is:

ln(giggz—zizz?%) =y + B1 Female; + P2 GainéiLoss;

+ B3 (Femalei X Gamé’ﬁLossi) + B4 PieceRatePayolff; (2)
+ ¥'X; + &,
where Female; is a dummy variable equal to 1 for women and 0 for men, GainééLoss; indicates whether partic-
ipant ¢ is assigned to the GainéLoss treatment (= 1) or not (= 0). PieceRatePayoff; denotes participant i’s
payoff in the Piece Rate stage (a proxy for ability), X; is a vector of additional controls, and ¢; is the error
term. We estimate four versions of Equation ([2)) that differ in the participant-level controls included in X;. In
Model 1, we use the parsimonious specification, with no additional participant-level controls. Model 2 adds

self-assessed relative rank from the Tournament stage (a proxy for perceived ability). Model 3 introduces
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self-reported risk attitudes, a self-reported measure of competitiveness, cognitive reflection (CRT), personal-
ity traits (TIPI), and demographic controls (including a STEM-major indicator). Finally, Model 4 replaces
self-reported risk with the incentivized Bomb Risk Elicitation Task (BRET) measure and incorporates the

loss-aversion parameter )\IOSSE Table 4] presents the results from all four modelsm

Table 4: Logistic Regression Results on the Decision to Compete

Dependent Variable Compete = 1 if Tournament, 0 if Piece Rate
Model: (1) (2) (3) (4)
Panel A: AME, x100
Female -7.28 -4.95 4.68 3.61
(4.33) (4.38) (4.75) (5.22)
Gain & Loss -2.11 -1.03 -0.28 -0.55
(4.33) (4.27) (4.23) (4.78)
Piece rate payoff 0.03* 0.03 0.02 0.02
(0.01) (0.02) (0.01) (0.01)
Rank Belief - -10.13** -9.80™* -11.78**
(3.07) (3.03) (3.40)
Risk (self-reported) - - 2.88" -
1.26)
Competitiveness (self-reported) - - 3.49%* 3.43%*
(1.01) (1.11)
Risk (Bret) - - - 0.31"
(0.15)
Aoss - - - -12.58**
(4.44)
CRT - - 1.50 0.88
(2.12) (2.43)
Extraversion - - 0.87 2.44
(1.49) (1.63)
Agreeableness - - 2.42 4.27
(2.24) (2.48)
Conscientiousness - - -0.52 0.10
(1.66) (1.79)
Emotional Stability 1.46 2.18
(1.74) (2.01)
Openness - - -0.78 0.28
(2.25) (2.48)
GPA - - -6.64** -7.36"
(2.52) (2.89)
Born in Italy - - 6.98 6.03
(7.47) (7.65)
Age — - 0.75 0.94
(0.70) (0.91)
STEM - — 3.52 4.60
(4.42) (4.90)
Observations 419 419 407 310
Pseudo R? 0.0210 0.0480 0.1169 0.1693
Panel B: Female AME (conditional on Gain vs. Gain&Loss), X100
AME (Female | Gain only) -14.55" -11.07 -1.68 0.35
(6.23) (6.23) (6.26) (7.73)
AME(Female | Gain & Loss) -0.19 1.16 11.17 5.94
(6.04) (6.04) (6.42) (6.36)

Note:™ p < 0.05, 7" p < 0.01, ™" p < 0.001. Panel A reports average marginal effects (AME), multiplied by 100, with robust
standard errors (also x100) in parentheses. Panel B shows the AME of being Female conditional on (Gain) vs. (Gain & Loss),
again multiplied by 100. While most variables are self-explanatory, note that Ajoss is our measure of loss aversion, where higher
values indicate higher loss aversion, and CRT is the Cognitive Reflection Test score, where a higher value indicates more reflective

(rather than intuitive) thinking.

As we can see in Panel A of Table [d] being female has no significant effect on the probability of competing
in any specification. Panel B of Table [4| shows the average marginal effects (AMESs) of being female under

the two treatments: Gain and Gain & Loss, separately. Focusing on Model (1), we see that in the Gain

16Following |Géchter et al.| [2022], we exclude non-monotonic responses in the loss-aversion task. Because some participants
did not complete these tasks or provided non-monotonic responses, the sample size is smaller in Model 4 than in the other
specifications

17 As a robustness check, we also ran regressions controlling for both piece-rate performance and tournament performance,
and found no difference in the interpretation of the results.
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treatment, women are on average 14.6 percentage points less likely (p < 0.05) to choose to compete than
men. By contrast, in Gain & Loss treatment, the AME of being female is statistically insignificant. Once we
include participants’ self-assessed rank (Model 2) and additional controls for risk preferences, competitive-
ness, cognitive reflection, personality traits, and demographics (Models 3 and 4), the gender gap in “Gain”
disappears, dropping from —14.6 to —1.7 percentage points or smaller and no longer statistically significant.
In other words, the initial female disadvantage in choosing competition under gains can be fully explained by
differences in confidence, risk attitudes, personality traits, competitiveness and demographic characteristics.

Turning to the other covariates, Rank Belief has a significant and negative effect on the decision to
compete in every specification where it is included@ Unsurprisingly, both risk attitude measures (self-
reported risk (Model 3) and the BRET measure (Model 4)) also affect the decision to compete, with more
risk-averse individuals being less likely to chose the competitive payment scheme. Similarly, loss aversion
reduces the probability of competing, whereas competitiveness increases it. Finally, an increase in GPA is
associated with a decrease in the probability of competing. This finding also supports the competition aspect
of Hypothesis 5, as loss aversion, risk preferences, and self-confidence (measured by rank belief) all affect
the likelihood of entering competition.

Finally, in order to test whether women attending STEM fields of study are more competitive than men,
we run two additional specifications based on Equation . Specifically, we extend Model 3 and Model 4
by adding an interaction term between STEM (an indicator for studying a STEM field) and Female (let’s
rename thes models Model 3a and Model 4a). These augmented models control for the same covariates as

before (e.g.., risk aversion, competitiveness, GPA, and personality traits)E

Table 5: Female STEM vs. Men: Predicted Probability (%) of Choosing Competition (Models 3a and 4a)

Model 3a Model 4a
(N=407) (N=310)
Panel A: Predicted Probabilities (%)
Male Non-STEM 23.3 23.5
(3.8) (4.6)
Male STEM 29.1 28.7
(4.3) (4.8)
Female Non-STEM 30.4 27.8
(4.3) (4.9)
Female STEM 30.4 31.4
(5.3) (5.1)

18Recall that rank ranges from 1 (winner) to 4 (last place), so a one-point increase in believed rank (i.e. believing one
performed worse) decreases the probability of competing by about 10-11 percentage points.
19The regressions results are reported in [Appendix G
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Panel B: Key Pairwise Differences (p.p.)

Female STEM — Male STEM +1.3 —+2.7
(6.9) (7.2)

[p=0.85] [p=0.71]
Female STEM — Male Non-STEM +7.1 +7.9
(6.6) (6.8)

[p=0.28] [p=0.25]

Note: Panel A shows the predicted probability (%) of choosing the competitive payment scheme for each subgroup.
Panel B shows the corresponding pairwise differences in percentage points (p.p.). Standard errors are in parentheses;
p-values in brackets. Both Model 3a and Model 4a include the same covariates as Models 3 and 4, respectively, with the

addition of an interaction between Female and STEM.

The results in Table [5| indicate that, once these covariates are accounted for, female STEM participants
do not differ significantly from men (whether in STEM or not) in their probability of entering competition.
All pairwise comparisons of marginal effects yield p-values above the conventional thresholds for statistical
significance. Hence, we do not find evidence that women in STEM fields are more likely to choose the

competitive payment scheme than men.

5.3 Participants’ performance
5.3.1 Payoffs and maximum positions reached by treatment and gender

Table [6] reports average payoffs and maximum positions reached by gender and treatment for each of the
three stages. While there are no significant differences between men and women in the Piece Rate and
Tournament stages as for the payoffs, a marginally significant gap arises in the Choice stage, with men
earning more points than women overall. At the treatment level, this marginal significance is present only
in the Gain treatment and not in GainéfLoss. Notably, men’s payoffs also exceed women’s in earlier stages
and both treatments, but these differences are never statistically significant.

Turning to the maximum position reached by participants, gender differences are statistically significant
in the Gain treatment during both the Tournament and Choice stages. Women tend to reach positions
farther from their initial ones compared to men. Consistently, across all stages and Treatments—except
for the Gain & Loss treatment in the piece-rate stage—women systematically reach positions farther from
their initial ones than men. However, these differences are never statistically significant in the Gain & Loss
treatment.

To sum up, women tend to earn fewer points than men and reach positions farther from their initial ones
in the Gain Treatment. These results suggest that women underperform relative to men due to a tendency

to over-explore in the Gain Treatment, whereas no gender differences in overall performance are observed in
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the Gain & Loss Treatment.
Since a closed-form solution to the exploit-explore dilemma participants face in our game does not exist,
we employed a reinforcement learning model to derive a benchmark outcome. This benchmark allows us

to further evaluate participants’ performance by comparing it to their output in the piece-rate stage of the

game, where no strategic interaction occurs among participants.

Table 6: Payoff and Maximum Position, by Gender, Treatment and Stage (Two-Sided p-values)

Payoff Max Position

Men Women p-value Men ‘Women p-value

(SE) (SE) (SE) (SE)
Piece Rate
Gain 836.64 (17.60) 828.57 (15.15) 0.7288 32.16 (1.59) 35.03 (1.71) 0.221
Gain & Loss 880.05 (13.03) 867.69 (13.72) 0.5141 30.58 (1.56) 30.23 (1.65) 0.876
Overall 858.45 (11.01) 847.94 (10.30) 0.4867 31.37 (1.11) 32.65 (1.20) 0.432
Tournament
Gain 920.44 (13.78) 894.82 (13.16) 0.1803 31.73 (1.81) 38.09 (1.72) 0.012
Gain & Loss 912.95 (16.20) 896.09 (14.54) 0.4408 29.98 (1.73) 31.78 (1.73) 0.462
Overall 916.68 (10.62) 895.45 (9.77) 0.1426 30.85 (1.25) 34.97 (1.24) 0.020
Choice
Gain 961.89 (11.10) 929.83 (14.73) 0.0829 32.37 (1.92) 39.67 (1.84) 0.007
Gain & Loss 947.35 (13.32) 929.43 (12.41) 0.3273 33.31 (1.86) 34.01 (1.90) 0.792
Overall 954.58 (8.67) 929.63 (9.62) 0.0544 32.84 (1.33) 36.87 (1.33) 0.033
Notes: Reported values are the means of payoff and max position (with standard errors in parentheses) for “Gain”, “Gain &

Loss” and “Overall” (pooled). Each row compares Men vs. Women. All p-values are two-sided from two-sample t-tests.

5.3.2 Reinforcement-learning benchmark in the piece-rate stage

We trained two reinforcement learning models, Q Learning and SARSA, to build a numerical benchmark
for the first stage of the Grain Game. Each model plays the role of the farmer who learns through trial and
error to maximise total points. At every slot, the farmer can retreat by moving one step left, exploit by
planting in the same slot, or ezplore by moving one step right. The payoff in a slot equals the deterministic
value of the underlying sequence plus a zero-mean random fluctuation, mirroring de facto the experimental
conditions for the piece-rate stage (see Section |3)).

The two models are trained on a grid of 1728 parameter combinations. Each combination runs for
10000 learning episodes followed by 5000 test episodes. The full algorithmic details, grid search procedure,
additional observations as well as the top performing configurations appear in We use the
resulting outcomes as reference points to evaluate human performance, both in terms of final payoff and the

maximum position achieved. We keep the configuration that attains the highest average payoff for each of
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the six payoff sequences. Recall that the first three sequences refer to the Gain Treatment, while the others
refer to the Gain & Loss Treatment P9

Table reports these six benchmarks both in terms of final payoff and maximum position achieved (second
and sixth columns, respectively). Those outcomes are compared to the average experimental payoffs and
the average maximum position achieved for male and female participants in each sequence of the piece-rate
stage@ Participants fall short of the benchmark in all sequences except sequence 4, where they exceed it
by about 350 points@ Since the algorithm’s performance is unreliable in this sequence, we refrain from
commenting on sequence 4.

When comparing human performance to the benchmark, we find that—excluding sequence 4—the bench-
mark payoff consistently exceeds that of the participants. Regarding the maximum position reached, we
observe statistically significant deviations from the benchmark: over-exploration in sequences 3 and 6, with
women tending to over-explore more than men, and under-exploration in sequence 5.

Across sequences, the difference in payoffs between male and female participants never exceeds approxi-

mately 40 points, and none of these differences is statistically significant.

Table 7: Piece-rate performance relative to reinforcement-learning (RL) benchmarks

Payoff Maximum position
Seq RL Gap: Overall Gap: Men Gap: Women RL Gap: Overall Gap: Men Gap: Women
bench. bench.
1 808.90 -62.43™" -61.92 -62.97" 35 -2.67 -3.38 -1.90
(22.10) [87] (34.07) [45] (28.04) [42] (1.82) [87] (2.66) [45] (2.49) [42]
2 933.68 -85.13""" -74.53™" -95.35""" 29 2.93 2.07 3.75
(14.58) [55] (21.21) [27] (20.23) [28] (2.36) [55] (3.19) [27] (3.51) [28]
3 966.64 -36.61""" -29.20™" -44.02"" 25 11.517"" 8.74™" 14.29™""
(8.37) [68] (9.94) [34] (13.49) [34] (1.99) [68] (2.51) [34] (3.05) [34]
4 509.22 351.99""" 362.63""" 341.35""" 43 -7.64"" -8.30"" -6.97"
(24.23) [66] (34.34) [33] (34.61) [33] (1.85) [66] (2.42) [33] (2.84) [33]
5 944.08 -100.67""" -83.81""" -120.08""" 41 -14.08™"" -12.7177 -15.67"""
(12.03) [71] (16.79) [38] (16.85) [33] (1.94) [71] (2.72) [38] (2.78) [33]
6 977.57 -61.64""" -69.13""" -54.16""" 15 14.317"" 14.22"" 14.39"""
(9.21) [72] (13.75) [36] (12.31) [36] (1.96) [72] (2.86) [36] (2.72) [36]

Note. The RL benchmark payoff is the return generated by the best performing reinforcement learning algorithm described in
The maximum-position benchmark is the furthest position reached by the same algorithm in each sequence. Each gap
equals the experimental value minus the corresponding RL benchmark. Stars indicate two-sided t-test significance: * p < 0.05 **

p < 0.01 *** p < 0.001. Standard errors are in parentheses and observation counts in brackets.

20See |[Appendix B|for a description of the payoff sequences.

21Note that the information presented in Table |7 differs from that in Table @ as the former reports performance by stage
and treatment, while the latter reports performance by sequence.

22Both algorithms learn poorly in sequence 4, so the positive gap there reflects a weakness of the benchmark rather than
exceptional human performance.
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6 Discussion

The findings challenge our initial expectations regarding gender differences in exploration (Hypotheses 1).
Contrary to the notion that women explore less, we observe that, in the Gain treatment, women explore
significantly more often than men, especially in the Tournament and Choice stages. Yet, when the possibility
of negative payoffs is introduced (Gain & Loss), no gender difference arises. Random-effects multinomial logit
estimates confirm that in Gain environments, being female substantially increases the likelihood of exploring
rather than exploiting, whereas under Gain & Loss the net gender effect disappears. Hence Hypothesis 1 is
not supported. Furthermore, the data provide no evidence that competition, once risk and loss aversion are
taken into account, spurs more exploration (Hypothesis 2).

Regarding entry into competition, our descriptive statistics show that in the Gain treatment women are
less likely to choose the competitive scheme than men (21% vs. 36%). By contrast, there is no gap in the
Gain & Loss treatment (27% vs. 28%). Once we control for risk preferences, loss aversion, self-assessed rank
(i.e. confidence in own performance), and other characteristics, the gender gap in the Gain setting vanishes,
indicating that differences in confidence, risk attitudes, and other individual traits can fully explain the raw
difference in women’s propensity to compete. This finding does not support the idea that women remain less
likely to compete once individual-level heterogeneity is taken into account (Hypothesis 3). We also do not
detect any evidence that women in STEM fields are more competitive than men (Hypothesis 5), since adding
an interaction between being female and studying a STEM major yields no significant effect. The absence
of a gender gap in competition contrasts with the results documented in [Niederle and Vesterlund| [2007] and
subsequent studies, such as Niederle and Vesterlund| [2011] and [Buser et al.| [2014]. A possible explanation
for this divergence lies in the specific task employed in our experiment, which differs substantially from the
addition tasks used in Niederle and Vesterlund| [2007] and the majority of studies replicating that paradigm.
Our task was designed to be more abstract and gender-neutral, as suggested by [Shurchkov| [2012] and |Gneezy
et al.| [2009], to minimize stereotype-related effects and ensure equal comfort across genders. This design
choice may have mitigated the gendered behaviours typically observed in tasks perceived as stereotypically
male-oriented.

Finally, we find substantial support for the influence of risk preferences, loss aversion, and cognitive or
personality traits on both exploration and competition decisions (Hypothesis 6). Participants who are more
risk-averse or more loss-averse generally explore less and show a lower inclination to enter competition.

Although we did not initially formulate a specific assumption regarding this aspect, our findings reveal
slight differences in payoffs between women and men across the stages and treatments of the game, consis-

tently favouring men. However, the gender gap in payoffs reaches statistical significance at the 10% level

26



only in the Choice stage of the Gain treatment. Examining the maximum position reached by participants,
we observe that women systematically reach positions farther from their initial ones than men, except in
the Gain & Loss treatment during the piece-rate stage. Since women tend to earn fewer points than men
and reach positions farther from their initial ones in the Gain treatment, this underperformance may be
attributed to a tendency to over-explore in that treatment. Comparison with the benchmark performance
derived from reinforcement learning models supports these observations.

The observed pattern raises the question of why women explore more in the Gain treatment, despite not
achieving higher payoffs. One possibility is that women place greater value on the informational benefits
of exploration when no losses are possible, which may lead them to search more persistently. Another
explanation is that men may adopt lower thresholds for satisficing, exploiting earlier once a satisfactory
option is identified, whereas women continue to search. Our design does not allow us to distinguish between
these mechanisms, but the evidence is consistent with the idea that gender differences in exploration are not
solely attributable to standard risk preferences.

A limitation of our design is that it does not include belief elicitation or direct measures of curiosity, which
would allow a cleaner separation between information-seeking motives and risk attitudes.

Overall, our analysis suggests that gender differences in exploratory and competitive behaviour are pri-
marily driven by differences in beliefs and preferences, rather than inherent gender traits. Interestingly, all
gender differences disappear in the Gain € Losses treatment, where men and women exhibit similar be-
haviours at all stages. In this treatment, the effect acts in opposite directions for men and women: it reduces
men’s willingness to compete while increasing women’s willingness to compete compared to the Gain Only

treatment. This dynamic completely eliminates the gender gap in the willingness to compete.

7 An application: jobseekers’ behaviours

In most countries, girls achieve higher academic performance than boys during their school years [Del Pero
and Bytchkova, 2013]. Later in life, women attain higher levels of education than men [Bertrand [2020] and,
in many countries, surpass men in college achievementﬁ Despite these educational advantages, women are
less likely to be employed than men, and when employed, they earn less |[Bertrand} 2020].

To explain the early gender gaps emerging in the labor market, even among young workers with compara-
ble academic skills and backgrounds, recent research has highlighted gendered preferences for job attributes.
Women are more likely to seek family-friendly occupations with shorter commuting times (e.g., |Le Barban-

chon et al., |2021; [Fluchtmann et al., |2024). Additionally, studies have emphasized gender differences in

23See, for example, |Conger and Long| [2010] for the USA; |Piazzalungal [2018] and |Bovini et al.| [2024] for Ttaly; [Verbree et al.
|2023| for the Netherlands; and |Carroll [2023] for the UK.
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personality traits, with women generally being more risk-averse, less willing to compete, and less confident
compared to men (e.g., Vesterlund} [1997; [Flinn et all 2020). Among high-skilled young graduates, |Cortés
et al|[2023] find a clear gender difference in the timing of job offer acceptance, with women accepting jobs
substantially earlier than men. The authors show that gendered job search strategies are driven by differ-
ences in risk preferences and overconfidence. Women, being more risk-averse, tend to have lower reservation
wages, begin their job search earlier, and accept offers sooner. Conversely, men exhibit greater optimism
regarding potential job offers, maintain higher reservation wages, and delay acceptance. The empirical evi-
dence provided by [Cortés et al.| [2023] is further supported by findings from a laboratory experiment designed
to test the previous intuition. In their setup, job seekers are uncertain about their skills and choose their
reservation wages over multiple rounds.

Our intuition is that, beyond risk aversion and (under)confidence, inefficient job search behaviors could
also stem from less effective strategies for navigating explore—exploit tasks. This dimension has received little
attention so far. Although stylized and abstract, our lab experiment offers a novel perspective on such tasks,
possibly complementing the evidence in |Cortés et al. [2023]. In addition, our study may provide insights
into whether gender differences in individual traits—such as willingness to compete—play a role in shaping
behaviors in explore—exploit tasks.

For the reasons discussed above, we expected women to engage less in exploration during the ex-
plore—exploit task. Contrary to this expectation, we find that women tend to over-explore. In the Gain
treatment, this pattern is accompanied by a gender gap in payoffs that disadvantages women, suggesting
that inefficiencies arise not from under-exploration but rather from excessive exploration.

Several factors could explain this result. It is possible that our experiment, being abstract and stylized,
fails to capture the complexities of the labor market setting. Alternatively, crucial real-world factors not
accounted for in the lab experiment, such as social norms influencing job market behaviour (e.g., societal
expectations regarding men’s and women’s roles), may play a significant role. Additionally, factors related
to the employer side of the labor market could shape job seekers’ behaviours in ways not reflected in our
experimental design.

On a positive note, our findings reveal that in the Gains and Losses treatment, all gender disparities
disappear, with men and women exhibiting equal behaviour and performance in the explore-exploit task.
Notably, the gap in willingness to compete is entirely eliminated for women from all academic backgrounds,
including STEM and humanities. This result is particularly intriguing, as it suggests that a riskier, high-
stake framework involving both gains and losses curtails women’s tendency to overexplore and mitigates their
reluctance to compete. This pattern echoes the “gender-equality paradox” in STEM fields documented by

Stoet and Geary| [2018], who explore the relationship between gender equality and women’s representation
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in STEM disciplines. They show that countries with higher levels of gender equality have lower percentages
of female STEM graduates. As a possible explanation, the authors propose that in wealthier, gender-equal
countries, women are more likely to pursue careers aligned with personal preferences. Conversely, in poorer,
less gender-equal countries, economic necessity drives women toward STEM fields due to their higher earning
potential and career opportunities.

In the next section, we discuss policy implications inspired by the finding that environments with greater
risks and high stakes reduce gender gaps. Proposed policies include career counselling programs emphasizing
the high-stakes nature of early career decisions, mentorship initiatives to guide young women in navigating

high-reward paths, and public awareness campaigns highlighting the long-term impact of initial job choices.

8 Conclusion

Our study explores gendered decision-making behaviours in the context of explore-exploit tasks, a topic
that has been neglected in the extensive literature on gender gaps in economic behaviours and outcomes.
Developmental psychology highlights how internalized gender norms and early childhood experiences shape
individuals’ preferences and attitudes, forming the foundation of their decision-making processes. From
a young age, girls are taught to be “well-behaved,” while boys are encouraged to be “brave,” reinforcing
gendered expectations that influence behaviour later in life (Fulcher and Coyle| [2011] and [Francis| [2010],
among many others). Building on these insights, we expected that women might explore less than men
and specifically underexplore. Contrary to this intuition at the basis of our pre-registered hypothesis, our
findings reveal that in gain-only environments, women engage in exploration more frequently. However,
this heightened exploration does not translate into better outcomes. Women earn less despite their greater
exploratory efforts, pointing to overexploration: they explore too much to fully exploit known alternatives
but not enough to discover and capitalize on unknown prospects. Notably, the sizeable female—male gap
that remains in the Gain treatment, even after we control for individual risk and loss aversion, points to a
learning-driven exploration motive rather than to differential risk preferences. This interpretation resonates
with evidence that exploration is not reducible to risk tolerance but is also driven by information-seeking
and uncertainty reduction [Wilson et al.l 2014, [Knox et al.| 2012]. While our design does not allow us to pin
down the precise mechanisms, one possibility is that women assign greater value to information in low-stakes
environments, resulting in more persistent search. Alternatively, the gap may reflect different thresholds for
satisficing, with men exploiting earlier while women continue exploring.

Interestingly, when the possibility of losses is introduced, all observed gender differences in exploration

and competition behaviours disappear, underscoring the critical role of environmental framing in shaping
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behavioural patterns. These results suggest that gender disparities in decision-making often reflect differences
in beliefs and preferences rather than inherent behavioural differences.

Future research should investigate whether alternative contexts or additional social and psychological
factors amplify or mitigate these dynamics. Exploring such factors could provide a deeper understanding of
the mechanisms behind gendered behaviours in high-stakes environments.

Our most striking result is the complete elimination of gender gaps, in both behaviours and outcomes, in
riskier, high-stakes environments with gains and losses. Such settings appear to reduce women’s tendency to
overexplore while fostering equal participation in competition across genders. This outcome offers valuable
insights for policy interventions aimed at promoting gender equality in competitive domains.

These findings are not only of theoretical relevance but also have practical implications for real-world
explore—exploit problems. A particularly salient example is job search, where individuals must balance
searching for better opportunities with exploiting existing ones.

A large body of empirical evidence documents gender gaps in labor market outcomes (among many
others, [Bertrand| [2020], |Le Barbanchon et al.|[2021]). Other papers emphasize that those gaps emerge from
the very beginning: despite outperforming men academically, women face disadvantages in employment
rates, salaries, and the quality of job positions from their initial entry into the workforce (Piazzalunga,
[2018], [Bovini et al.| [2024], |Cortés et al. [2023]). Inefficient search strategies among women may partially
explain this phenomenon. In this respect, our findings suggest that gender gaps in search strategies could
be mitigated by emphasizing the high-stakes nature of early labor market entry to job applicants.

This could be achieved through targeted interventions in schools and universities, such as career coun-
selling programs that focus on the high-stakes implications of initial career choices, guiding young women in
selecting roles and industries strategically. These programs could provide detailed insights into salary tra-
jectories, job security, and career progression, emphasizing how these decisions shape long-term outcomes.
Mentorship programs pairing women with experienced professionals could highlight the risks and rewards of
different career paths, offering personalized advice to navigate high-stakes early decisions effectively. Public
awareness campaigns could further stress that initial career choices carry significant long-term consequences,
aligning with the high-stakes framework of gains and losses. By equipping women with the tools and knowl-

edge to approach these critical decisions, such initiatives could improve early career choices.

Declaration of generative AI and Al-assisted technologies in the writing process

During the preparation of this work, the authors used ChatGTP 5 to improve language and readability,
with caution. After using this tool, the authors reviewed and edited the content as needed and took full

responsibility for the content of the publication.
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Appendix A

8 bless-c002 (152166.1.102.

- senicemode
SEBTELOOTMUTEN

THE GRAIN GAME

Figure A.1: Grain Game interface under the Gain treatment.

8 bless-<003 (192.168.1.103) - service mode
sEBgcALoOEMUTBN

THE GRAIN GAME

Figure A.2: Grain Game interface under the Gain & Loss treatment.
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Appendix B

The payoff sequences used in the experiment were generated using a random walk process, with errors drawn
from a normal distribution A(0,2). These sequences were designed to reward exploration by ensuring that
the global maximum of every sequence was placed in the second half of the field.

The sequences for the Gain treatment are shown below:

e S1: {7,7,7,5,0,3,2, 1,4,5, 8,4, 7,9, 10, 10, 12, 15, 18, 17, 17, 16, 12, 12, 11, 12, 13, 13, 11, 13
15,17, 15, 17, 17, 18, 16, 18, 17, 18, 18, 19, 22, 25, 23, 18, 20, 19, 20, 23, 24, 23, 23, 21, 24, 25, 25, 24,
23, 23, 23, 20, 19, 22, 21, 20, 17, 15, 17, 17}

e S2: {11,8,5,8,9, 11, 12, 13, 14, 11, 16, 15, 11, 10, 6, 7, 7, 10, 12, 13, 13, 11, 13, 13, 12, 11, 12, 10
12, 12, 15, 14, 14, 13, 16, 13, 13, 15, 14, 16, 16, 13, 16, 15, 16, 20, 20, 21, 24, 23, 23, 23, 24, 25, 24, 22,
21, 18, 17, 17, 18, 18, 17, 19, 19, 18, 20, 17, 15, 19}

o S3: {7, 10, 14, 14, 15, 12, 13, 14, 15, 11, 12, 11, 12, 11, 12, 9, 10, 8, 9, 13, 13, 12, 15, 17, 13, 13, 16
16, 13, 15, 17, 14, 16, 16, 17, 14, 14, 15, 15, 15, 18, 16, 11, 12, 13, 13, 11, 12, 10, 11, 12, 13, 14, 13, 15
20, 22, 23, 25, 24, 21, 20, 21, 23, 20, 19, 19, 17, 14, 11}

The payoff sequences for the Gain & Loss treatment are derived by subtracting 10 points from the
respective Gain sequences. For example:

e S4 (Gain & Loss sequence derived from S1): {-3, -3, -3, -5, -10, -7, -8, -9, -6, -5, -2, -6, -3, -1, 0,
0,258 776,22 1,23,3,1,3 575 778,68 7,889, 12, 15,13, 8 10, 9, 10, 13, 14, 13,
13, 11, 14, 15, 15, 14, 13, 13, 13, 10, 9, 12, 11, 10, 7, 5, 7, 7}

Figure below provides a visual representation of the three payoff sequences for the Gain treatment,
with a horizontal line at Payof f = 10. The threshold marks the transition point to negative payoffs in the
Gain & Loss treatment, where a -10 offset was applied.

Payoff

Position

Figure B.1: Payoff sequences for the Gain treatment with a threshold line at Payoff = 10. Note: The
threshold indicates the transition to negative payoffs in the Gain & Loss treatment, where a -10 offset was
applied to all values.
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Appendix C

This appendix provides illustrations of the interfaces used for the Loss Aversion Task (Figure and the
Bomb Risk Elicitation Task (BRET) (Figure [C2)).

1 56 d it b ses pendi 3 sern we i sosltady § ooce wincl Besre T Fion lncae T Lancm
7 Se i itz & teets, perdi D sero 0s i imekaia § oocs, vincl Cawrs C Bmieoew © Leew

R pardi 4 suro. § o, -~ ]

4 Br i waillale i ek, i § ewrn el sllady & oo, wined Bewes O MEALGGES L

B 5 1 i 4 b 6 e i 8 ety oo, bl s L

5 S akain Do, pueecl T s, e, - ~ Lancin

Figure C1: Screen for the Loss Aversion Task. Note: Participants decided whether to accept or reject
monetary gambles with potential gains and losses.

Quante celle vuoi colorare di rosso?

Figure C2: Screen for the Bomb Risk Elicitation Task (BRET). Note: Participants could adjust the number
of red cells by selecting cells with their mouse and confirm their choice by clicking ” Confirm”.
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Appendix D

In Table we present the summary statistics for the main variables used in our analysis. The Cognitive
Reflection Test (CRT) is measured following [2005], where a higher score indicates a greater
tendency for reflective thinking rather than relying on intuitive responses. We define and construct the TIPI
(Ten-Item Personality Inventory) as in |Gosling et al| [2003], which captures concise measures of the Big
Five personality traits. The measure of Loss Aversion (Aoss) follows (Gachter et al.| [2022], where higher
values indicate stronger aversion to losses; any non-monotonic decisions in this task are coded as missing
observations, consistent with |Gachter et al. [2022]. Finally, our measures of risk attitudes (Risk (Bret) and
Risk (Self-Reported)) are such that higher values reflect lower levels of risk aversion.

Table D1: Descriptive statistics by Gender

Overall Men ‘Women 1
(N=419) (N=213) (N=206) p-value
Age 0.003
Mean (SD) 24.25 (3.33) 24.73 (3.68) 23.76 (2.85)
Median [Min, Max] 24.00 [18.00, 52.00] 24.00 [19.00, 52.00] 24.00 [18.00, 41.00]
Missing 3 3
CRT < 0.001
Mean (SD) 1.64 (1.10) 1.97 (1.02) 1.30 (1.09)
Median [Min, Max] 2.00 [0.00, 3.00] 2.00 [0.00, 3.00] 1.00 [0.00, 3.00]
Missing 3 1 2
GPA 0.2
Mean (SD) 3.93 (0.87) 3.87 (0.91) 3.98 (0.82)
Median [Min, Max] 4.00 [1.00, 5.00] 4.00 [1.00, 5.00] 4.00 [2.00, 5.00]
Missing 3 2 1
Risk (Self-Reported) 0.6
Mean (SD) 5.39 (1.83) 5.44 (1.94) 5.35 (1.73
Median [Min, Max] 5.00 [0.00, 10.00] 5.00 [0.00, 10.00] 5.00 [1.00, 10.00]
Missing 1 1 0
Risk (Bret) 0.2
Mean (SD) 46 (17) 45 (17) 48 (17)
Median [Min, Max] 49 [1, 100] 46 [1, 100] 50 [1, 100]
Missing 62 31 1
Agreeableness 0.033
Mean (SD) 5.01 (1.11) 4.89 (1.12) 5.13 (1.10)
Median [Min, Max] 5.00 [1.50, 7.00] 5.00 [2.00, 7.00] 5.00 [1.50, 7.00]
Missing 1 1 0
Eaxtraversion 0.031
Mean (SD) 3.90 (1.54) 3.74 (1.47) 4.07 (1.60)
Median [Min, Max] 4.00 [1.00, 7.00] 3.50 [1.00, 7.00] 4.00 [1.00, 7.00]
Missing 1 1 0
Conscientiousness 0.066
Mean (SD) 5.07 (1.33) 4.96 (1.29) 5.19 (1.35)
Median [Min, Max] 5.50 [1.00, 7.00] 5.00 [1.50, 7.00] 5.50 [1.00, 7.00]
Missing 1 1 0
Emotional Stability < 0.001
Mean (SD) 4.05 (1.3 4.38 (1.37) 3.70 (1.31)
Median [Min, Max] 4.00 [1.00, 7.00] 4.50 [1.00, 7.00] 3.50 [1.00, 7.00]
Missing 1 1 0
Openness < 0.001
Mean (SD) 4.90 (1.1 4.67 (1.06) 5.14 (1.19)
Median [Min, Max] 5.00 [1.50, 7.00] 4.50 [2.00, 7.00] 5.00 [1.50, 7.00]
Missing 1 1 0
Competitiveness (self- < 0.001
reported)
Mean (SD) 5.89 (2.40) 6.48 (2.27) 5.29 (2.39
Median [Min, Max] 6.00 [0.00, 10.00] 7.00 [0.00, 10.00] 5.00 [0.00, 10.00]
Missing 1 1 0
Aloss 0.2
Mean (SD) 1.77 (0.65) 1.81 (0.71) 1.72 (0.57)
Median [Min, Max] 1.50 [0.86, 4.00] 2.00 [0.86, 4.00] 1.50 [0.86, 4.00]
Missing 100 46 54
Rank Belief 0.006
Mean (SD) 2.08 (0.81) 1.97 (0.86) 2.19 (0.74)
Median [Min, Max] 2.00 [0.00, 4.00] 2.00 [0.00, 4.00] 2.00 [1.00, 4.00]
Born in Italy 389 (93%) 198 (93%) 191 (93%) 0.8
Missing 1 1 0
STEM 159 (39%) 95 (46%) 64 (31%) 0.003
Missing 7 5 2
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Notes: p-values in the last column reflect a Men vs. Women comparison. They come from Two Sample t-tests for
continuous variables or Pearson’s Chi-squared tests for categorical variables.

Appendix E

Table E1: Final and Max Position, by Gender, Treatment and Stage

Final Position Max Position

Men ‘Women p-value Men Women p-value

(SE) (SE) (stars) (SE) (SE) (stars)
Piece Rate
Gain 30.74 (1.69) 33.67 (1.82) 0.238 32.16 (1.59) 35.03 (1.71) 0.221
Gain & Loss 29.10 (1.63) 28.71 (1.74) 0.868 30.58 (1.56) 30.23 (1.65) 0.876
Overall 29.92 (1.17) 31.21 (1.27) 0.452 31.37 (1.11) 32.65 (1.20) 0.432
Tournament
Gain 30.32 (1.90) 36.93 (1.81) 0.013 31.73 (1.81) 38.09 (1.72) 0.012
Gain & Loss 28.67 (1.79) 30.68 (1.80) 0.431 29.98 (1.73) 31.78 (1.73) 0.462
Overall 29.49 (1.30) 33.83 (1.29) 0.019 30.85 (1.25) 34.97 (1.24) 0.020
Choice
Gain 31.03 (2.01) 38.75 (1.92) 0.006 32.37 (1.92) 39.67 (1.84) 0.007
Gain & Loss 32.34 (1.92) 32.75 (2.00) 0.883 33.31 (1.86) 34.01 (1.90) 0.792
Overall 31.69 (1.39) 35.78 (1.40) 0.039 32.84 (1.33) 36.87 (1.33) 0.033

Notes: Reported values are means of Final Position and Max Position, with standard errors in parentheses. All p-values come
from two-sample t-tests comparing Men vs. Women within each row. “Overall” pools Gain and Gain & Loss within each stage.

Table E2: Explore Percent, by Gender, Treatment and Stage

Explore Percent

Men ‘Women p-value
(SE) (SE)
Piece Rate
Gain 0.526 (0.021) 0.560 (0.024) 0.284
Gain & Loss 0.507 (0.022) 0.519 (0.022) 0.697
Overall 0.516 (0.015) 0.540 (0.016) 0.293
Tournament
Gain 0.494 (0.026) 0.583 (0.025) 0.014
Gain & Loss 0.483 (0.024) 0.517 (0.024) 0.311
Overall 0.488 (0.018) 0.550 (0.017) 0.013
Choice
Gain 0.492 (0.028) 0.606 (0.025) 0.003
Gain & Loss 0.525 (0.026) 0.532 (0.027) 0.842
Overall 0.509 (0.019) 0.569 (0.019) 0.023

Notes: Reported values are the mean fraction of rounds in which participants explored, with standard errors in
parentheses. All p-values come from two-sample t-tests comparing Men vs. Women in each row. “Overall” pools
Gain and Gain & Loss within each stage.
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Appendix F

Table F1: Random Effects Multinomial Logistic Results for Move (Piece Rate Stage)

Dependent Variable Move (Baseline = Ezploit)

Model A1l Model B1 Model C1
Retreat Explore Retreat Explore Retreat Explore
Female 0.949 1.162 0.969 1.339 1.060 1.559
(0.242) (0.253) (0.268) (0.310) (0.371) (0.432)
Gain € Loss 1.099 0.936 1.079 0.970 1.135 1.155
(0.291) (0.200) (0.303) (0.212) (0.371) (0.288)
Female x (Gain € Loss) 1.511 0.968 1.547 0.977 1.463 0.847
(0.543) (0.298) (0.567) (0.304) (0.652) (0.311)
Lag Payoff 0.846*** 0.853*** 0.845*** 0.850***  0.826***  0.819***
(0.013) (0.015) (0.014) (0.015) (0.017) (0.018)
Threshold 0.470*** 0.604*** 0.470*** 0.589***  0.544***  0.622***
(0.060) (0.064) (0.061) (0.063) (0.075) (0.076)
Risk (self-reported) - - 0.966 1.030 - -
(0.057) (0.049)
Risk (Bret) - - - - 1.006 1.006
(0.007) (0.006)
Aloss - - - - 0.645" 0.646**
(0.112) (0.089)
Competitiveness (self-reported) - - 0.946 1.037 0.936 1.031
(0.042) (0.039) (0.047) (0.042)
CRT - - 1.170 1.086 1.357** 1.261*
(0.109) (0.088) (0.146) (0.123)
Extraversion - - 1.085 0.974 1.025 0.922
(0.070) (0.051) (0.078) (0.055)
Agreeableness - - 1.114 1.173" 1.073 1.184"
(0.107) (0.088) (0.120) (0.100)
Conscientiousness - - 1.069 0.856™ 1.051 0.827**
(0.080) (0.053) (0.091) (0.060)
Emotional Stability 0.972 0.939 1.068 0.985
(0.070) (0.059) (0.087) (0.069)
Openness - - 0.949 0.922 1.040 0.947
(0.089) (0.068) (0.112) (0.075)
GPA - - 0.836 0.916 0.810 0.950
(0.094) (0.086) (0.103) (0.094)
Born in Italy - - 0.804 0.491 0.511 0.482
(0.348) (0.199) (0.225) (0.213)
Age - - 1.035 1.052 1.080 1.105%**
(0.032) (0.037) (0.042) (0.032)
STEM - - 0.926 1.080 0.935 1.144
(0.185) (0.180) (0.222) (0.214)
Constant 1.168 13.093*** 0.739 12.540" 0.438 6.791
(0.320) (3.387) (1.004) (15.518) (0.707) (9.140)
Model Statistics
Observations 28,492 27,676 21,080
Number of Groups 419 407 310
Wald x2 136.51 188.22 182.36
Log pseudolikelihood —21695.549 —21062.913 —15947.562

Notes: All entries are Relative Risk Ratios (RRRs) from random-effects multinomial logit regressions. Robust standard
errors (clustered at participant level) are shown in parentheses. The dependent variable is Move, and the baseline
(omitted) outcome is Ezploit. Significance levels: *p < 0.05, **p < 0.01, ***p < 0.001.
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Table F2: Random Effects Multinomial Logistic Results for Move (Tournament Stage)

Dependent Variable Move (Baseline = Ezploit)
Model A2 Model B2 Model C2
Retreat Explore Retreat Explore Retreat Explore
Female 1.218 1.530 1.309 1.936* 1.083 2.228%
(0.383) (0.473) (0.450) (0.608) (0.454) (0.881)
Gain € Loss 1.338 0.933 1.454 0.874 1.093 1.030
(0.419) (0.283) (0.487) (0.258) (0.410) (0.357)
Female x (Gain € Loss) 1.018 0.732 0.954 0.666 1.044 0.491
(0.451) (0.313) (0.433) (0.273) (0.555) (0.241)
Lag Payoff 0.771%** 0.763"** 0.768*** 0.759***  0.760***  0.758***
(0.018) (0.018) (0.018) (0.018) (0.020) (0.021)
Threshold 0.397*** 0.670*** 0.399*** 0.681** 0.302*** 0.683*
(0.065) (0.078) (0.066) (0.081) (0.060) (0.105)
Piece Rate Payoff - - 1.000 1.004*** 1.001 1.004***
(0.001) (0.001) (0.001) (0.001)
Risk (Self-Reported) - - 0.911 1.120 - -
(0.061) (0.066)
Risk (Bret) - - - - 1.007 1.007
(0.008) (0.009)
Aloss - - - - 0.551** 0.457***
(0.101) (0.079)
Competitiveness (self-reported) - - 0.946 1.024 0.909 0.987
(0.049) (0.053) (0.054) (0.059)
CRT - - 1.209 1.072 1.237 1.157
(0.136) (0.118) (0.161) (0.149)
Extraversion - - 0.982 0.977 0.948 0.953
(0.076) (0.067) (0.085) (0.076)
Agreeableness - - 1.320" 1.243* 1.320" 1.300"
(0.149) (0.132) (0.166) (0.155)
Conscientiousness - - 0.938 0.949 0.932 0.983
(0.082) (0.076) (0.094) (0.093)
Emotional Stability - - 0.913 0.925 0.914 0.961
(0.075) (0.079) (0.085) (0.092)
Openness - - 0.807 0.835 0.837 0.919
(0.098) (0.088) (0.113) (0.108)
GPA - - 0.989 0.922 1.020 0.983
(0.137) (0.123) (0.161) (0.152)
Born in Italy - - 0.225"* 0.204™* 0.183** 0.157**
(0.121) (0.106) (0.113) (0.105)
Age - - 1.023 1.043 1.024 1.069
(0.036) (0.038) (0.046) (0.050)
STEM - - 0.708 1.122 0.815 1.508
(0.183) (0.258) (0.242) (0.402)
Constant 1.661 58.353*** 9.047 2.578 13.922 2.870
(0.620) (22.630) (15.714) (4.403) (27.148) (5.708)
Observations 28,492 27,676 21,080
Number of Groups 419 407 310
Wald x? 179.50 252.06 199.75
Log pseudolikelihood —18233.956 —17616.035 —13283.393

Notes: All entries are Relative Risk Ratios (RRRs) from random-effects multinomial logit regressions. Robust standard
errors (clustered at participant level) are shown in parentheses. The dependent variable is Move, and the baseline
(omitted) outcome is Ezploit. Significance levels: *p < 0.05, **p < 0.01, ***p < 0.001.
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Table F3: Random Effects Multinomial Logistic Results for Move (Tournament Stage with Compete control)

Dependent Variable Move (Baseline = Ezploit)
Model A3 Model B3 Model C3
Retreat Explore Retreat Explore Retreat Explore
Female 1.140 1.593 1.267 1.932* 1.047 2.217*
(0.367) (0.495) (0.442)  (0.607)  (0.450)  (0.877)
Gain € Loss 1.281 0.954 1.377 0.871 1.010 1.023
(0.403) (0.291) (0.463)  (0.260)  (0.380)  (0.355)
Female x (Gain € Loss) 1.086 0.705 1.037 0.669 1.137 0.496
(0.485) (0.303) (0.475) (0.277) (0.611) (0.244)
Lag Payoff 0.771*** 0.763*** 0.768™** 0.759*** 0.760*** 0.758***
(0.018) (0.018) (0.018)  (0.018)  (0.020)  (0.021)
Threshold 0.397*** 0.670** 0.399*** 0.682** 0.302*** 0.684*
(0.065) (0.078) (0.066) (0.081) (0.060) (0.105)
Compete (Tournament) 0.653 1.311 0.640 0.974 0.414** 0.893
(0.166) (0.296) (0.172) (0.220) (0.138) (0.250)
Piece Rate Payoff - - 1.000 1.004™** 1.001 1.004***
(0.001)  (0.001)  (0.001)  (0.001)
Risk (Self-Reported) - - 0.923 1.121 - -

(0.062) (0.067)

Risk (Bret) - - - 1.010 1.007
(0.008) (0.009)
Aloss - - — - 0.492*** 0.451***
(0.092)  (0.080)

Competitiveness (self-reported) - - 0.962 1.025 0.939 0.992
(0.052)  (0.055) (0.058)  (0.061)

CRT - - 1.217 1.072 1.248 1.159
(0.137)  (0.118) (0.164)  (0.150)

Extraversion — - 0.989 0.977 0.974 0.956
(0.076)  (0.067) (0.087)  (0.076)

Agreeableness - - 1.334* 1.243* 1.371* 1.306™
(0.152)  (0.133) (0.174)  (0.156)

Conscientiousness 0.937 0.949 0.923 0.983
(0.081) (0.076) (0.092) (0.092)

Emotional Stability — — 0.916 0.925 0.932 0.963
(0.075)  (0.079) (0.086)  (0.091)

Openness - - 0.800 0.835 0.828 0.920
(0.097)  (0.088) (0.112)  (0.108)

GPA - — 0.958 0.920 0.954 0.974
(0.135)  (0.124) (0.155)  (0.150)

Born in Italy - - 0.226™* 0.205** 0.182** 0.158**
(0.123)  (0.106) (0.113)  (0.105)

Age - - 1.028 1.043 1.038 1.071
(0.037) (0.038) (0.047) (0.050)

STEM - — 0.722 1.122 0.857 1.509
(0.187)  (0.258) (0.256)  (0.402)

Constant 1.936 52.860*** 7.494 2.535 9.764 2.690

(0.751) (20.931)  (13.025)  (4.353)  (18.887)  (5.374)

Observations 28,492 27,676 21,080
Number of Groups 419 407 310
Wald x?2 185.44 256.03 214.48
Log pseudolikelihood —18232.316 —17615.063 —13280.770

Notes: All entries are Relative Risk Ratios (RRRs) from random-effects multinomial logit regressions. Robust standard
errors (clustered at participant level) are shown in parentheses. The dependent variable is Move, and the baseline
(omitted) outcome is Ezploit. Significance levels: *p < 0.05, **p < 0.01, ***p < 0.001.
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Appendix G

To test whether women attending STEM fields of study are more likely to choose the competitive payment
scheme than men, we augment Equation by adding the interaction term Ss (Femalei xS TEMi). Because
STEM; is already included in the vector of controls X;, the only modification to the original model is the
inclusion of this interaction. Formally, the augmented specification is:

1n<%) = fo + pP1 Female; + B2 GainéiLoss;
+ B (Femalei X Gain@Lossi) + B4 PieceRatePayolff; (G.1)
+ Bs (Female; x STEM;) +~'X; + &,

where X; includes the same additional controls as in Models 3 and 4.
In Table we report the average marginal effects (AMEs) of the regressions estimated from Equa-

tion (G.1)).

Table G1: Logistic Regression Results on the Decision to Compete

Dependent Variable Compete = 1 if Tournament, 0 if Piece Rate
Model: (3a) (4a)
Female 4.70 3.64
(4.74) (5.23)
Gain & Loss -0.30 -0.58
(4.23) (4.80)
Piece rate payoff 0.02 0.01
(0.01) (0.02)
Rank Belief -9.97** -11.88**
(3.06) (3.51)
Risk (self-reported) 2.82* -
(1.27)
Risk (Bret) - 0.31*
(0.14)
Aloss - -12.58**
(4.45)
Competitiveness (self-reported) 3.48%* 3.43%*
(1.02) (1.11)
CRT 1.65 0.91
(2.12) (2.45)
Extraversion 0.89 2.46
(1.49) (1.62)
Agreeableness 2.36 4.25
(2.24) (2.48)
Conscientiousness -0.46 0.12
(1.65) (1.80)
Emotional Stability 1.55 2.19
(1.73) (2.00)
Openness -0.86 0.21
(2.26) (2.53)
GPA -6.66™* -7.40%
(2.52) (2.90)
Born in Italy 6.91 6.12
(7.40) (7.61)
Age 0.72 0.93
(0.71) (0.92)
STEM 3.25 4.53
(4.39) (4.86)
Observations 407 310
Pseudo R? 0.1169 0.1693

Note:™ p < 0.05, 7" p < 0.01, 7" p < 0.001. All entries are average marginal effects (AME), multiplied
by 100, with robust standard errors (also x100) in parentheses.
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Appendix H

This appendix is organized as follows. In Section H.1 we give the full English translation of the instructions
exactly as participants in the Gain&Loss treatment received them (the instructions were provided in written
form and were also read aloud by the experimenter); in Section H.2 we show the concise help popup summary
that appeared when they clicked the “7” icon; and in Section H.3 we report the control questions used to
check participants’ understanding of the task@

H.1 Instructions shown to participants (English translation)

INTRODUCTION
You are participating in a study financed by the University of Bologna. During this study, you will earn a
sum of money determined by the rules described in the following pages. Payment will be made via PayPal
in a confidential manner in the days following the completion of the study.
Today’s study will last approximately 1 hour. The study is composed of 2 parts. Your final earnings will
consist of the earnings obtained in each of the two parts plus 5 Euros as a participation fee.
The rules we will follow to determine your earnings are different in each part, and you will receive the in-
structions for each part in sequence.
It is forbidden to communicate with other participants during the study. If you have any questions, raise
your hand and an assistant will come to your workstation to answer in private.

INSTRUCTIONS PART 1
The first part is composed of 3 stages. At the end of Part 1, the computer will make a random draw and
select one of the 3 stages that will be used to calculate your earnings in Part 1.

PART 1 - STAGE 1: INSTRUCTIONS

In the first stage, you will act as a farmer who has purchased a 70-hectare plot of land for growing wheat.
Unfortunately, you do not know which parts of the land are more fertile (i.e., those capable of producing
more wheat). You have 70 wheat seeds available, and you must decide where to plant them, one after another.

Each planted seed will generate points, and your goal is to obtain the highest number of points possible.

For each seed, you have two choices. You can plant a wheat seed in a hectare of land where you have
never planted anything before (indicated by “?”) or in a hectare where you have already planted. Note that
if you decide to plant the seed in a hectare where you have already sown, you may receive a number of points
slightly different from those you received in the previous turn.

At the end of each turn, you will receive points based on how much wheat has grown in the selected
hectare. In each turn, you can obtain between -10 and 15 points per hectare. Since it is possible to obtain
fewer than zero points, we will give you an initial endowment of 700 points.

On your screen, you will see an image like the one reproduced in Figure 1. At the top, you will see
the total number of accumulated points and the number of seeds left to plant. You can also consult the
instructions by clicking on the “7”.

2470 ensure the task was clearly understood, the experimenter provided the correct answers before the game began.
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Figure 1

HOW TO PLANT THE SEEDS

1. To move right or left, use the arrow keys on your keyboard. Movements are possible one step at a
time, both to the right and to the left.

2. To plant a seed, press the space bar.

3. You can plant each wheat seed in a hectare where you have already planted before, or you can move
to a hectare to the right or to the left. The hectares where you can decide to plant are highlighted with a
“?”_ while those where you have already planted are colored green (if you obtained a positive result) or red
(if you obtained a negative result).

4. You can view the total number of points you have accumulated in the green box at the top left, and
the number of seeds you still have to plant (i.e., remaining turns) in the red box at the top right.

5. You can use the “A” and “D” keys to scroll the field view
Remember: you have 70 wheat seeds available. The first seed has already been planted for you, and you can
see it on your left. You must decide how to plant the remaining 69. Each planted seed will generate points.
In each turn, you can obtain between -10 and 15 points per hectare. Since it is possible to obtain fewer than
zero points, we will give you an initial endowment of 700 points.

EARNINGS FOR STAGE 1

At the end of Stage 1, we will sum all the points you have obtained. If Stage 1 is randomly drawn for
payment in Part 1, you will receive 1 cent of a euro for every point obtained. We will call this payment
system “piece rate.”

Before starting, you will see a screen like the one reproduced in Figure 2, and you must select “NUOVA
PARTITA” ("New Game”).
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\ THE GRAIN GAME
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Figure 2

After that, a screen like the one shown in Figure 3 will appear, and you will have to indicate your gender,
enter the identification code you find at your workstation, and choose the level. For Stage 1, you must choose
the first level and then click “NUOVA PARTITA” ("New Game”).

Figure 3

WHAT HAPPENS NOW?

We will give you a few minutes to answer the control questions at your workstation. If you have any
questions, please raise your hand; an assistant will come to your workstation to answer. After answering any
questions, Stage 1 will begin.

PART 1 - STAGE 2: INSTRUCTIONS

As in the first stage, you will act as a farmer who has purchased a 70-hectare plot of land to grow wheat,
and you will have 70 wheat seeds available to plant one after another. Note that the fertility of the various
hectares will be different from what you encountered in Stage 1, but you can still obtain between -10 and 15
points per hectare, and you will receive a new initial endowment of 700 points.

As in Stage 1, each planted seed will generate points, and your goal is to obtain the highest number of
points possible.

For each seed, you have two choices. You can plant a wheat seed in a hectare of land where you have
never planted anything before (indicated by “?”) or in a hectare of land where you have already planted. If
you decide to plant the seed in a hectare where you have already sown, you may receive a number of points
slightly different from those you received in the previous turn. Each planted seed will generate points, and
in each turn you can obtain between -10 and 15 points per hectare.

EARNINGS FOR STAGE 2
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Payment in this stage depends on your performance relative to the performance of a group of 4 partici-
pants. Groups are formed randomly at the beginning of this stage, and each participant remains in the same
group for the entire duration of this stage and the next stage.

GROUP ALLOCATION

Each group is composed of 4 participants, 2 men and 2 women. The identity of the group members is never
revealed, neither during nor after the study, so all decisions remain anonymous. In Stage 2, your earnings
depend on the number of points you obtain compared to the other three people in your group. The person
in your group who obtains the highest number of points is the winner of the tournament.

The winner receives 4 cents of a euro for every point obtained, while the other participants do not receive
any payment. In the event of a tie, the final ranking is determined by a random draw. We will call this
payment system a “tournament.”

At the end of Stage 2, you will know the total number of points you obtained, but you will not know whether
you were among the tournament winners until the study is completed. If Stage 2 is randomly drawn for
payment, your earnings depend on whether you were the tournament winner or not.

As in Stage 1, you will have to indicate your gender, enter the identification code you find at your worksta-
tion, and choose the level. For Stage 2, you must choose the second level and then click “NUOVA PARTITA”
("New game”).

WHAT HAPPENS NOW?

We will give you a few minutes to answer the control questions at your workstation. If you have any questions,
please raise your hand; an assistant will come to your workstation to answer. After addressing any questions,
Stage 1 will begin.

PART 1 - STAGE 3: INSTRUCTIONS
STAGE 3: ACTIVITY AND EARNINGS
As in the first and second stages, you will act as a farmer who has purchased a 70-hectare plot of land to
grow wheat, and you will have 70 wheat seeds available to plant one after another. Note that the fertility
of the land’s various hectares will be different from what you experienced in Stage 1 and Stage 2, but each
planted seed will generate between -10 and 15 points per hectare. As in the previous stages, you will have a
new initial endowment of 700 points.
In Stage 3, you yourself will choose the payment method you prefer: you can choose piece rate payment (as
in Stage 1) or tournament payment (as in Stage 2).
Summarizing:
e FEarnings in Stage 3 if you choose the Piece Rate scheme: you receive 1 cent for each point accumulated.
e Earnings in Stage 3 if you choose the Tournament scheme: If in Stage 3 you obtain more points than
the person who won the tournament in Stage 2, then you will receive 4 cents for each point (that is, 4 times
the piece-rate payment); otherwise, you will receive no payment. If you obtain exactly the same number of
points as the Stage 2 tournament winner, a random draw will select either you or the other winner. If in
Stage 2 you were the winner, then you have to surpass your own previous score.
The group composition (2 men and 2 women) is the same as in Stage 2. If you choose the Tournament
payment scheme, you will not be informed about the outcome of the tournament until the end of the study.
You will see a screen like the one in Figure 4 below, asking whether you want to choose piece rate payment
or tournament payment for your performance in Stage 3.
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Prima di cominciare...

Inserisci le informazioni richieste:
Genere

Uomo
Identificativo

1874

Livello

Livello 3

Seleziona Modalita di Gioco

Seleziona una modalita

Pagamento piece rate (come nella parte 1)
Pagamento torneo (come nella parte 2)

Figure 4

If Stage 3 is randomly drawn for final payment, your earnings depend on which payment choice you made
and on your performance in this activity.
WHAT HAPPENS NOW?
We will give you a few minutes to answer the control questions at your workstation. If you have any questions,
please raise your hand; an assistant will come to your workstation to answer. After addressing any questions,
Stage 1 will begin.

INSTRUCTIONS FOR PART 2
Part 2 is composed of 2 stages. At the end of Part 2, the computer will make a random draw and select
one of these 2 stages to calculate your earnings in Part 2.

PART 2 - STAGE 1: INSTRUCTIONS

In this stage, you will be asked to make some decisions. The decisions you make affect only your earnings
and have no consequences for other participants. On your computer screen, you will see a table like the one
reproduced in Figure 5 below. The 6 rows correspond to 6 decisions.

Figure 5

For each possible choice, there are different losses associated with a “heads” outcome of a coin toss. If
you decide to toss the coin, you will win if the outcome is tails, according to the amounts shown in Figure
5. If you decide not to toss the coin, you will earn zero.

For example, in decision 4, if you decide not to toss the coin, you get 0. If you decide to toss the coin, you
receive 6 if the result is tails; you get -5 if the result is heads.

If the result you obtain in this stage is negative, we will subtract the losses from your participation fee and
from the other earnings obtained in Part 1.

To determine your earnings in this stage, one of the six rows will be randomly selected by the computer. If
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for the randomly selected row you indicated you want to toss the coin, the coin toss will be made by the
computer, and you will learn your earnings associated with that outcome.

PART 2 — STAGE 2: INSTRUCTIONS

In this stage, you will be asked to make only one decision. The decision you make affects only your earnings
and has no consequences for other participants. On your computer screen, you will see a table of 100 cells,
as shown in Figure 6 below.

Quante celle vuoi colorare di rosso?

Figure 6

Your task is to decide how many cells you want to colour red.
You will receive 10 cents of a euro for each red cell. However, this earning is only potential because, after
you have decided how many cells to colour red, the computer will randomly select one cell (out of the 100
in the table) for each participant.
If a gray cell is selected, you earn 10 cents of a euro for every cell you chose to colour red. If a red cell is
selected, you earn 0 cents of a euro.
To choose how many cells to colour red, you must select them with your mouse. A message will appear
showing the exact number of cells you have decided to colour red. If you are sure of your choice, press
“Conferma” (Confirm); otherwise, press “Cancella” (Cancel) and make another choice.

H.2 Help Icon (“?”) Instruction Recap (English Translation)

At any point during the grain-planting task, participants could click the “?” icon in the top bar to review a
concise summary of the rules. Below is the English translation of that help popup.

49



@ bless-c002 (192.168.1.102) - service mode -
o

EBLRLOOTMUZ BN = [182168.1.101
ISTRUZIONI

-
S~
N

Benvenuto!

In questo gioco vestirai i panni di un agricoltore che ha acquistato un terreno di 70 ettari per coltivare del grano.

Sfor non i quali siano le parti del terreno piu fertili (ossia quelle in grado di produrre piu grano). Hai a
disposizione 69 semi di grano e devi decidere dove piantarli (il primo & gia stato piantato all'inizio del campo). Ogni seme
piantato generera dei punti, e il tuo obiettivo & quello di ottenere il maggior numero di punti ibile. Q avrai pi
Pultimo seme sommeremo il numero dei punti che hai totali etid un i di euro per ogni punto. Per ogni
seme puoi muoverti di un acro a sinistra o destra di quello dove hai piantato per ultimo, opp ril nella zona.
Alla fine di ogni turno puoi ottenere tra 0 e 25 punti per ogni ettaro.

Comandi:

- Usa i tasti freccia (— —) per muoverti da una zona all'altra del campo.

- Premi la barra spaziatrice per piantare un seme nella zona in cui ti trovi.
- Puoi usare i tasti A e D per scorrere la visuale sul campo.

Twndietvo

Figure 7: Instructions recap for the Grain Game (Gain Treatment) as presented after clicking on Help Icon

(47°)

Welcome! In this game, you will take on the role of a farmer who has purchased a 70-hectare
plot of land to grow wheat. Unfortunately, you do not know which parts of the land are the most
fertile (i.e., those capable of producing more wheat). You have 69 wheat seeds at your disposal
and must decide where to plant them (the first one has already been planted at the start of the
field). Each seed planted will generate points, and your goal is to earn as many points as possible.
Once you have planted the final seed, we will add up the total number of points you have scored
and give you one cent of a euro for every point. For each seed, you can move one hectare to the
left or right of where you last planted, or remain in the same area. At the end of each turn, you
can earn between 0 and 25 points for each hectarelfl

Controls: - Use the arrow keys (« —) to move from one area of the field to another. - Press
the space bar to plant a seed in the area you are currently in. - Use the A and D keys to scroll
through the field view.

H.3 Control Questions (English translation)

Below are the control questions participants were asked to check their understanding of the task. The correct
answers were provided by the experimenter before the game began.

Stage 1
1. For each seed planted, how many points can be obtained?

(a) From -10 to 15
(b) From 0 to 25
(¢) From -5 to 25

25«Each hectare” is to be understood as a hectare in which a seed has been planted.
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(d) From -15 to 15
2. In choosing to plant a seed, how is it possible to move in the field?
(a) For each new seed to be planted it is possible to move maximum one hectare at a time either

forward or backward

(b) For each new seed to be planted it is possible to move freely forward and backward, even several
hectares at a time

(¢) For each new seed to be planted it is possible to move one hectare at a time forward, while freely
(even several hectares at a time) backward

(d) For each new seed to be planted it is possible to move one hectare at a time backward, while
freely (even several hectares at a time) forward

3. What is it possible to do for each of the 70 decisions to be made?

(a) Plant one seed at a time while staying in the same hectare or moving only to the right
(b) Plant one seed at a time while staying in the same hectare or moving only to the left

(¢) Plant one seed at a time while staying in the same hectare and moving either to the right or to
the left

(d) Plant several seeds at once
4. How are the earnings of Stage 1 of the first part of the study determined?
(a) The earnings are determined by the sum of the points obtained for each seed planted + 700 points
of initial endowment

(b) The earnings are determined by the highest number of points reached in a hectare + 700 point
of initial endowment

(¢) The earnings are determined by randomly selecting a hectare and using the points obtained in
that case + 700 points of initial endowment

Stage 2
1. Imagine you are the winner of the tournament, how is your payment determined?
(a) T receive 1 cent for each point accumulated

(b) I receive 4 cents for each point accumulated

(¢) I receive 2 cents for each point accumulated
2. Imagine you are not the winner of the tournament, how is your payment determined?

(a) Treceive 1 cent for each point accumulated
(b) I receive 0 cents for each point accumulated

(¢) I receive 2 cents for each point accumulated
3. How many winners are there in the tournament in each group (consisting of 4 participants)?
(a)
(b)
(¢) Only 1, that is the fastest participant to complete the task
(d) Anyone who exceeds the threshold of 500 points

Only 1, that is the participant with the highest score
2, that is the two participants with the highest score

Stage 3
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1. Imagine you have chosen the tournament payment system, how is your payment determined?
(a) Ireceive 4 cents for each point accumulated if the points I obtain in Stage 3 are higher than those
obtained by the winner of the tournament in my group in Stage 2, otherwise I receive 0 cents.

(b) I receive 4 cents for each point accumulated if the points I obtain in Stage 3 are higher than
those obtained by the other members of my group who, like me, chose the tournament in Stage
3, otherwise I receive 0 cents.

(¢) TIreceive 2 cents for each point accumulated if the points I obtain in Stage 3 are higher than those
obtained by the winner of the tournament in my group in Stage 2, otherwise I receive 0 cents.

(d) I receive 2 cents for each point accumulated if the points I obtain in Stage 3 are higher than
those obtained by the other members of my group who, like me, chose the tournament in Stage
3, otherwise I receive 0 cents.

Appendix I

This appendix provides an overview of the reinforcement learning algorithm benchmark and the range of
hyperparameters adopted.

Setup. We treat the Grain Game as a finite, episodic decision problem:
e The state variable s € {0,...,69} is the index of the current planting slot.

e In each decision round ¢, the agent chooses an action a; € {Retreat, Exploit, Explore}. At s =0, the
available actions are limited to {Exploit, Explore}.

e An episode ends after T' = 69 moves. The algorithm plays one of the six sequences, receiving the
corresponding points in each planting slot plus the same zero-mean fluctuation as in the lab (see

Section |3 and [Appendix Bj).
e In the Gain&Loss setting, we add 700 points to the final cumulative reward to replicate the experimental

endowment.

Action-selection rules. We implement two exploration mechanisms:

1. e-greedy. Let Q:(s,a) denote the current estimate of the value of taking action a in state s at
time t. With probability 1 — ¢ the agent selects the greedy action arg max Q:(s:, a); with probability
a

€ it chooses one admissible action at random:
arg max Q¢(s¢, a), prob. 1 — ¢,
at = a

uniform random action, prob. €.

2. e-soft-max. For every admissible action compute the soft-mazx probability

exp(Qt (8¢, a)/T)
Z exp(Q:(se,a’)/7) 7

a’

P (a) =

7 > 0 (temperature). (1.2)

The same ¢ split is then applied, but in the exploration branch the agent takes the action with the
largest Pr(a) (no random draw):

argmax Q;(sy,a), prob. 1 —e,
a = ¢ (1.3)

arg max P-(a), prob. ¢.

Small 7 values make P;(a) concentrate on the best actions; large values flatten the distribution.

52



Value update. After executing a; in state s; the agent observes the reward r; and the next state sy41.
The temporal-difference error §; depends on the learning algorithm:

6S_LEAI{NING =Tt + Y max Qt (St+17 at+1) - Qt(st; at)> (Off_pOHCy) (14)
Qi1
6tSARSA =1t +7Qt(st41,ae41) — Que(se, ar), (on-policy) (1.5)

With SARSA, v € [0,1] is the discount factor and a;41 is the action actually taken at the next step.
With QL, v € [0,1] will be randomized by the algorithm.
The estimate for the current state—action pair (s¢,at) is then updated as

Qir1(8t,at) = Qi(st,at) + v 6y,

where o4 is the learning rate.
The exploration rate € and the learning rate o are either kept constant or set to decay as ¢; = oy =

1/VE+1.

Training and evaluation. For every combination of (e, «, v, 7), exploration rule (e-greedy or e-soft-max)
and update algorithm (Q-Learning or SARSA) the agent is trained for 10000 episodes and tested for a fur-
ther 5000 episodes with learning disabled. The procedure is repeated independently for each of the six payoff
sequences.

Hyper-parameter grid. The search ranges are

e €{0.5, 1, decay}, 7€{0.5, 1, 5}, «€{0.2, 0.5, 0.8, decay}, € {0.1, 0.5, 0.9}.

Crossing these values with the two exploration rules, the two updated algorithms and the six payoff
sequences yield 1728 distinct configurations. Table lists the three best configurations for each payoff
sequence. The full output and code are available upon request.

Table I1: Top 3 simulation results by payoff sequence

Payoff . Exploration Avg. Maximum
Sequence Algorithm Strategy € v « Payoff Position

Q-Learning e-greedy 0.5 0.9 0.2 808.9 35

1 Q-Learning e-greedy 0.5 0.9 0.5 808.3 32
SARSA e-greedy 0.5 0.9 0.2 791.0 46

Q-Learning e-greedy 0.5 0.9 0.5 933.7 29

2 Q-Learning e-greedy 0.5 0.9 0.2 932.9 21
Q-Learning e-greedy 0.5 0.9 0.8 932.5 30

Q-Learning e-greedy 0.5 0.9 decay 966.6 25

3 SARSA e-greedy 0.5 0.5 0.5 965.9 24
Q-Learning e-greedy 0.5 0.5 0.2 965.7 16

Q-Learning e-greedy 0.5 0.9 decay 509.2 43

4 Q-Learning e-greedy 0.5 0.9 0.5 501.1 24
Q-Learning e-greedy 0.5 0.9 0.8 499.6 25

Q-Learning e-greedy 0.5 0.9 0.2 944.1 41

5 Q-Learning e-greedy 0.5 0.9 0.8 943.8 20
Q-Learning e-greedy 0.5 0.9 0.5 943.4 19

Q-Learning e-greedy 0.5 0.9 0.5 977.6 15

6 Q-Learning e-greedy 0.5 0.9 decay 977.1 15
Q-Learning e-greedy 0.5 0.5 0. 976.2 17

Notes: Each model was trained for 10000 episodes and tested for 5000. For payoff sequences 4-6 (Gain & Loss treatment) the values
include the 700-point endowment. “Maximum Position” is the furthest slot reached.

Appendix J

For the Choice stage, Table [JI] and Table [J2| report an additional specification in which we include the
interaction between the Gain € Loss treatment and the threshold dummy (Threshold= 1 if the payoff in the
previous round was negative). The regression is estimated separately for men and women.
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To evaluate whether crossing the threshold changes the likelihood of Ezplore (versus Ezploit) once losses
are possible, we test, within each gender, the linear restriction

BThreshold + BThresholdXGain&Loss =0.

For men, the null hypothesis is rejected in every specification (Model A: x%(1) = 17.28, p < 0.001;
Model B: x2(1) = 16.87, p < 0.001; Model C: x?(1) = 10.74, p < 0.01), implying that a negative payoff in
the preceding round reduces the relative probability of exploring (versus exploiting).

For women, the same joint test is never significant (Model A: x2(1) = 2.09, p = 0.148; Model B:
x2(1) = 2.10, p = 0.148; Model C: x%(1) = 0.93, p = 0.335).

Hence, under the Gain & Loss being below the threshold in previous turn implies a decrease in exploration
for men (relative to exploitation), while women’s exploration behaviour remains unchanged. For men the
result is in line with what is found by |Chin et al.| [2023].

Table J1: Random Effects Multinomial Logistic Results for Move — Women Only (Choice stage)

Dependent Variable Move (Baseline = Ezxploit)
Model Ay Model By, Model Cy
Retreat Explore Retreat Explore Retreat Explore
Gain & Loss 1.326 0.543 1.198 0.467* 0.896 0.356*
(0.449) (0.187) (0.435)  (0.159)  (0.382) (0.145)
Threshold 0.343** 0.598" 0.364" 0.668 0.186*** 0.436**
(0.131) (0.137) (0.148)  (0.157)  (0.085) (0.132)
Gain & Loss X Threshold 0.805 1.139 0.761 1.017 1.920 1.740
(0.380) (0.415) (0.377) (0.373) (0.969) (0.743)
Lag Payoff 0.780*** 0.780*** 0.782*** 0.780*** 0.780"** 0.768***
(0.027) (0.027) (0.028)  (0.027)  (0.031) (0.031)
Compete (Tournament) 0.515 1.131 0.560 0.848 0.788 0.840
(0.194) (0.410) (0.228)  (0.309)  (0.393) (0.374)
Piece Rate Payoff - - 1.000 1.003** 1.001 1.003*
(0.001) (0.001) (0.002) (0.001)
Risk (Bret) - - - - 1.007 1.001
(0.011) (0.012)
Risk (Self-Reported) - - 1.130 1.482*** - -
(0.114)  (0.153)
Competitiveness 0.788** 0.994 0.742** 1.020
(0.060) (0.075) (0.064) (0.095)
CRT - - 1.487* 1.165 1.594* 1.228
(0.233)  (0.194)  (0.290) (0.237)
Extraversion - - 0.944 0.924 0.949 1.040
(0.095)  (0.095)  (0.111) (0.134)
Agreeableness - - 1.347* 1.241 1.326 1.532*
(0.202)  (0.195)  (0.240) (0.296)
Conscientiousness - - 0.994 0.886 1.095 0.923
(0.096)  (0.106)  (0.123) (0.133)
Emotional Stability - - 0.874 0.763* 0.944 0.830
(0.105) (0.089) (0.130) (0.121)
Openness - - 0.770 0.749 0.884 0.881
(0.123)  (0.117)  (0.158) (0.176)
GPA - - 1.229 1.289 1.085 1.185
(0.282) (0.257) (0.292) (0.297)
Born in Italy - - 0.874 0.639 0.954 0.316
(0.444)  (0.451)  (0.615) (0.267)
Age — — 1.040 1.049 1.029 1.075
(0.058) (0.070) (0.072) (0.084)
STEM - - 0.601 0.838 0.664 1.148
(0.230) (0.287) (0.289) (0.471)
Aloss 0.763 0.424~
(0.238) (0.148)
Constant 1.998 99.670%** 0.771 1.565 0.762 3.434

(1.047) (55.910) (1.722) (4.245) (1.967)  (11.970)
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Observations
Groups

Wald x?2

Log PL

14,008
206
85.67
—8513.96

13,668

201

139.76

8289.73

10,132
149
115.93
—6103.07

Table J2: Random Effects Multinomial Logistic Results for Move — Men Only (Choice stage)

Dependent Variable

Move (Baseline = Ezploit)

Model A ), Model B, Model C),
Retreat Explore Retreat Explore Retreat Explore
Gain & Loss 0.961 1.292 1.199 1.332 0.619 1.547
(0.350) (0.589) (0.480) (0.627) (0.281) (0.807)
Threshold 0.292" 0.659 0.312* 0.670 0.327 0.939
(0.142) (0.234) (0.152) (0.241) (0.187) (0.407)
Gain & Loss x Threshold 0.605 0.520 0.584 0.497 0.734 0.407
(0.361) (0.241) (0.353) (0.236) (0.505) (0.225)
Lag Payoff 0.637*** 0.610*** 0.640"** 0.610*** 0.657*** 0.633***
(0.034) (0.033) (0.034) (0.033) (0.039) (0.039)
Compete (Tournament) 0.794 1.820 0.525 1.042 0.259™" 0.754
(0.296) (0.852) (0.211) (0.479) (0.120) (0.374)
Piece Rate Payoff - - 0.999 1.005** 0.999 1.005**
(0.001) (0.001) (0.001) (0.002)
Risk (Self-Reported) - - 1.046 1.109 - -
(0.119) (0.125)
Risk (Bret) - - - - 1.043" 1.055"
(0.018) (0.018)
Aloss - - - - 0.493** 0.682
(0.134) (0.208)
Competitiveness 1.252* 1.141 1.227 1.122
(0.115) (0.124) (0.129) (0.133)
CRT - - 1.031 0.786 0.982 0.722
(0.182) (0.167) (0.205) (0.193)
Extraversion - - 1.110 0.976 1.012 0.946
(0.128) (0.137) (0.137) (0.157)
Agreeableness - - 1.751** 1.379 1.696* 1.363
(0.325) (0.296) (0.365) (0.320)
Conscientiousness - - 1.193 1.105 1.040 1.302
(0.205) (0.198) (0.199) (0.262)
Emotional Stability - - 0.960 0.846 1.135 0.867
(0.127) (0.148) (0.160) (0.147)
Openness - - 0.893 1.018 0.809 1.060
(0.178) (0.234) (0.181) (0.270)
GPA - - 0.750 0.595™ 0.889 0.758
(0.162) (0.145) (0.219) (0.200)
Born in Italy - - 0.047** 0.063"" 0.005*** 0.008**
(0.047) (0.066) (0.007) (0.013)
Age - - 0.958 0.985 0.951 0.987
(0.039) (0.054) (0.061) (0.073)
STEM - - 0.933 0.740 1.257 0.872
(0.348) (0.338) (0.541) (0.445)
Constant 19.257*** 1940.643*** 68.240 581.495" 795.754™ 89.917
(14.832) (1704.032)  (171.513)  (1712.102)  (2203.712)  (297.266)
Observations 14,484 14,008 10,948
Groups 213 206 161
Wald x? 137.69 203.03 208.08
Log PL —7418.08 —7167.44 —5502.25

Notes: Entries are Relative Risk Ratios (RRRs); robust s.e. in parentheses, clustered at participant level. Significance:

“p < 0.05, **p < 0.01, ***p < 0.001.
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