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Chapter 1

Introduction

“Of all human powers operating on the affairs of mankind, none is
greater than that of competition." Henry Clay

Competition is present in every aspect of our lives and it shapes constantly our
relationships and society itself. It ranges from almost unavoidable work
experiences such as competing against a co-worker for a wished promotion to
more complex situations such as competition between countries for acquiring
scarce resources. As a result of our persistent exposure to competition, social
and life scientists consider that competitive environments and a certain degree
of competitiveness highly influence our future experiences in life and even the
evolution of the whole species itself (Darwin’s, 1859; Leibbrandt et al., 2013).
Despite the relevance of competition in human behavior, there is still an
ongoing discussion about what are the determining factors of competitive
behavior, and to what extent individuals derive an innate pleasure from a
competitive environment or, in other words, whether they have a preference
for competition.

A growing body of literature in experimental economics and psychology
has recently started to study individuals’ preferences for competition closely,
especially in the context of gender differences. Using the controlled
environment created in a behavioral laboratory, this literature shows that it is
possible to capture competitive behavior in isolation from other factors. Since
the seminal study of Niederle and Vesterlund (2007), individuals’ preferences
for competition are captured by looking at how much someone is willing to
select into a competitive environment when having an outside option that is
not competitive. Interestingly, this measure of preferences for competition
seems to capture competitive behavior beyond the lab setting, as it explains
differences in the labor market and educational outcomes. For instance,
someone’s willingness to compete influences pre-university track choices at
secondary school level (Buser et al., 2014, 2017a), selection of an ambitious
college track in high-school (Almås et al., 2016) or participating in a
high-school entry exam (Zhang, 2019). Competitiveness also predicts salary
expectations of undergrad students (Reuben et al., 2017), starting salaries and
industry choices for MBA students (Reuben et al., 2015), career choices at the
vocational level (Buser et al., 2017b), and many more outcomes (Buser et al.,
2020).

Several studies in competition show a high degree of heterogeneity in
individual preferences for competition, suggesting that competitive behavior is
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dynamic and malleable with the environmental conditions. It has been shown
that competition varies across age (Gneezy and Rustichini, 2004; Flory et al.,
2018; Mayr et al., 2012), different cultural backgrounds (Gneezy et al., 2009;
Andersen et al., 2013; Leibbrandt et al., 2013; Dariel et al., 2017), and gender
(Croson and Gneezy, 2009; Niederle and Vesterlund, 2011; Niederle, 2015).
In addition, exogenous factors such as stereotype-threat in the task and the
group composition (e.g., number of competitors, gender composition and the
existence of information contradicting an existing stereotype) can shape
competitive behavior (Gneezy et al., 2003; Booth and Nolen, 2009; Geraldes
et al., 2011; Iriberri and Rey-Biel, 2012; Dreber et al., 2014; Jung and
Vranceanu, 2017).

From a methodological point of view, the regression-based approach is the
one commonly used to identify preferences for competition as a determinant
of individuals’ competitive behavior. With this procedure, the choice between
a competitive and a non-competitive environment is attributed to individual’s
preference for competition, while controlling for the other factors present in a
competitive environment. However, recent evidence questioned this approach
to capture preferences for competition. In particular, one of the main
limitations is that this approach strongly depends on the ability to control
successfully for all the other determinants present in a competitive
environment (Gillen et al., 2019; van Veldhuizen, 2017). In Chapters 2 and
3, I propose alternative methods to capture these preferences and I explore
whether a preference for competition exists.

But which are the individual characteristics that make someone more or
less prone to select into a competitive environment? The literature identifies
risk attitudes, beliefs, capability, and more importantly preferences for
competition, as central elements in this discussion (for reviews see, e.g.,
Niederle, 2014; Dariel et al., 2017). Risk preferences seem to be crucial in
competitive behavior as most of the competitive environments imply a
winner-takes-all situation. That is, setups where only the very best performer
rises to the top at the expense of the losers. In this type of situations, a risk
averse person might not enter the competition because of the losing scenario,
but not necessarily because of the dislike for competition itself. Beliefs also
influence competitive behavior as oftentimes people have (over)optimistic
views about themselves. This results in an overconfidence bias influencing the
decision to enter into a competitive environment. Capability also plays a
crucial role as competitive environments usually require some level of ability
to perform the task that rules the competition (e.g., sport competitions,
product development, exam entry, etc). Lastly, the derived taste (e.g., what
economists call preference) or discomfort from taking part in a competition
influences someone’s decision to select a competitive environment as well.

In addition to these individual traits, biological factors such as the
hormones present in the menstrual cycle also influence competitive behavior
(Wozniak et al., 2009; Buser, 2012; Ranehill et al., 2018). The evidence of the
impact of the menstrual cycle on competitive behavior is somewhat mixed, but
overall points towards the important roles of two menstrual phases: the
ovulation and premenstruation (or luteal) phases, which are characterized by
changing levels of the sex hormones progesterone and estrogen. In particular,
the drastic changes of estradiol levels during ovulation—the fertile phase of
the menstrual cycle—have been associated with higher levels of risky,
competitive, and profit-maximizing behavior; see, for instance, Buser (2012),
Wozniak et al. (2009) and Lazzaro et al. (2016).
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The menstrual cycle has also been suggested to influence other economic
domains: sealed bid first-price auctions (Chen et al., 2013; Pearson and
Schipper, 2013), altruism (Buser, 2011; Ranehill et al., 2018), loss aversion,
and economic rationality (Lazzaro et al., 2016). However, the possible link
between biological factors and economic decisions has been ignored in the
context of bargaining, a type of competitive environment. Chapter 4 delves
into the interactions between the menstrual cycle of women and their
bargaining behavior.

Overview of the thesis

To a large extent, the topics in this dissertation discuss questions around
competitive and bargaining behavior, which I analyze using behavioral
economics and rigorous experimental methods. Besides, I integrate insights
from other disciplines such as psychology and biology. In this dissertation, I
study the impact of the menstrual cycle on bargaining behavior and whether a
preference for competition is a determinant of individuals’ willingness to enter
tournaments.

The use of laboratory experiments is the common element present in all the
studies presented in this dissertation. Differently from field settings, lab
experiments allow me to create a controlled environment where I can derive
causal links and identify exact mechanisms, something that is hardly
achievable with observational data. There are some key features of
experiments in behavioral and experimental economics that help to keep
control over both the experimenters’ and participants’ behavior, and that also
allow replicability which is at the core of scientific development.

• Randomization. Participants are randomly assigned to the treatment
and control groups. This is the golden rule in experiments as it ensures
that the two groups do not differ from each other in unobserved or
observed dimensions, but only in the exogenous assignment to the
treatment. Thanks to this feature, experiments can establish a causal link
between the treatment and the observed outcome.

• Monetary financial incentives. Real incentives for individual choices
encourage participants to make thoughtful and honest decisions. This
ensures that participants reveal their true preferences, and therefore, we
can derive predictions from reliable choice behavior.

• No deception. Every information shared with participants is true. This
ensures participants trust the instructions and the experimental setting
itself, which is crucial to analyze their decision-making processes.

• Anonymity. This removes the observer effect and promotes behavior
that will only arise under private circumstances. Also, it ensures careful
treatment of the data in line with the guidelines of Ethics Review
Committee Inner City faculties at Maastricht University.

One criticism that experimentalists often face concerns the external validity
of the behavior and conclusions obtained from a laboratory setting.
Specifically, how much a finding can be generalized from an experimental
setting to a field scenario? Several studies demonstrate that meaningful
insights are derived from experimental settings in different domains such as
lying behavior, charitable giving, labor and educational choices, political
voting, and many more (Karlan, 2005; Benz and Meier, 2008; Baran et al.,
2010; Dohmen et al., 2011; Franzen and Pointner, 2013; Cohn et al., 2015;

3



Buser et al., 2014; Herbst and Mas, 2015; Reuben et al., 2015; Potters and
Stoop, 2016; Riedl and Smeets, 2017; Fisman et al., 2017; Reuben et al.,
2017). Even though I acknowledge that collecting data from a sample that is
representative of the entire population would be the best approach, using
university students in the lab does not seem to be a major concern. Recent
evidence suggests that, for a broad domain of common used experimental
outcomes, behavior outside the lab for a representative sample is
indistinguishable from undergraduate students’ behavior in the lab (Snowberg
and Yariv, 2021).

Description of the Chapters

In Chapter 2, Is there a Preference for Competition? co-authored with Ernesto
Reuben, we propose an experimental design that tests whether a preference
for competition exists irrespective of the other traits influencing behavior in a
competitive environment. Given the relevance of competitive behavior and the
possible interaction with other factors, it is crucial to develop an accurate
measure of preferences for competition irrespective of other confounding
factors. Following the approach by Niederle and Vesterlund (2007), we elicit
preferences for competition by the selection between two remuneration
schemes for future performance in a real effort task. By adjusting the
experimental task we are able to control for individual risk preferences by
design, account carefully for beliefs (e.g. how good everyone think they are in
terms of relative performance) and generate a rich data set at the individual
level which is crucial for testing for consistency and measure preferences for
competition irrespective of individual risk attitudes.

Our design offers a number of advantages. First, fixing risk preferences
removes the need to statistically control for this trait, which can be potentially
contaminated due to measurement error. Second, it allows us to capture a
measure of preferences for competition in a non parametric way and directly
in our design without the need of using a regression-method approach. Third,
we can test consistency of preferences for competition across a wide array of
environments, such as competition with different prizes and group sizes.

In Chapter 3, Estimating Preferences for Competition from Convex Budget
Sets co-authored with Ernesto Reuben, we continue our investigation on
preferences for competition, and study whether preferences for competition
can be rationalized by a utility function and develop a structural framework
for the joint treatment of preferences for competition and risk. The joint
treatment of both preferences allows for an effect of competition preferences
on risk preferences, which has been ignored in the classical approach used to
measure competitive behavior in the lab. We modify the classical approach of
Niederle and Vesterlund (2007) and implement the choice between the two
remuneration schemes for future performance as a choice from a convex
budget set, similar in spirit to the approach proposed by Andreoni and Miller
(2002) to study consistency of choices and individual preferences.

Our design offers a number of benefits for the estimation of preferences for
competition. First, it facilitates the test of consistency of individual choices
between a competitive and non-competitive environment. Testing for

4



consistency is crucial as it provides evidence of a utility-maximizing behaviour,
which is necessary to claim the existence of a preference for competition.
Second, our design allows us to account for preferences for competition across
a wide array of environments, such as competition with different prizes. Third,
the rich data set is suitable for estimating preferences at the individual level
without the need to aggregate participants together and to assume
homogeneity across them.

In Chapter 4, The Impact of the Menstrual Cycle on Bargaining Behavior is
based on joint work with Christina Rott and Arno Riedl, we investigate one
specific type of competitive behavior for women, bargaining. We present the
first study of whether the menstrual cycle of women influences their
bargaining behavior and bargaining outcomes. The menstrual cycle is a
promising determinant of bargaining behavior as it has been shown to
influence women’s risk preferences, loss aversion, social preferences, and
competitiveness. This literature suggests that women tend to be less
competitive, more risk averse and benevolent when the levels of progesterone
are high (i.e., during the premenstrual phase) and more competitive and less
risk averse during the fertile part of their cycle (i.e., the ovulation phase).

We implement a negotiation environment using a bilateral unstructured
bargaining scheme with private information. Following the bargaining game,
risk and social preferences are elicited. In addition, before coming to the
laboratory, participants are asked to track their menstrual cycle for three
months to obtain an accurate measurement of their individual cycle length
and menstrual phases. Our findings suggest that bargaining behavior and
outcomes vary over the menstrual cycle. We also observe that these
differences in bargaining behavior are dependent of the bargaining context, as
the information and setting in the negotiation also plays an important role.
Understanding the impact of the menstrual cycle on bargaining behavior is
important for three reasons. First, the obtained results give insights as to
whether nature in the form of the menstrual cycle directly affects negotiation
behavior. Second, it will increase our understanding whether risk and social
preferences have a mediating effect on bargaining behavior. Third, raising
women’s awareness of variations in bargaining behavior over the menstrual
cycle might influence their bargaining behavior positively, and thereby, help to
reduce gender differences in bargaining outcomes on the labor market.

In Chapter 5 I summarize the main findings of this dissertation and in
Chapter 6 I briefly describe how my research contributes to the discussion on
labor market issues, to policy makers and to society in general.
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Chapter 2

Is there a Preference for
Competition?

Recent research identified the willingness to compete as an important
determinant of individual differences in labor market outcomes like salaries,
bonuses and promotions. However, there is no consensus yet as to what are
the underlying factors behind competitive behavior. Are participants who are
willing to compete more capable, more confident, more tolerant of risk, or are
they competing because they enjoy competition per se? This paper contributes
to the discussion on preferences for competition and on how to measure them.
In this study, we propose an experimental design that tests whether a
preference for competition exists by controlling for the role of risk preferences
by design and measuring for overconfidence carefully. Our findings provide
strong evidence of a preference for competition at the individual level that
exists irrespective of risk attitudes. Also, this preference seems to be well
defined for most individuals as people are either competition averse or
competition seeking and there is small variation of preferences when
confronted with different competition stakes. Lastly, our results suggest that
preferences for competition are substantial in some cases given that people are
willing to pay a significant amount of money for entering or avoiding
competition.

This chapter is co-authored with Ernesto Reuben
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1. Introduction

In recent decades, economists have started to pay attention to non-cognitive
factors as important determinants of economic behavior. After reviewing the
economic literature, Heckman et al. (2019) conclude that factors such as
psychological traits and preferences explain and cause important life
outcomes, like wages and health. More recently, the literature in experimental
economics has started to focus on one of these traits, i.e., preferences for
competition. Competition and the psychological disposition to select into a
competitive environment are present in most aspects of our lives, for instance,
the workplace, education, social status, markets, and many more. Besides the
relevance of competition in our daily lives, several studies have linked the
laboratory measurement of preferences for competition with labor market
outcomes and educational choices (Buser et al., 2014; Berge et al., 2015;
Reuben et al., 2015; Buser et al., 2017a,b; Reuben et al., 2017; Kamas and
Preston, 2018; Zhang, 2019; Buser et al., 2020).

Since the seminal paper by Niederle and Vesterlund (2007), many
influential experimental studies have documented individual heterogeneity in
preferences for competition (for reviews see, e.g., Niederle, 2014; Dariel et al.,
2017). However, it is yet unclear what underlying factors are driving such
heterogeneity (Gillen et al., 2019; van Veldhuizen, 2017). Is it due to
individual differences in risk attitudes, confidence levels, ability to perform in
such an environment, or due to individual differences in a taste for
competition? Given the relevance of competitive behavior and the possible
interaction with other factors, it is crucial to develop an accurate measure of
preferences for competition irrespective of all the other factors present in a
competitive environment. We contribute to this discussion by developing an
experimental approach that controls for the role of risk preferences by design
and accounts for the other factors present in this type of environment. In
addition, our method generates a rich data-set that allows us to test with a
high degree of confidence whether individual choices are consistent in a
competitive environment, and therefore, to test for the existence of a
preference for competition.

In the experimental literature, an individual’s preference for competition is
typically measured using one choice of remuneration schemes when doing a
real-effort task. One of the issues associated with this measurement is that it
relies entirely on a single individual decision. This could be problematic given
that individual choices can be noisy as there is evidence that individuals make
different choices when confronted several times with the same set of options
(Tversky, 1969; Camerer, 1989; Hey and Orme, 1994; Agranov and Ortoleva,
2017). A second possible limitation is the use of a regression-method
approach to measuring preferences for competition, where after controlling
for confounding traits such as risk preferences and overconfidence, the
residual individual behavior is attributed to the competitive trait. This reduced
form approach can bias the measurement of competition considering that it
highly depends on accounting properly for the control variables, as it has been
extensively discussed in recent literature (Hausman, 2001; Green et al., 2010;
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Westfall and Yarkoni, 2016; Gillen et al., 2019).
This project builds on previous work and improves upon its limitations to

test whether a preference for competition exists. Following the approach by
Niederle and Vesterlund (2007), we elicit preferences for competition by the
selection between two remuneration schemes for future performance in a real
effort task. In addition, by adjusting the experimental task we are able to
control for individual risk preferences by design and to generate a rich data set
at the individual level which is crucial to test for consistency and measure
preferences for competition irrespective of individual risk attitudes. In the
task, participants choose between individual and competitive pay. The former
scheme depends solely on individual performance whereas the latter depends
on relative performance. Different from the design proposed by Niederle and
Vesterlund (2007), the remuneration under the individual pay is not certain
and involves the same risk that the competitive pay has. We obtain
participants’ belief of winning the competition before the selection of the
payment-scheme and include these beliefs in the individual pay. Thus, the
probabilities used in the individual pay are around the range of the subjective
probability of winning the tournament for the tournament pay. This approach
has the advantage to ensure that the decision between the individual and
competitive pay are comparable in terms of risk levels and accounts for
individual subjective beliefs of winning the tournament at the moment of
choosing of the scheme.

Similar to Niederle and Vesterlund (2007), in our experimental design we
use the individual choice between the two schemes as our measurement of
preferences for competition. However, an additional new feature of our design
is that we represent choices between the two payment-schemes as gambles in
a multiple price list (MPL) where we vary the stakes under an individual and
competitive pay (i.e., prizes and probabilities in both schemes). This has the
advantage of generating several choices at the individual level which allows
us to measure preferences with a high degree of confidence by looking at the
participants switching behavior within a MPL. Also, thanks to this feature of
our design we can test the consistency of preferences for competition across
a wide array of environments, such as competition with different prizes and
group sizes. Varying the group size gives the possibility to test the intuition that
increasing the number of competitors decreases competition seeking behavior
as the chances of winning the tournament decrease (Che and Gale, 2003; Garcia
and Tor, 2009; Boudreau et al., 2011; Hanek et al., 2016).1

Another main feature of our methodology is that it controls for the role of
risk preferences by design. This feature has a number of advantages. First,
fixing risk preferences removes the need to statistically control for this trait,
which can be potentially contaminated due to measurement error. Second, it
allows us to capture a measure of preferences for competition in a non
parametric way and directly in our design without the need of using a

1We note however that the opposite intuition could also hold: an increasing number of
competitors could increase competition seeking behavior as social comparison concerns might
play a stronger role. This could increase the anticipated utility of being the winner in a bigger
group.
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regression-method approach. Hence, we obtain participants’ preferences for
competition by looking directly at their decisions between the competitive pay
and the individual pay in the MPLs. For instance, in our setup, someone who is
competition neutral will always switch from one pay to the other when the
expected utility of both payment-schemes is equal in the MPL. Someone who
is competition averse will always switch from the competitive pay to the
individual pay when the expected utility of the former payment-scheme is
higher than the one from the later payment-scheme, and the opposite for
someone is competition seeking.

Our main findings reveal the following. We find strong evidence of a
preference for competition that is highly consistent at the individual level.
Specifically, after controlling for risk preferences by design and accounting for
individual beliefs and performance, we observe that most participants in our
sample switch from one payment-scheme to the other when they are not
indifferent between them. This behavior suggests that preferences for
competition exist irrespective of risk attitudes. Our findings also suggest that
most of the participants have a substantial preference for competition. In fact,
75% of participants are competition seeking (45%) or competition averse
(30%). In addition, these preferences seem to be defined and common for
most of the individuals as we observe that after introducing changes in the
competition stakes, there is not much variation in the direction of the
preferences for competition at the individual level. Our findings also reveal
two more interesting patterns. First, competition seeking behavior increases in
bigger groups as we observe that 51% of participants in a group of six people
are competition seeking in contrast to a 36% of participants that are
competition seeking in a group of three people. Second, the common finding
that men are more competitive seeking than women (Gneezy et al., 2003;
Booth and Nolen, 2012; Dariel et al., 2017; Saccardo et al., 2018), seems to
vanish when we control for risk preferences by design and confront
participants to different competition stakes. This suggests that risk preferences
might drive the observed gender difference in competitive environments as
recently suggested by Gillen et al. (2019) and van Veldhuizen (2017).

The remainder of this chapter is as follows. Section 2 provides a literature
review and Section 3 describes our theoretical framework. We describe the
experimental design and procedures in Section 4. In Section 5, we present our
results for consistency behavior and measurement of preferences for
competition. In Section 6, we discuss our results, and lastly, we conclude in
Section 7.

2. Literature review

This paper contributes to the discussion on competitive behavior and on how
to measure it in the laboratory. Starting with the seminal paper of Niederle
and Vesterlund (2007) (henceforth NV), there has been a lot of attempts in
trying to capture willingness to compete, especially in the context of gender
differences (for reviews see, e.g., Niederle, 2014; Dariel et al., 2017). These
studies are based on the NV measure and document individual heterogeneity
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in competitiveness. Specifically for the context of gender differences, this
evidence suggests that men are twice as likely as women to select into
competition and that these gender differences in selection are partly captured
by gender differences in a taste for competition.

In the classical experimental task of NV, an individual’s preference for
competition is measured by using the choice of a remuneration scheme when
doing a real-effort task. Specifically, participants can choose between two
different schemes: a piece-rate, that depends only on individual performance;
and a tournament rate, that depends on relative performance. The tournament
option is considered a competitive scheme as it requires participants to
compete against each other. With the help of a regression-based approach and
after controlling for individual’s overconfidence, risk preferences, and ability,
the choice between the two remuneration schemes is considered as
individual’s preference for competition.2

In addition to measure the competitive trait in the lab, there is evidence
that a higher willingness to compete positively correlates with labor market
outcomes and educational choices. In particular, individual competitiveness
seems to explain career choices in secondary (Buser et al., 2014, 2017a,b;
Zhang, 2019) and tertiary education (Reuben et al., 2017; Kamas and Preston,
2018), performance of entrepreneurs (Berge et al., 2015), salaries, bonuses,
and industry choice (Reuben et al., 2015), and many more (Buser et al.,
2020).

Despite the wide use of the lab measurement of preferences for competition
and the important role at the moment of explaining educational and labor
market choices, there is not yet an agreement on what this lab measure
captures. The vast majority of studies rely on a single individual measure and
uses a regression-based method, whose accuracy depends strongly on the
ability to control successfully for all the other determinants present in a
competitive environment. One potential limitation of this approach is that a
measurement error or misspecification in any of these determinants can bias
the interpretation of the results (Hausman, 2001; Green et al., 2010; Westfall
and Yarkoni, 2016; Gillen et al., 2019).

For the specific case of gender differences, two studies have attempted to
address preferences for competition with a different approach. First, Gillen
et al. (2019) develop a statistical technique to correct for measurement error
in the risk attitudes and overconfidence measures used in the NV design. Their
findings suggest that the role of the competitive trait in explaining the gender
gap in competition disappears, after accounting for the measurement error of
these two traits. Second, van Veldhuizen (2017) proposes a modified version
of NV to differentiate by the experimental design between risk attitudes,
overconfidence, and preferences for competition. His design introduces
treatments that remove sequentially the role of competition and

2Other factors associated to individual heterogeneity in a competitive environment are
differences in ambiguity attitudes and feedback aversion (Wozniak et al., 2016; Ertac and
Szentes, 2011; Friedl et al., 2017). In our study, we do not target these factors since they
do not take place in our experimental setting or they are inherently present in a competitive
environment as in the case of ambiguity.
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overconfidence, and compares these treatments with the classical NV
outcome.3 In contrast to most of the previous studies in competition, his
findings suggest that the gender gap in competition is mainly captured by
gender differences in risk preferences and overconfidence. As in van
Veldhuizen (2017), we also control for risk preferences by design. However,
one main difference with his approach is that in our experimental setting
competition is always present, given that it is our main trait of interest. Also,
differently from van Veldhuizen (2017) we do not rely on one single
individual choice, but we capture individual preferences for competition by
confronting individuals to a wide range of scenarios generated with the MPL
setting. This new feature of our design allows us to test for consistency of
preferences for competition.

3. Theoretical framework

In this section, we describe the theoretical background we use to capture
preferences for competition. We start by discussing the classical framework
employed in the literature and then use this framework to develop our
measurement of preferences for competition.

In the NV experimental task, participants choose between an Individual Pay
and a Competitive Pay for remuneration in a real effort task. Like in our
design, the task consists in adding-up sets of four two-digit numbers during
four minutes. Under Competitive Pay, participants get a high amount (HA) per
each correct sum if they answer the highest number of correct sums in a group
of four people, and a low amount (LA) of zero otherwise. Individual Pay pays
participants a certain amount (CA) per each correct sum. Given that in
Competitive Pay participants are assigned to groups of four, under the
Individual Pay the certain amount equals one-quarter of the high amount.4

Following this classical framework, several studies show that there are four
correlated factors influencing participants’ willingness to select one payment-
scheme over the other (for reviews, see, e.g., Niederle, 2014). The first one is
risk preferences, given that Competitive Pay implies a winner-takes-all situation
and not winning the tournament results in earnings equal to zero. The second
one is beliefs about the chances of being the winner in the group. Oftentimes,
participants have (over)optimistic views about their true performance in the
adding task, resulting in an overconfidence bias influencing their decision to
take Competitive Pay. The third one is participants’ ability levels to perform

3For a different approach on how to control risk attitudes by design please refer to Geraldes
(2020). His approach is different from the NV approach and also to ours. Specifically, when
controlling for risk preferences by design he only uses individuals that self-selected into the non-
competitive payment since the beginning of the experiment. In consequence, in Geraldes (2020)
preferences for competition are not measured irrespective of the role of risk attitudes as we do
in our design.

4In the original experimental task of NV, Individual Pay and Competitive Pay are called as
piece-rate pay and tournament pay, respectively. What we call in our theoretical framework
high amount, low amount, and certain amount corresponds to a payoff in the NV task of 2$, 0$
and 0.25$ per correct sum, respectively. We frame the payoffs in this way to make our setting
comparable to the NV setting.
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well in the adding task. Lastly, a preference for competition can also push
someone to select a Competitive Pay if this person derives pleasure (i.e., utility)
from a competitive environment.

Accounting for these four factors present in a competitive environment and
following the formulation proposed by van Veldhuizen (2017), it is possible to
represent the decision for individual i between Individual Pay and Competitive
Pay as follows:

Classical framework - NV

Individual Pay Competitive Pay
πCAi for sure beliefi chance of getting πHi

where πCAi denotes the certain amount in euros for individual i (i.e.,
CA∗sumsi, where sumsi represents the number of correct sums individual i
has in the adding task), πHi is the high amount in euros for individual i (i.e.,
HA∗sumsi) and beliefi is the subjective belief of being the winner in their
group.5 Following expected utility theory, we assume that there is a utility
function U(πi, C) that evaluates payoffs under Competitive Pay, and depends
on the monetary payoffs π (from the high and low amounts) and the utility
derived from competition C. In addition, the same utility function evaluates
differently the payoffs under the Individual Pay, as competition is not present,
i.e., U(πi, 0). Thus, individual i will choose Competitive Pay if:

beliefi ∗ U(πHi , C) + (1− beliefi) ∗ U(πLi , C) > U(πCAi , 0). (2.1)

Where πLi denotes the low amount in euros for individual i or the amount
obtained in case of losing the tournament (i.e., LA∗sumsi).6 For this inequality
to hold, one of two scenarios needs to happen. On one hand, preferences for
competition C are strong enough. Or on the other hand, participants have a
level of overconfidence beliefi or risk preferences high enough to compensate
for the dislike in competition. As a result, not only preferences for competition
are responsible for the choice of Competitive Pay, but also factors such as risk
attitudes and overconfidence could influence this decision. Having these three
factors together in a competitive environment can raise the concerns suggested
by Gillen et al. (2019) and van Veldhuizen (2017). Also, it relies heavily on the
assumption that risk and competitive preferences are orthogonal.

In our framework, we remove the confounding effects of risk preferences
by design and hold the effect of overconfidence constant, and we are thus able
to identify the role of preferences for competition directly from the decision
between Competitive Pay and Individual Pay. In particular, when an individual
i faces a decision between the two payment-schemes in our experiment, she
evaluates the following two options:

5Note that in the classical framework, under the competitive amount there is a beliefi chance
of getting πH

i and a 1− beliefi chance of getting πL
i (where πL

i = LA∗sumsi).
6Note that in the NV design the low amount is equal to zero.
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Our framework

Individual Pay Competitive Pay
probHi chance of getting πH beliefi chance of getting πH

where probHi is the probability in the Individual Pay of obtaining the high
amount (HA). The key difference with the classical framework NV is that the
Individual Pay does not provide a certain amount. In contrast, the Individual
Pay is a lottery that offers the same high amount as the Competitive Pay offers
in case of being the winner in the group with a probability probHi and the same
low amount in case of losing with a probability 1 − probHi . Having the same
monetary payoffs in the lotteries participants face under both
payment-schemes ensures that risk preferences do not play a role. Hence,
assuming separability between preferences for competition and risk, an
individual i chooses Competitive Pay irrespective of her risk preferences if:

beliefi∗U(πHi , C)+(1−beliefi)∗U(πLi , C) > probHi ∗U(πHi , 0)+(1−probHi )∗U(πLi , 0).
(2.2)

Since we control for risk preferences by design and account carefully for
individual beliefs, we ensure that the choice of Competitive Pays depends only
on the individual’s preferences for competition.7 The competitive trait can
then be represented by how differently the same payoffs are evaluated
between U(π,C) and U(π, 0) holding constant and at the same level beliefs
and objective probabilities. We assume the following utility function:

U(πi, C) = U(πi, 0) + θi. (2.3)

Where πi represents the monetary value of the lotteries for either the high
or low amounts and θi is the parameter that captures the individual i
willingness to pay for entering or for leaving competition.8 With the help of
our experimental setting, we measure non-parametrically the monetary
equivalent of θi, called ωi, by calculating the difference in the expected utility
of Competitive Pay and Individual Pay at the switching point in the MPL. Since
in our experimental setting the choice between Individual Pay and
Competitive Pay takes place in five MPLs with ten choices in each list, probHi is

7Differently from the classical framework NV, in our experimental setting the low amount is
not equal to zero in all the decision sets. This allows us to explore the role of different prize
stakes in participants’ taste for competition.

8For the proposed functional form of U , we follow two assumptions used in a well-known
class of utility functions in the literature in experimental economics. First, we assume additive
separability between U and θ. In our experimental design, θ is independent of risk preferences
and we do not allow for changes in the curvature of U to changes in θ. One could relax this
assumption by allowing the parameter of preferences for competition θ to be present in the
curvature itself. We discuss in detail this functional form in Chapter 3. We also assume quasi-
linearity of preferences between the payoffs achieved in the Competitive and Individual Pay.
That is, U(πi, C) is a linear function of θ and an increasing function of πi, as U ′(πi, 0) > 0.
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the switching probability in the Individual Pay for individual i for obtaining
the high amount within a MPL. Specifically, the switching probability probHi
corresponds to the average between the probability of the high amount in the
switching row and the probability of the high amount in the row after the
individual switched in the MPL.9 Given that individuals face several choices,
we take the median value of ωi for each subject as their preference for
competition:10

ωi = (probHi − beliefi)(U(πH)− U(πL)). (2.4)

The intuition behind equations (2.3) and (2.4) is that given someone’s
reported subjective belief, an individual is considered to be competition
seeking if she switches to an Individual Pay when her reported belief beliefi is
lower than her switching probability probHi . Similarly, an individual is
considered to be competition averse if she switches to an Individual Pay when
her reported belief beliefi is higher than her switching probability probHi . As a
result, competition seeking participants have ωi greater than zero, competition
averse participants have ωi smaller than zero, and competition neutral
participants have ωi equal to zero.11

4. Experimental Design and procedures

Participants in our study are invited to a lab session to make choices in an
incentivized experiment. In the following two subsections, we describe the
experimental design and the experimental procedures, respectively.

4.1. Experimental Design

We propose a variation of the experimental task developed by Niederle and
Vesterlund (2007) to measure preferences for competition and to control for
participants’ risk preferences by design. Participants perform an adding task
under a selected payment-scheme: Individual Pay or Competitive Pay. We use
participants’ choice of the payment-scheme as our measurement for their taste
for competition. To account for individual beliefs at the moment of selecting the
payment scheme, we elicit participants’ beliefs of the relative performance in
the adding task before they select their preferred payment-scheme. We include
two treatment variations in our experimental design. As a robustness check
of our experimental design, we vary between subjects the timing of the belief
elicitation task (i.e., before or after the selection of the payment-scheme). Also,
to test for the role of the number of competitors on preferences for competition,
we vary within-subjects the group size between three and six people. In the

9For MPL without a switch, we use the lowest or the highest value of probH
i depending on

whether the individual always stayed in the Individual Pay or in Competitive Pay.
10To arrive at Equation 2.4, we assume without loss of generality that U(π, 0) = U(π). In

Appendix A1, we describe the steps to arrive from Equations 2.2 and 2.3 at Equation 2.4.
11As described in detail in Section 5, we only obtain ωi for participants that have a unique

switching point to fully trust our measurement.
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following, we describe in detail each of the parts of the experimental design
and the different treatment variations.

Each experimental session starts with an unincentivized practice round of
the adding task of three minutes and continues with the following four parts.
In the first part, we elicit participants’ beliefs of being the best performer in the
adding task. In the second part, participants have to choose between two
different payment-schemes for their future performance. In the third part,
they perform an adding task under a selected payment-scheme. Lastly, they
complete a demographic questionnaire. The instructions for each part are
provided at the beginning of the respective part and can be found in Appendix
A6.

Importantly, before the belief elicitation task, participants are familiarized
with the adding task because of the practice round. Participants are also
informed they will have to choose between the two payment-schemes for their
future performance in the adding task. In addition, although participants
know their own absolute performance, they are never informed about the
performance of others in the adding task.12 Relative performance is only
revealed at the end of the experiment if the Tournament Rate is selected for
payment purposes.13

Part 1: Belief elicitation task

After the practice round in the adding task, participants guess the likelihood
of being the winner in their group (i.e., the probability of having the highest
amount of correct sums). An important feature of our belief elicitation task
is that participants can answer the belief elicitation question by providing the
likelihood of being the winner or the percentile ranking of their performance.14

12Note that this feature creates naturally ambiguity in the tournament as in the tournament
payment-scheme participants do not know their relative performance. This is the ambiguity
that is usually inherently present in a competitive environment and can be solved by providing
feedback on relative performance as proposed by Wozniak et al. (2016). Another way in which
ambiguity is present in a tournament is by not knowing the number of competitors as recently
suggested by Flory et al. (2015), Balafoutas and Sutter (2019) and Gee (2019). In our setting,
the number of competitors is always common knowledge.

13Although this feature introduces differences in feedback between the two payment-
schemes, feedback on relative performance is one of the key differences between a competitive
environment and a non-competitive environment. Also, we believe this is not a concern in our
design for two reasons. First, participants never received explicit information about feedback
being revealed only if the Tournament Rate was selected for payment purposes. Therefore,
participants could not anticipate feedback under only the Tournament rate. Second, although
participants still could have beliefs on differences in feedback provision between the two
schemes, previous evidence suggests that feedback aversion does not play a role in a setting
similar to our (Niederle and Vesterlund, 2007).

14For the likelihood of being the winner, participants can choose an answer ranging from
0 (meaning they are completely certain that they are not the winner of their group) to 100
(meaning they are completely certain that they are the winner of their group). For the percentile
ranking, participants can choose an answer raging from top 100% (meaning they are completely
certain they performed worse than all other participants of the study, i.e., the worst performer)
to the top 0% (meaning they are completely certain they performed better than all other
participants in the study, i.e., the best performer). An example of the two sliders can be found
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An advantage of this feature is that participants that struggle thinking in terms
of probabilities can answer in terms of ranking instead. Also, we provide them
a ranking table displaying the likelihood of being the group’s winner associated
with any possible rank.15

The earnings in this first part can be either e0 or e20, depending on how
close the likelihood the participants choose is to the actual probability of
wining the tournament. We incentivize beliefs using a robust binarized scoring
rule (BSR) (Karni, 2009). In particular, given a stated likelihood of being the
winner belief , the BSR incentive offers a 1 − (1 − belief/100)2 chance of
earning e20 in case of being the winner, and a 1 − (belief/100)2 chance of
earning e20 in case of being one of the losers. To increase the chances of true
reporting in beliefs, we provide participants with information concerning the
quantitative incentives in the elicitation method. Using an interactive interface
participants could see online the expected earnings in euros associated with
any selected likelihood or rank.16

Part 2: Selection of the payment-scheme

After the belief elicitation task but before performing the adding task,
participants choose how they want to be paid for each correct sum.
Specifically, they can decide between Individual Pay and Competitive Pay in 5
different decision sets that are completely independent of each other. Each
decision set is a MPL that contains a series of 10 rows of choices where the
left-choices correspond to Competitive Pay and the right ones to Individual
Pay. Participants need to make a choice in each of the 10 rows of choices for
each of the five decision sets, thus each participant makes a total of 50 choices.

Under Competitive Pay, the earnings depend on individual performance and
the performance of others in their group. Participants are randomly assigned
to different groups of three or six participants, respectively. The order of the
groups is counterbalanced within participants. The participant who correctly
solves the highest number of sums in their group is the group’s winner. In case
of any tie, the winner is determined randomly among the tied group members.
If the participant is the group’s winner, she earns the high amount (HA) per
correct sum, otherwise, she earns the low amount (LA) per correct sum. Under
Individual Pay, participant’s earnings depend on individual performance and
chance. That is, they earn the HA per correct sum with some probability p
between 0% and 100% and the LA per correct sum with some probability 1−p.
In Table 2.1 we display an example of a decision set.17

This task has two key features. The first one is that the probabilities in the

in Appendix A6, Figure 2.21. Note that participants answer only one of the two questions,
either the likelihood or the ranking, and by doing so the other question was instantaneously
answered as well. In other words, for every provided likelihood participants could see online the
corresponding ranking, and for every provided ranking they could see online the corresponding
likelihood.

15The ranking table is displayed in Figure 2.20 in Appendix A6.
16In Appendix A6, Figure 2.21 is displayed the actual screens that participants see during the

experiment for the belief elicitation task.
17Please refer to Appendix A2, Table 2.3 for the HA and LA in all the five decision sets.
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Table 2.1: Example of a decision set

Competitive Pay Individual Pay
Win(e) Lose(e) Win(e) p(Win) Lose(e) p(Lose)

1. 4 1 4 0,17 1 0,83
2. 4 1 4 0,20 1 0,80
3. 4 1 4 0,23 1 0,77
4. 4 1 4 0,26 1 0,74
5. 4 1 4 0,29 1 0,71
6. 4 1 4 0,32 1 0,68
7. 4 1 4 0,35 1 0,65
8. 4 1 4 0,38 1 0,62
9. 4 1 4 0,41 1 0,59
10. 4 1 4 0,44 1 0,56

Note: This is an example of one decision set with a high amount of e4 and a low
amount of e1, and a subjective individual belief of 35%.

Individual Pay are estimated at the individual level using as a reference the
subjective belief obtained from the belief elicitation task. Specifically, for each
decision set, we randomize the position of the subjective belief, and decrease
(for the lower rows) or increase (for the higher rows) monotonically the
subjective belief in equally spaced steps.18 An advantage of this feature is that
when participants face a decision between Competitive Pay and Individual Pay
in each decision set, the probability of getting the HA under the Individual Pay
is around the range of the reported belief for being the winner in their group.
In this way, we account for individual beliefs of being the winner at the
moment of choosing between the two payment-schemes. The second feature is
that the Competitive Pay and the Individual Pay have always the same level of
risk within a decision set. Hence, the HA and LA are always the same in all 10
rows for both payment schemes. The only aspect that varies from row to row
is the probability of getting the high and low amount under the Individual Pay.

These two features of our design ensure that we control for risk preferences
by design and account for beliefs at the moment that participants choose
between the Competitive Pay and the Individual Pay in each row. Thus, the
difference in the expected utility of Competitive Pay and Individual Pay at the
switching point in each decision set captures participants’ preferences for
competition. For instance, a participant is considered to be competition
seeking if she switches to the Individual Pay when her belief of winning the
tournament is lower than the probability of winning the HA under the
Individual Pay. Similarly, she is competition averse if she switches to the
Individual Pay when her belief of winning the tournament is higher than the
probability of winning the HA under the Individual Pay.

18Note that we randomize the position of the beliefs in the MPL from two rows above or below
the fifth row. In that way, we avoid that the beliefs are placed in one of the corners of the list.
In Appendix A2, we describe in detail how the probabilities in the Individual Pay are calculated
using as a reference the subjective belief.
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Part 3: Performance under selected payment-scheme

After the selection of the payment-scheme in the five MPLs, participants
perform the adding task knowing the payment-scheme and the specific rate
under which they will be paid for each answer in the task.19 The adding task
consists in adding-up sets of four two-digit numbers during four minutes. The
numbers are randomly drawn by the computer from a uniform distribution
with a support of 1 to 100. Participants are not allowed to use a calculator, but
they are provided a scratch paper. Every time they submit an answer, the
computer immediately informs them whether the answer is correct or
incorrect and a new sum is generated. In addition, the computer keeps a
record of the number of correct sums participants have. Importantly, although
participants know their absolute performance, they are never informed about
the performance of others in this task.

Part 4: Demographic questionnaire

As a final step, we ask all participants to complete a demographic
questionnaire about characteristics such as gender, age, number of siblings
and position among them, nationality, and level of education.20 In addition,
we add three unincentivized survey questions to elicit general competitiveness
on a 7-point scale (Buser et al., 2020; Fallucchi et al., 2020).21

Treatment variations

We use a 2x2 design, where between-subjects we vary the timing of the belief
elicitation task, and within-subjects we vary the size of the groups for the
Competitive Pay. The reason behind the first treatment variation is that
eliciting beliefs before the selection of the payment scheme as we described in
Part 2 could raise concerns of hedging effects. Therefore, we include an
additional treatment where beliefs are elicited after the selection of the
payment-scheme as a robustness check to account for this concern.22 Since we
need participants’ reported belief to estimate the probabilities displayed in the
Individual Pay, for this treatment we obtain the probabilities of the LA and HA
differently. Specifically, two additional decision sets are added at the
beginning of Part 2 to estimate participants’ subjective probability of being the
winner with the following 4 steps. First, we confront participants with an

19After participants choose from all 5 decision sets, one of them is randomly selected. Within
the selected decision situation, one of the 10 rows is randomly chosen as well. The type of
payment the participants chose in the selected row is used to determine how much they will
receive per correct sum in the adding task.

20We include controls for the number of siblings as some evidence suggests that having an
older sister is positively associated with women’s preferences for competition and negatively
associated with men’s preferences for competition (Okudaira et al., 2015).

21The survey questions used to measure general competitiveness can be found in Appendix
A3.

22Note that this second treatment has mainly a robustness check purposes, as we do not expect
preferences for competition to change with the order of belief elicitation task.
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initial decision set to understand their direct preferences between the
Competitive and the Individual Pay with their switching behavior in this initial
decision set. Second, we use participants’ choices in this first decision set, and
more specifically the number of times they choose the Competitive Pay, to
estimate the probabilities in the Individual Pay for the second additional
decision set. Third, we use the probability in the switching row and the
number of times participants chose Competitive Pay in the second additional
decision set to derive their final prediction. Forth, with the final prediction, we
estimate the probabilities of the Individual Pay for the final five decision sets in
the same way we did in the other treatment.23

We also vary the group size between three and six members within-subjects
to analyze whether participants are more or less willing to compete in larger
groups, and therefore, test for the role of the number of competitors on shaping
individual preferences for competition. Due to this within treatment variation,
all participants have to answer the belief elicitation question and select the
payment scheme twice, one time for a group size of three people and another
time for a group size of six people. Lastly, the order of the group size is counter-
balanced at experimental session level.24

4.2. Experimental procedures

The study was conducted at the Behavioral and Experimental Economics
Laboratory (BEElab) at Maastricht University. The experiment consisted of 11
sessions of 22 participants on average. We recruited in total 224 participants,
133 women and 91 men, through the online recruitment system ORSEE
(Greiner, 2015).

All participants signed an informed consent before participating in the study.
They received a e5 show-up fee and the total earnings were on average of e25.
One of the tasks was selected for payment purposes at the end of the experiment
and this was known by the participants from the beginning. The experiment
was programmed and executed with the software z-Tree (Fischbacher, 2007).

5. Results

To study whether a preference for competition exists, we first check whether
individual choices between a competitive and a non-competitive environment
are consistent in terms of switching behavior. Once we confirm that competitive
behavior is consistent in our experimental setting, we test whether such choices
can be captured non-parametrically by a preference for competition with the
location of the switching point in each decision set.

This section is divided into four parts. First, we provide descriptive statistics

23In Appendix A2, we describe in detail the four steps and how the probabilities are estimated
in this second treatment.

24Note that given the sample size of each experimental session (between 12 and 24
participants) the chances of a participant being matched with the same person twice are larger
than zero. However, participants never received feedback on their relative performance in the
group. Also, anonymity was always ensured during the whole experimental session.
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of our sample; second, we present a consistency analysis in terms of switching
behavior in the MPLs for the selection of the payment-scheme; third, we show
the results for the measurement of participants’ preferences for competition and
its variation at the individual level. Lastly, to link our findings with the literature
on gender differences in competition, we test for gender differences in both our
measurements of consistency and preferences for competition. For the whole
analysis, we separate our sample by the group size in the competition (i.e., by
groups of three or six people). Since we do not observe significant differences
in demographic characteristics or behavior between the two belief treatments
(i.e., belief elicitation before or after the selection of the payment scheme), we
pool the data from both treatments for the whole analysis.25

5.1. Descriptive statistics

Table 2.2 displays a summary of the average amount of correct sums in the
adding task and the average reported belief of being the winner in a group of
three and six people. Participants solve on average 11 sums correctly in both
groups and report an average belief of being the winner of 53% in a group of
three and 41% in a group of six people. A two-sample Wilcoxon ranksum
(Mann-Whitney) non-parametric test reveals the following patterns for the
different means displayed in Table 2.2. There are no differences in
performance conditional of the group size (p = 0.792), but significant
differences in the reported beliefs between the two group sizes (p < 0.01).
This finding suggests that people believe to have lower chances of winning the
tournament in a group of six people than in a group of three. In addition, we
observe that there are significant differences in performance between men and
women in a group of three and six people (two-sample Wilcoxon ranksum
Mann-Whitney test, p = 0.051 and p = 0.027, respectively). The
non-parametric test also shows that there are significant differences in beliefs
between men and women only in a group of six people but not in a group of
three people (p = 0.046 and p = 0.307, respectively).

5.2. Switching behavior

In this subsection, we conduct a consistency analysis for the switching
behavior during the choice of payment-scheme for future performance.
Specifically, our measurement of consistency has two main dimensions. Since
we did not impose a single switch restriction in our setting, the first dimension
captures the number of times participants switch within a decision set. We

25The results from Table 2.5 in Appendix A3 suggest that the demographic characteristics such
as gender, age, field of studies, nationality and amount of siblings are not statistically different
between the two treatments. Using a two-sample test with equal variances, we do not observe
any significant difference between treatments in any of these characteristics (all p-values are
above 0.5). In addition, when comparing the competitive behavior between treatments with
three survey questions about competitiveness, we also do not observe significant differences
between the answers provided by the participants in each of the treatments (see Table 2.6). In
Appendix A3, we provide a separate analysis for treatments 1 and 2, and test for differences in
consistency and preferences for competition between the two belief treatments.
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Table 2.2: Summary behavior in the experimental tasks

Group size
Women Men All
(n=133) (n=91) (n=224)

Adding Task
performance

3 10.87 12.27 11.44
6 10.72 12.07 11.27

Average 10.80 12.17 11.35

Average
reported belief

of being the winner

3 52.49 54.80 53.43
6 37.90 44.72 40.67

Average 45.19 49.76 47.05

Note: values represent the average performance in the adding task or average
reported belief for each category, i.e., different group sizes, gender, and all
participants.

consider an individual to be consistent if she switches at most once in a
decision set. The second dimension is about the direction of the unique switch,
which we define as rational switch. That is, a switch from the payment-scheme
with the lowest expected value to the one with highest expected value, and not
the other way around (i.e., from Competitive Pay to Individual Pay). Similarly,
an irrational switch is one that happens from Individual Pay to Competitive
Pay. Importantly, we are not only interested in participants that have at most
one rational switch in all five decision sets, but we also want to check that
most of the rational switching behavior is not driven by no-switching behavior
in most of the decision sets. For this purpose, we present a consistency
analysis both at the individual level, but also at the decision set level.

Figure 2.1 displays the average switching behavior at the decision set level
for the two different group sizes. That is, the percentage of decision sets for
each of the four possible switching behavior (i.e., rational switch, no switch,
multiple switch, and irrational switch). Regarding the participants competing
in a group of three players, we observe that around 19% of the decision sets
have zero switching points (i.e., participants stay in either Individual Pay or
Competitive Pay all the time), 2% have multiple switching points (i.e.,
participants switch multiple times from Individual Pay to competitive or the
other way around), and 77% of the decision sets have one rational switch (i.e.,
from the Competitive Pay to the Individual Pay). Lastly, around 1.9% of the
sets have an irrational switch (i.e., they switch from Individual Pay to
Competitive Pay). We observe a similar pattern for participants competing in a
group of six players. That is, around 19% of the decision sets have zero
switching points, 2.5% have multiple switching points, 76% of the decision
sets have a rational switch, and 2% of the sets have an irrational switch.

From Figure 2.1, we can conclude that for both group sizes around 95.5%
of the decision sets have either no switch at all (i.e., participants remain always
under the same payment scheme) or they have a rational switch. Using a two-
sample t-test with equal variances, we do not observe any significant difference
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Figure 2.1: Average switching behavior at set level

between group’s sizes for the percentage of sets with an irrational switch versus
the sets without an irrational switch (p = 0.651).

Figure 2.2 shows the percentage of participants with a rational switch in all
five decision sets, in three or four decision sets (i.e., majority), in less than two
decision sets (i.e., minority), or with one or more decision sets with irrational
switch.26 For participants in a group of three people, we observe that 54%
participants switch once in all five sets, 21% switch once in three or four sets,
15% switch in one or two sets, and only a 9% have one or more irrational
switch. Similarly, for participants in a group of six people, 46% participants
switch once in all five sets, 29% switch once in three or four sets, 13% switch
in one or two sets, and only a 12% have one or more irrational switch. Using a
two-sample t-test with equal variances, we do not observe any significant
difference between group’s sizes for the percentage of participants with an
irrational switch versus the sets without an irrational switch (p = 0.351).

The results from Figure 2.2 suggest overall that 91% of the participants in a
group of three people and 88% of the participants in a group of six people of
our sample have a rational switch or never switched in all five decision sets.27

However, since no-switching behavior is problematic for measuring preferences
for competition, for the rest of our analysis we keep only participants with a
unique rational switch in the majority of decision sets (i.e., three or more sets)
and no irrational switch in the other sets. That is, 76% of the participants
in a group size of three and 75% of the participants in a group of six (170

26Please note that in the second two categories of Figure 2.2, switched in a majority of sets and
switched in a minority of sets, the sets in which participants did not switch refer to sets where
there was no-switch at all as these categories are only for participants with no irrational switch.

27To obtain the percentage of participants that have a rational switch or never switched, we
subtract to 100% the value of irrational switch displayed in Figure 2.2 for each group size.
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Figure 2.2: Percentage of participants per rational switching behavior.

participants out of 224 for a group size of three and 168 participants out 224
for a group size of six).28

Summarizing the results from Figures 2.1 and 2.2, we conclude that
competitive behavior is highly consistent and rational at the individual and set
level for both group sizes. Furthermore, and even more relevant for measuring
preferences for competition, we observe that most of the switching behavior is
not driven by participants that did not switch at all from the Competitive Pay
to the Individual Pay.29

5.3. Measurement of Preferences for Competition

In this subsection, we look at the location of the switching point for the
participants that have one rational switch in most of the decision sets and do
not have any sets with irrational switch (170 participants for a group size of
three and 168 participants for a group size of six). We are interested in the
values of ωi obtained from Equation 2.4 at the individual level for a group of
three and six people. If participants have a defined competition seeking or
competition averse behavior, we should observe an ωi greater or smaller than
zero in most of the decision sets.

28In the Appendix A4, we present results including also the participants with an irrational
switch or the ones who did not switch in more than two decision sets. We do not observe
differences when compared to the main results presented in this section.

29Tables 2.7 and 2.8 in Appendix A3 display for the two beliefs treatments (i.e., beliefs before
and after the selection of the payment-schemes) the average switching behavior at the set and
individual level, respectively. A two-sample test with equal variances reveals that there are
no significant differences between treatments for the percentage of sets with an irrational switch
versus the sets without an irrational switch (p = 0.879) or between the percentage of participants
with an irrational switch and participants without an irrational switch (p = 0.346).
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Figure 2.3 displays the distribution of the median preferences for
competition at the individual level for the two different group sizes. That is,
per individual we obtain the median value of preferences for competition
across the five different decision sets for each of the two group sizes. The
patterns in Figure 2.3 suggest that at least 65% and 82% of the participants
have a preference different from zero for a group of three and six,
respectively.30 In addition, a test for equality of matched pairs reveals that the
median subject is slightly competitive in a group of six people (p < 0.001), but
not in a group of three (p = 0.938). Lastly, we also observe that participants
are more competitive in larger groups (exact Mann-Whitney ranksum test for
equality of medians, p < 0.001).31 Suggesting that increasing the number of
competitors in the tournament makes participants more competition seeking.

Figure 2.3: Distribution of ωi at the individual level.

In conclusion, the results from Figure 2.3 suggest that the majority of
participants (65% and 82%, for a group of three and six people respectively)
with a unique rational switch in three or more decision sets and no irrational
switch in the other sets are either competition averse (i.e., ωi < 0) or
competition seeking (i.e., ωi > 0).32

30For a group of three people, these are the summary statistics of ωi: mean=-0.62, median=-
0.08, sd=6.08, min value=-23.45 and max value=19.71. For a group of six people, the are the
summary statistics of ωi: mean= 1.71, median=2.27, sd=15.53, min value= -60.48 and max
value=55.95. Note that for simplicity, in Figure 2.3 we censored ωi to values between -16 and
16.

31Figure 2.7 in Appendix A3 displays the distribution of the preferences for competition at the
individual level for the two different treatments (i.e., beliefs before and after the selection of
the payment-schemes). Using an exact Mann-Whitney ranksum test for equality of medians,
we observe that there are no significant differences in preferences for competition between
treatments (p = 0.514).

32Note that although a decision error could center the distribution of ωi to zero as it seems
to be displayed in Figure 2.3, we believe this is not a concern in our results for two reasons.
First, for a group size of six people, there is a preference for competition significantly different
from zero. Second, we observe a small variation of preferences for competition at the individual
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Importantly, for obtaining the value of ωi we aggregate preferences for
competition across the five decision sets for each individual. However, to claim
the existence of a defined preference for competition we need to check for the
variation of such preferences at the individual level. Given that we have more
than one measure of preferences per individual, this analysis is possible with
our experimental design. We consider a preference for competition to be
defined if it has low variation at the individual level and it is the same in most
of the decision sets (either competition seeking, averse or neutral in at least
three decision sets).

First, we check for the variation of preferences for competition by looking
at the variation of ωi,n within participants and compare it to the variation in ωi
between participants, where n denotes the specific decision set. This analysis
helps us to understand whether preferences for competition have a small
dispersion, and therefore, capture a defined taste for competition in our
sample. If participants do not have a defined preference for competition, we
expect to observe a high dispersion of preferences at the individual level.
Thus, variation of preference at the individual level should be higher than the
variation of preferences between individuals.

Figures 2.4 and 2.5 display the distribution of interquartile ranges of ωi,n
versus the ranges of ωi which is represented by the vertical line, for a group
size of three and six, respectively.33 We observe that the interquartile range of
ωi,n for around 76% of participants in a group of three (see Figure 2.4) and
around 67% in a group of six (see Figure 2.5) is smaller than the interquartile
range of ωi. This suggests that most of the participants have a small variation
in their preferences for competition, and that for most of the participants, this
individual variation is smaller than the variation between participants.
Moreover, a two-sample Wilcoxon rank-sum test reveals significant differences
in the variance of preferences for competition between the two group sizes
(p < 0.001). This finding suggests that having a bigger number of competitors
increases the variation of preferences for competition.34

In short, the information from Figure 2.4 and 2.5 shows that for both groups
sizes around 74% of participants have a small variation in their preferences for
competition. As a next step, we describe in detail the observed variation in
preferences for competition, and more specifically, the direction or intensity of
the preferences for competition at the individual level.

level in both group sizes. In fact, one would expect a high variation of preferences if there is a
decision error in the individual choices.

33To build the distribution of interquartile ranges displayed in Figures 2.4 and 2.5 we use a
measure of statistical dispersion of preferences for competition within and between individuals.
Specifically, for each group size we look at the difference between 75th and 25th percentiles, or
between upper and lower quartiles, of individual preferences for competition ωi,n and compare
it with the average difference between both quartiles ωi.

34Figures 2.8 and 2.9 in Appendix A3 show the distribution of interquartile ranges of ωi,n

versus the ranges of ωi which is represented by the vertical line, for each treatment respectively.
The patterns in the figures suggest significant differences in the variance of preferences for
competition between treatments (two-sample Wilcoxon rank-sum test, p < 0.001)
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Figure 2.4: Interquartile ranges distribution of ωi,n within participants and the average
interquartile range between participants ωi (i.e., the vertical line) for a group size of 3.

Figure 2.5: Interquartile ranges distribution of ωi,n within participants and the average
interquartile range between participants ωi (i.e., the vertical line) for a group size of 6.

In Figure 2.6, we check for the intensity of preferences for competition, or
in other words, whether participants have or not the same type of preferences
for competition across the different decision sets. To obtain Figure 2.6, we
calculate the percentage of participants that have a defined competition seeking
(ωi,n > 0), competition averse (ωi,n < 0) or competition neutral (ωi,n = 0)
preferences in three or more decision sets among the five sets.

The left panel in Figure 2.6 reveals that for participants competing in a
group of three, 73.5% have a defined preference for competition. That is, a
preference that is the same in at least three decision sets. Precisely, 2.4%
participants have a defined competition neutral preference, 36.5% have a
defined competition seeking preference, and 34.6% have a defined
competition averse preference. Finally, 26.4% of participants do not have a
defined preference for competition. The right panel in Figure 2.6 reveals a
similar panel for a group of six people as 78.6% have a defined preference for
competition. Specifically, we observe that 4% participants have a defined
competition neutral preference, 51.2% have a defined competition seeking
preference, 23.2% have a defined competition averse preference and 21.4%
participants do not have a defined preference for competition. Using a
two-sample Wilcoxon rank-sum test, we observe significant differences in the
intensity of preferences for competition between the two group sizes
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Figure 2.6: Intensity of Preferences for Competition, ωi

(p < 0.001).35 In line with the observed differences in preferences for
competition between the two groups sizes in Figure 2.3, Figure 2.6 also shows
that participants have more defined competition seeking preferences when
they were competing in a group of six people than when they were competing
in a group of three.

5.4. Gender differences

Since our findings might be informative for the literature in gender differences
in competitiveness, we also test whether there are gender differences in the
outcomes presented above, both in terms of consistency and preferences for
competition. All the respective figures for this section can be found in Appendix
A3.

To compare competitive behavior between men and women, we need to
ensure first that there are no gender differences in the consistency of the
choices they make in a competitive environment. For our two measurements
of consistency in switching behavior, our findings do not reveal any significant
gender differences. Specifically, there are no significant gender differences
between men (mean = 0.982, sd = 0.004) and women (mean = 0.978,
sd = 0.004) for the percentage of sets with an irrational switch versus the sets
without it (two-sample test with equal variances, p = 0.4758). Similarly, we do
not find significant difference between men (mean = 0.917, sd = 0.020) and
women (mean = 0.883, sd = 0.019) for the percentage of participants with an
irrational switch versus the sets without an irrational switch (two-sample test
with equal variances, p = 0.2435).

For our measurement of preferences for competition, we consider only the

35Figure 2.9 in Appendix A3 shows the intensity of preferences for competition by treatment.
Using a two-sample Wilcoxon rank-sum test, we observe significant differences in the intensity
of preferences for competition between treatments (p < 0.001).
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men and women with a majority of decision sets with a rational switch. For
men, we remain with 67 participants (out of 91) for the group size of three and
with 69 (out of 91) for a group size of six. For woman, we remain with 103
participants (out of 133) for the group size of three and with 99 (out of 133)
for a group size of six. Using a two-sample Wilcoxon ranksum test for equality
medians, we do not observe gender differences in preferences for competition
(i.e., the ωi’s values at the individual level for men and women) (p = 0.203) nor
significant differences in the variance of preferences for competition between
men and women (p = 0.107). Lastly, using a two-sample Wilcoxon rank-sum
test, we also do not find significant differences in the intensity of preferences
for competition between men and women (p = 0.135). In conclusion, we do
not find any evidence of gender differences in preferences for competition or
consistency in competitive behavior in our laboratory setting.

6. Discussion and conclusions

This study uses an experimental design to measure non-parametrically
preferences for competition at the individual level. We modify the
experimental task developed by Niederle and Vesterlund (2007) to control for
risk preferences by design, account for overconfidence carefully, and generate
a rich data set at the individual level. Our results reveal the existence of a
highly consistent preference for competition, that can be captured irrespective
of risk preferences and is highly defined for most of the participants as it does
not vary with changes in the competition stakes or group size.

To test for consistency of individual’s choices in competition, we look at the
switching behavior during the selection of the payment-scheme. Our results
reveal that competitive behavior is highly consistent and rational, and that this
is the case for both belief treatments and group sizes. In fact, 95% of the
decision sets contain a rational choice and 89% of participants make all
choices rationally. That is, the majority of sets and participants have at most
one single switch between the Competitive and Individual Pay. We also
observe that most of these rational choices are not driven by extreme behavior
where there is no switch at all (i.e., 76% of the participants of our sample
switched rationally in most of the decision sets). Given that our main goal is to
measure preferences for competition, we need to guarantee that individual
choices can be interpreted directly from the choices between the two
payment-schemes in the different decision sets. We ensure this by calculating
preferences for the 76% of the participants that have a rational switch in most
of the sets and taking the individual median preference for competition across
the five decision sets.

We capture individual preferences for competition by looking directly at the
location of the switch in each decision set. Our findings suggest that most of
the participants have a preference for competition, as 75% of our sample
switches when they are not indifferent between the two payment-schemes. In
addition, such preferences for competition are well defined at the individual
level for most of our sample as 74% of participants have a small variation in
their preferences across the five decision sets. These findings lead us to
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conclude that most of our participants display a defined competition seeking
or competition averse preferences. Moreover, connecting this result to our
theoretical framework, it suggests that preferences for competition can have
an additive shape in the utility participants derive from money in a
competitive environment. Although our design only introduces the possibility
of an additive shape for these preferences, we believe that this finding can be
informative to develop a more accurate measure of preferences for
competition. For instance, knowing that there is a fixed taste for competition
irrespective of one’s risk attitudes, but conditional only on the competition
stakes can inform better policymakers when targeting competitive
environments. Note that a natural extension to our setting will be to allow for
interactions between risk and competition preferences in the utility function.
36

Recently, the existence of the competitive trait has been questioned given
the limitations of the most common approach used to measure this trait, see
for instance Gillen et al. (2019); van Veldhuizen (2017). However, extensive
literature in experimental economics has pointed out the relevance of
preferences for competition in explaining individual heterogeneity in a
competitive environment, and also differences in educational and labor
market outcomes (Buser et al., 2014; Berge et al., 2015; Reuben et al., 2015;
Buser et al., 2017a,b; Reuben et al., 2017; Kamas and Preston, 2018; Zhang,
2019; Buser et al., 2020; Fallucchi et al., 2020). Our findings contribute to this
discussion as they suggest that even after accounting for risk preferences by
design and measuring overconfidence carefully, the trait of competition
explains highly individual differences in a competitive environment.

Our results also reveal that 75% of participants have competition seeking
(45%) or competition averse preferences (30%). This profile of preference
suggests a high heterogeneity of preferences for competition. Given that
competition is present in every aspect of our lives, for instance in markets,
education, and social status, it seems crucial to acknowledge that a high share
of the population dislikes competition or do not even have a particular taste
for it (around 22% of our participants do not have a consistent preference for
or against competition). Also, a possible venue for future research will be to
understand how this individual heterogeneity interacts with other individual
traits or cultural aspects of our lives.

Our study suggests that the median participant is competition seeking and
that this type of preference is significantly stronger in participants that
compete in a group of six in comparison to a group of three people. Moreover,
bigger groups also display a higher variance of preferences at the individual
level. Interestingly, when looking at differences in beliefs between the two
group sizes, we find that participants are less confident of winning the
tournament in a group of six than in a group of three people as one would
expect. It is intriguing that despite having lower beliefs of winning the

36I discuss this possibility extensively in Chapter 4 of this dissertation, as neglecting the
structural relation between both preferences could lead to biased estimates (Andersen et al.,
2008). Interestingly, the findings from Chapter 3 also support the existence of an additive
preference for competition.
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tournament in a group of six people, participants are more competition
seeking in bigger groups than in small ones. Unfortunately, our design cannot
bring light on the driving factors of these results, as social comparison and
reputation might play an important role when changing the number of
competitors and we did not target them in our design.37 We believe a more
detailed design that allows for changes in social comparison and reputation
will be needed to understand the driving differences of preferences for
competition with a different number of competitors.

In general, the findings on group size suggest that the number of
competitors plays an important role at the moment of shaping individual
preferences for competition. There are very few attempts to test the role of the
group size on competitors’ behavior. Overall, the literature in psychology
suggests that competitors’ motivation decreases when the number of
competitors increases, and that this effect is mediated by social comparison
(Garcia and Tor, 2009; Hanek et al., 2016). However, these studies do not
account for participants’ overconfidence or risk attitudes, which makes it
difficult to compare them with our setting. Regarding contests, the literature
in economics suggests that increasing the number of competitors decreases the
chances of any competitor to win, and therefore, reduces incentives to exert
effort (Che and Gale, 2003). In addition, it is also suggested that higher
uncertainty reduces the negative effect of added competitors on incentives
(Boudreau et al., 2011). In a setting free of uncertainty like ours, we do not
observe the same pattern for bigger groups of competitors, given that the level
of effort is the same in both group sizes. These opposite findings might
highlight the role of uncertainty in a competitive environment. We believe
further research is needed to precisely address the role of the number of
competitors on preferences for competition, and also to target the role that
risk preferences can play in it.

To account for possible hedging effects, we include as a robustness check a
treatment variation where we vary the order of the belief elicitation task with
respect to the selection of the payment-scheme. We perform a separate
analysis for these two treatments in Appendix A3. Our results do not reveal
significant differences in the switching behavior or the existence of preferences
for competition between these two treatments. However, we observe some
puzzling differences in the size of these preferences between these two
treatments. Preferences for competition have more extreme values (both
negative and positive) in the treatment where beliefs are elicited after the
selection the payment-scheme. Also, we observe a higher variance in
preferences in the treatment where beliefs are elicited after. Lastly, the
intensity of preferences changes between our two treatments. Similar to
changes in the group size, these findings reveal that changes in the
environment, such as asking beliefs before or after, can shape differently
individual preferences for competition. Although it is known that the belief

37In principle, these factors should not play a role in our design as we did not provide relative
feedback to our participants. However, we cannot ensure this as we did not elicit individual
beliefs on this matter.
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elicitation method can influence participants’ actions in a strategic setting
(Blanco et al., 2010; Rutström and Wilcox, 2009; Gächter and Renner, 2010),
there is not much evidence on the consequences of changing the order of the
belief elicitation has on economic behavior and this could be addressed in
future research.

An additional point of discussion concerning the belief elicitation task is
about the possibility of a biased measure of beliefs due to our elicitation
technique. Although we cannot ensure that our belief elicitation method is
completely free of measurement error, we consider there are some reasons
why we can trust the beliefs provided by participants in our study. First, we
use the binarized quadratic scoring rule which offers incentives for
truth-telling for a wide range of risk preferences and outperforms other
scoring rules and unincentivized elicitations mechanisms (Gächter and Renner,
2010; Wang, 2011; Hossain and Okui, 2013; Harrison and Phillips, 2014;
Trautmann and van de Kuilen, 2015). Second, in our setting, there is not an
objective prior and it is impossible to test the accuracy of beliefs with respect
to a true outcome. An accurate belief of being the winner is not the one that
approaches the truth chance of being the winner in the competition, but it is
the actual belief that participants use at the moment of choosing whether to
compete or not. In consequence, the best we can do in our design is to
increase the chances of true telling when it comes to the belief elicitation task.
With an incentivized BSR we partly ensure this is the case. Lastly, after the
belief elicitation task, we add some noise to the participants’ subjective beliefs
for the selection of the payment-scheme to construct the probabilities in the
Individual Pay. We consider that this noise could help us to account for small
deviations participants might have in their beliefs.

Furthermore, recent evidence suggests that providing precise information
on the BSR quantitative incentives can alter the truth-telling over an objective
prior (Danz et al., 2020). Danz et al. (2020) findings suggest that the false
reports in beliefs arise from thinking in terms of probabilities, but it is not
entirely clear if this will apply as well to expected earnings. We believe that in
our experiment this is not a concern given two features of our belief elicitation
task. First, even though we provide details about the quantitative incentives,
participants are only informed about the consequences of their selected beliefs
in terms of expected earnings and not in terms of the probability of winning the
prize. Second, participants have an additional interface that translates every
possible likelihood of being the winner in the tournament into terms of ranking
(i.e., how one’s performance ranks in comparison to the performance of all the
other participants). This novel feature of our design helps participants that
have problems with thinking in terms of probabilities to understand better the
belief elicitation task.

Lastly, we also test for gender differences in consistency and preferences for
competition in our experimental setting. Contrary to most of the literature in
gender differences in competition (Gneezy et al., 2003; Booth and Nolen,
2012; Dariel et al., 2017; Saccardo et al., 2018), our findings suggest that men
and women do not differ in preferences for competition. We show that the
common finding that women are less likely to select into a competitive
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environment because they dislike competition more than men (Niederle,
2014), seems to vanish when we control for risk preferences by design. This
result is in line with Gillen et al. (2019) and van Veldhuizen (2017) who also
observe that gender differences for competition are not captured by the
competitive trait. We consider this finding can help to inform policies oriented
to increase the representation of women in competitive environments. For
instance, targeting other traits such as risk attitudes, overconfidence, and
other factors not present in this experiment, could be more effective than
targeting the trait of competition itself.
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Appendix

A1. Theoretical framework – Additional details

To obtain Equation 2.4 in our theoretical framework, we use the following two
equations:

beliefi∗U(πHi , C)+(1−beliefi)∗U(πLi , C) > probHi ∗U(πHi , 0)+(1−probHi )∗U(πLi , 0),

and

U(πi, C) = U(πi, 0) + θi.

In addition, we assume without loss of generality that U(π, 0) = U(π)) to
obtain the following expression:

beliefi ∗ [U(πHi ) + θi] + (1− beliefi) ∗ [U(πLi ) + θi] > probHi ∗ U(πHi ) + (1− probHi ) ∗ U(πLi )
beliefi ∗ [U(πHi )− U(πLi )] + θi + U(πLi ) > probHi ∗ [U(πHi )− U(πLi )] + U(πLi )

θi > (probHi − beliefi)[U(πH)− U(πL)]

A2. Experimental design – Additional details

In this first section of the appendix we provide additional details for our
experimental design. Specifically, we provide additional information for the
selection of the payment-scheme task and the belief elicitation tasks.

Part 2 - Selection of the payment-scheme

In Table 2.3, we describe the HA and LA for the five decision sets in Part 2 of
the experimental design.

Table 2.3: Values for the lotteries in the five decision sets

Decision set
High amount
(HA in euros)

Low amount
(LA in euros)

1 4 0
2 6 0
3 1.5 0
4 4 1
5 2 0.5

Part 1a - Beliefs before selection of the payment scheme

In this subsection, we explain in detail how we obtain the probabilities for
the Individual Pay from the subjective beliefs participants provide in the belief
elicitation task. We refer to the subjective belief as Prediction and use it to
estimate the reference probability, i.e., Refprob, used in the Individual Pay. As
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a first step, we take Prediction and add a random number between 2.5 and
-2.5, as displayed below:

Refprob = round[Prediction+ (1− 2 ∗ random()) ∗ 2.5, 1]; (2.1)

Thus, for each decision set x, where x ∈ [1, 5], and group size size, where
size ∈ {3,6}, we ensure the Refprob has a minimum value within the range of
the subjective belief, with the following logic formula38:

Refprob = min[Refprob, 92 + if(x = 2, 4, 0)
if(x = 3,−4, 0)
if(x = 5,−8, 0)
if(x = 4 & size = 6,−4, 0)
if(x = 4 & size = 6,−4, 0)]

(2.2)

And that for each decision set x and group size size, Refprob has a
maximum value within the range of the subjective belief, with the following
logic formula:

Refprob = max[Refprob, 10 + if(x = 2,−5, 0)
if(x == 3, 5, 0)
if(x == 5, 10, 0)
if(x = 4 & size = 6, 5, 0)
if(x = 6 & size = 6, 5, 0)]

(2.3)

With this value ofReprob, we calculate for each decision set x the probability
in the Individual Pay in every row z ( i.e., IPx(z)), with the formulas in Table
2.4, where z ∈ [1, 10].

Table 2.4: Probability values for the Individual Pay in Treatment 1

Decision set
x

Probability in the Individual Pay
IPx(z)

1 IP1(z) = Refprob+ 2 ∗ (z − 6)
2 IP2(z) = Refprob+ 1 ∗ (z − 6)
3 IP3(z) = Refprob+ 3 ∗ (z − 6)
4 IP4(z) = Refprob+ if(size == 3, 2, 3) ∗ (z − 6)
5 IP5(z) = Refprob+ 4 ∗ (z − 6)

38Note that the expression if(x = a, b, c) is interpreted as: if the decision set is equal to a,
then take the value of b, otherwise take the value of c.
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Part 1b - Beliefs after selection of the payment scheme

In this second treatment, participants face two additional decision sets to the
five decision sets they face in treatment one. In the following steps, we describe
in detail how we obtain the probabilities displayed in the Individual Pay in the
five decision sets.

1. From the first additional set, we take the number of times participants
choose the Competitive Pay and multiply this amount by ten (we call this
value Prediction1). With Prediction1, we generate the probabilities for
the second additional decision set for each row z in the Individual Pay,
where z ∈ [1, 10]. Specifically, for each row z, the individual probability
is calculated with the following logic equation:

IP (z) = 30 + if(Prediction1 > 35, 25, 0) + if(Prediction1 > 65, 20, 0) + 5 ∗ (z − 6)
(2.4)

Equation 2.4 calibrates the obtained value of Prediction1 and transforms
it into 10 different probabilities IP (z) for each row z in the Individual
Pay. That is, it ensures that for any value of Prediction1, the probabilities
in IP (z) do no exceed 100 and are in the range around their predicted
belief from the first set.

2. After we obtain the switching behavior of participants in the second
additional decision set, we take the number of times participants choose
the Competitive Pay and multiply this amount by ten (we call this value
Prediction2). Similar to the first prediction, we calibrate Prediction2
with With Equation 2.5:

Prediction2 = 2.5 + if(Prediction1 > 35, 25, 0) + if(Prediction1 > 65, 20, 0)
(2.5)

3. With Equation 2.5, we calibrate this prediction with the number of times
the individual choose the Competitive Pay in this second set:
FinalPrediction = Prediction2 + 5∗(Number of times Competitive Pay).
With this last FinalPrediction, we calculate the reference probability
(i.e., Refprob) as we did for treatment 1 (see equations 2.1, 2.2, 2.3,
and Table 2.4).
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A3. Analysis separate by treatment

Descriptive statistics

To claim that there are no differences among the participants assigned to the
treatments where belief are elicited before and after the selection of the
payment-scheme, we compare the demographic characteristics of both groups
first. Table 2.5 shows a description of different demographic variables in both
treatments. We test for differences in the dummy variable Gender that takes
the value of one for women; the dummy variable for Economics that takes the
value of one if the field of studies is either economics, business or finance and
zero otherwise; the dummy variable for Nationality EU that takes the value of
one if the nationality is from an European country and zero otherwise. We also
account for Age; and the number sisters and brothers individuals grow up with
in their household with the variables Sisters and Brothers; and lastly for the
position among their siblings.

Table 2.5: Descriptive statistics by treatment

Treatment 1 Treatment 2
(n=107) (n=117) p-value

Age (mean) 21.17 21.15 0.938
Gender 58.87% 59.82% 0.885
Economics 69.15% 72.64% 0.567
Nationality EU 86.91% 87.17% 0.953
# Sisters 0.71 0.65 0.624
# Brothers 0.85 0.77 0.683
Position 1.34 1.35 0.916

Note: values represent the means for the variables gender,
sisters and brothers and position. The p-values correspond to
a two-sample test with equal variances.

In addition to the demographic characteristics, we also compare whether
there are differences in competitive behavior between the two treatments. For
this purpose we use the following three questions: Q1 Competitiveness– I see
myself as someone who enjoys winning and hates losing. Q2 Competitiveness–
I see myself as someone who enjoys competing, regardless of whether I win or
loss. Q1 Competitiveness– I see myself as a competitive person. The answers
to these three questions could range from 0 to 6, where 0 means "completely
disagree" and 6 "completely agree". Table 2.6 summarizes the answers to these
three questions by treatment.

Results

In this subsection we present the results for consistency and measurement of
preferences for competition separate for the treatments where beliefs are elicit
before and after the selection of the payment-scheme.

Table 2.7 displays the average switching behavior at set level for the two
different treatments. Similarly, Table 2.8 displays the average switching
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Table 2.6: Competitiveness by treatment

Treatment 1 Treatment 2 p-value
Q1 Competitiveness 4.21 4.29 0.672
Q2 Competitiveness 3.41 3.62 0.340
Q3 Competitiveness 4.21 4.22 0.970

Note: values represent the means for each of the three questions.
The p-values correspond to a two-sample test with equal variances.

behavior at the individual level for the two different treatments. Using a
two-sample test with equal variances we do not observe any significant
difference between treatments for the percentage of sets with an irrational
switch versus the sets without an irrational switch (p = 0.879) or the
percentage of participants with an irrational switch (p = 0.346).

For the results of measurement of preferences for competition, Figure 2.7
shows the distribution of ωi for both treatment and Figure 2.8 show the
intensity of these preferences (i.e., whether they are consistently positive,
negative or neutral is three or more decision sets). Lastly, Figure 2.9 and 2.10
show the variance of the preferences for competition at the individual level
and compares it with the variation between individuals for both treatments.

Table 2.7: Average switching behavior at decision set level

Treatment
T1: Beliefs before T2: Beliefs after

Rational switch 68.04% 84.19%
No switch 26.07% 12.82%
Multiple switch 3.83% 1.03%
Irrational switch 2.06% 1.97%

Table 2.8: Average switching behavior at the individual level

Treatment
T1: Beliefs before T2: Beliefs after

Switched in all sets 44.86% 54.70%
Switched in a majority of sets 20.56% 29.91%
Switched in a minority of sets 22.90% 6.41%
One or more irrational choice 11.68% 8.97%
Total (n) 214 234

Using exact Mann-Whitney ranksum test for equality of medians, we
observe that that there are no significant differences in preferences for
competition between treatments (p = 0.514).
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Figure 2.7: Preferences for Competition by treatment, ωi

Figure 2.8: Interquartile ranges distribution of ωi for treatment 1

Figure 2.9: Interquartile ranges distribution of ωi for treatment 2
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Figure 2.10: Intensity of Preferences for Competition by treatment
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A4. Analysis whole sample - Including inconsistent participants

In this subsection we present the results measurement of preferences for
competition without removing the participants that have inconsistent
switching behavior or have less than three decision sets with a rational switch.

Figure 2.11 shows the distribution of ωi for both group sizes and Figure
2.14 show the intensity of these preferences (i.e., whether they are consistently
positive, negative or neutral is three or more decision sets). Lastly, Figure 2.12
and 2.13 show the variance of the preferences for competition at the individual
level and compares it with the variation between individuals for both group
sizes.

Figure 2.11: Distribution of ωi - Whole sample.

Figure 2.12: Interquartile ranges distribution of ωi for a group of three - Whole sample.
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Figure 2.13: Interquartile ranges distribution of ωi for a group of six - Whole sample.

Figure 2.14: Intensity of Preferences for Competition- Whole sample.

A5. Analysis by gender

In this subsection we present the results for consistency and measurement of
preferences for competition separate for men and women.

Figure 2.15 displays the average switching behavior at set level for the two
different treatments. Similarly, Figure 2.16 displays the average switching
behavior at the individual level for the two different treatments.

For the results of measurement of preferences for competition, Figure 2.17
shows the distribution of ωi for both treatment and Figure 2.19 shows the
intensity of these preferences (i.e., whether they are consistently positive,
negative or neutral is three or more decision sets). Lastly, Figure 2.18 shows
the variance of the preferences for competition at the individual level and
compares it with the variation between individuals for both treatments.
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Figure 2.15: Consistency at set level by gender

Figure 2.16: Consistency at the individual level by gender
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Figure 2.17: Preferences for Competition (in euros) - Distribution of ωi at the individual
level by gender.

Figure 2.18: Interquartile ranges distribution of Delta at the individual level by gender.
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Figure 2.19: Intensity of Preferences for Competition by gender
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A6. Instructions

General Instructions - both group sizes
Welcome to the experiment.39 In the experiment today, you will be asked to
complete five tasks. Before each task, you will receive detailed instructions
and description of how your earnings in that task are determined.

Your total earnings at the end of the experiment are the sum of the following
two components:

1. A e10 show-up fee;
2. Your earnings in one of the five tasks.
Specifically, at the end of the experiment, one of the five tasks you will
complete during the experiment will be randomly chosen for payment
purposes.

During the experiment, the use of cell phones is prohibited. All your
information, decisions, and performance during this experiment are
anonymous.

If you have a question, please raise your hand. An experimenter will come and
answer your question in private.

Now you will start Task 1, please read the instructions of Task 1 carefully.

[new page]

Task 1
In Task 1, you will be randomly assigned to a group of three[six] participants.
In other words, you will be matched with two[five] other participants in the
room.

In Task 1 you will be given four minutes to calculate a series of sums of four
two-digit numbers (see Figure 1). You cannot use a calculator, but you are
welcome to use the provided scratch paper. You submit an answer by clicking
the button "Next". When you submit an answer, the computer will immediately
tell you whether the answer is correct or incorrect and a new sum is
generated.

Your earnings in Task 1 depend on your number of correct sums. Specifically,
you can earn either a high amount or a low amount per correct sum. The high
amount will vary between e1.5 and e6 per correct sum, and the low amount
will vary between e0 and e1. You will be given the precise values before you
perform the task. Whether you are paid a high amount or a low amount
depends on your choices. Before you perform the task, you will choose

39The text font, the size and the appearance of images have been adapted from the original
instruction version.
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Figure 1

between Individual Pay and Competitive Pay. The two payments schemes
are as follows:

Individual Pay: if you choose Individual Pay, whether you receive a high or low
amount per correct sum depends on chance. With Individual Pay your earnings
do NOT depend on the performance of others in your group.
Competitive Pay: if you choose Competitive Pay, whether you receive a high
or low amount per correct sum depends on your performance and the
performance of the other two[five] members of your group.

Specifically, you will be your group’s winner if you solve more sums in Task 1
than all others in your group in Task 1. If there are ties, the winner will be
randomly determined among the tied group members. If you are your group’s
winner, you will receive the high amount per correct sum.

If you are NOT your group’s winner, then you are one of the two losers in the
group. If you are one of the group’s losers, you will receive the low amount
per correct sum.

PRACTICE ROUND: Before Task 1 starts, you will have two minutes to get
familiar with the screen and to practice the calculation of series of sums of
four two-digit numbers. Please notice that your answers in this practice round
will not be considered for your earnings in this experiment.

Once you are done reading, click on the “NEXT” button on your screen.
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TASK 2 - Group of three

In this task, you can earn money by answering the following question:

How likely do you think it is that you are the winner of your group in Task
1?

Your answer can go from 0 (meaning you are completely certain that you are
not the winner of your group) to 100 (meaning you are completely certain
that you are the winner of your group). Your earnings in Task 2 can be either
e0 or e20. The probability of earning e20 depends on two things:

1. The actual outcome (whether you are the winner or a loser in your group).
2. The likelihood you selected as the answer to the question above.

The closer the likelihood you choose is to your actual outcome in Task 1, the
higher the probability you have of earning e20. This probability is based on
the formulas you see in the footnote.40 It is not necessary for you to
understand precisely the formulas, but it’s important that you know that these
formulas have been designed so that your expected earnings are higher the
closer your answer is to your actual likelihood of being your group’s
winner.

To help you to think about your likelihood of being your group’s winner, it is
useful to think how your performance in Task 1 ranks compared to the
performance of all participants. The table provided in the next page displays
this information. In the table you can see for each possible rank (from being
on the top 0% to being on the top 100%) the likelihood that someone with
that rank is the winner of a group of three.

The numbers on the table are calculated based on you being randomly
assigned to a group of three people. For example, imagine that your
performance in Task 1 puts you in the Top 10%. This means that you
performed better than 90% of all participants in the study and you performed
worse than around 10% of all participants in the study. Then for you to be the
winner it must be the case that ALL TWO of the other members of your group
have a worse rank than you. In other words,

• You have been randomly matched ONLY with participants who ALL come
from the 90% of participants who performed worse than you, and

• You have NOT been randomly matched with ANY of the 10% of
participants who performed better than you. The table shows that, for
someone in the Top 10%, the likelihood that this happens is 81.00%.

40Probability of earning e20 if you are the winner = 1− (1− Y ourselectedlikelihood/100)2

Probability of earning e20 if you are one of the losers = 1− (Y ourselectedlikelihood/100)2
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Figure 2.20: Ranking table

You will indicate your likelihood of being your group’s winner in a screen like
the one below. As you can see, there are two sliders in the top part of the
screen. You can select your answer by moving the cursors in these two
different sliders:

• In the black slider, you can select your likelihood of being the winner of
your group. Your answer can go from 0% (meaning you are completely
certain that you are not the winner of your group) to 100% (meaning you
are completely certain that you are the winner of your group).

• In the green slider, you can select how your performance in task 1
ranks compared to the performance of all participants.
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Your answer can go from Top 100% (you performed worse than ALL
other participants of the study) to Top 0% (you performed better than
ALL other participants in the study).

Please notice that the information displayed in both sliders is always
consistent with each other. In other words, when you select a likelihood on the
black slider, the cursor on the green slider will automatically mark the rank
associated with your selected likelihood. Similarly, when you select a rank on
the green slider, the cursor on the black slider will automatically mark the
likelihood associated with your selected rank. The values of the sliders are
based on the numbers you can see in the table of the previous page.

The cursors will appear on the sliders only after you have clicked on one of the
sliders for the first time.

Figure 2.21: Task 2 - Screen example
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To help you to understand the consequences of your choice, below the sliders,
you will also see the expected earnings associated to your choice in the two
possible outcomes: in case you are the winner, and in case you are one of
the losers of your group. You will obtain the highest expected earnings if your
answer equals the actual likelihood of you being the winner.

Please remember that your earnings in Task 2 are either e0 or e20, therefore,
your expected earnings are equal to e20 multiplied by the probability of
earning the e20 (which is calculated with the formulas in footnote 1).

We provide an example below to illustrate how your earnings depend on your
answers (note that the numbers used in this example are not indicative of
what constitutes a good or bad answer in this task).

Example
Imagine that among the students taking part in this study, your performance in
Task 1 puts you in the Top 30%. In other words, 70% of the study participants
performed worse than you did and 30% performed better than you did. Recall
that, for you to be the group’s winner, it must be the case that ALL TWO of the
other members of your group come from the 70% of participants who
performed worse than you did. In this example, the probability that this occurs
is 49.00% (see the table).

Suppose that your answer is 49.00% in the black slider and Top 30% in the
green slider, as shown in the screen below.
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Then, as you can see with the bar graph in the screenshot:

• If you turn out to be the winner of your group, you can expect to earn
in Task 2 e14.80 on average (= e20 × probability of earning e20 if you
are the winner).

• If you turn out to be one of the losers of your group, you can expect to
earn in Task 2 e15.20 on average (= e20 × probability of earning e20
if you are one of the losers).

Since the actual likelihood that you are the winner of your group is 49.00%,
this means that 49.00% of the time you are the group’s winner and 51.00% of
the time you are one of the losers. Overall, this means that you can expect to
earn in Task 2 e15.00 on average (e15.00 = 0.49 × e14.80 + 0.51 ×
e15.20).

Now let’s see what happens if you answer differently.

Continue to suppose that your performance places you in the Top 30%.
However, imagine that this time your answer is 77.44% in the black slider and
Top 12% in the green slider, as shown in the screen below.

Then, as you can see with the bar graph in the screenshot:
• If you turn out to be the winner of your group, you can expect to earn in

Task 2 e18.98 on average (e20 × probability of earning e20 if you are
the winner).

• If you turn out to be one of the losers of your group, you can expect to
earn in Task 2 e8.01 on average (e20 × probability of earning e20 if
you are one of the losers).
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Since the actual likelihood that you are the winner of your group is still
49.00% (remember that you actually are in the Top 30%), this means you can
expect to earn in Task 2 e13.39 on average (e13.39 = 0.49 × e18.98 +
0.51 × e8.01).

Note that e13.39 is lower than e15.00, which are the expected earnings from
reporting 49.00% in the black slider and Top 30% in the green slider.

In conclusion and to reiterate, you will obtain the highest expected earnings in
Task 2 if your answer equals your actual likelihood of being the group’s
winner in Task 1.

Once you are done reading, click on the “Next” button on your screen.
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TASK 2 - Group of six

In this task, you can earn money by answering the following question:

How likely do you think it is that you are the winner of your group in Task
1?

Your answer can go from 0 (meaning you are completely certain that you are
not the winner of your group) to 100 (meaning you are completely certain
that you are the winner of your group). Your earnings in Task 2 can be either
e0 or e20. The probability of earning e20 depends on two things:

1. The actual outcome (whether you are the winner or a loser in your group).
2. The likelihood you selected as the answer to the question above.

The closer the likelihood you choose is to your actual outcome in Task 1, the
higher the probability you have of earning e20. This probability is based on
the formulas you see in the footnote.41 It is not necessary for you to
understand precisely the formulas, but it’s important that you know that these
formulas have been designed so that your expected earnings are higher the
closer your answer is to your actual likelihood of being your group’s
winner.

To help you to think about your likelihood of being your group’s winner, it is
useful to think how your performance in Task 1 ranks compared to the
performance of all participants. The table provided in the next page displays
this information. In the table you can see for each possible rank (from being
on the top 0% to being on the top 100%) the likelihood that someone with
that rank is the winner of a group of three.

The numbers on the table are calculated based on you being randomly
assigned to a group of six people. For example, imagine that your performance
in Task 1 puts you in the Top 10%. This means that you performed better than
90% of all participants in the study and you performed worse than around
10% of all participants in the study. Then for you to be the winner it must be
the case that ALL FIVE of the other members of your group have a worse rank
than you. In other words,

• You have been randomly matched ONLY with participants who ALL come
from the 90% of participants who performed worse than you, and

• You have NOT been randomly matched with ANY of the 10% of
participants who performed better than you. The table shows that, for
someone in the Top 10%, the likelihood that this happens is 81.00%.

41Probability of earning e20 if you are the winner = 1− (1− Y ourselectedlikelihood/100)2

Probability of earning e20 if you are one of the losers = 1− (Y ourselectedlikelihood/100)2
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You will indicate your likelihood of being your group’s winner in a screen like
the one below. As you can see, there are two sliders in the top part of the
screen. You can select your answer by moving the cursors in these two
different sliders:

• In the black slider, you can select your likelihood of being the winner of
your group. Your answer can go from 0% (meaning you are completely
certain that you are not the winner of your group) to 100% (meaning you
are completely certain that you are the winner of your group).

• In the green slider, you can select how your performance in task 1
ranks compared to the performance of all participants.
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Your answer can go from Top 100% (you performed worse than ALL
other participants of the study) to Top 0% (you performed better than
ALL other participants in the study).

Please notice that the information displayed in both sliders is always
consistent with each other. In other words, when you select a likelihood on the
black slider, the cursor on the green slider will automatically mark the rank
associated with your selected likelihood. Similarly, when you select a rank on
the green slider, the cursor on the black slider will automatically mark the
likelihood associated with your selected rank. The values of the sliders are
based on the numbers you can see in the table of the previous page.

The cursors will appear on the sliders only after you have clicked on one of the
sliders for the first time.
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To help you to understand the consequences of your choice, below the sliders,
you will also see the expected earnings associated to your choice in the two
possible outcomes: in case you are the winner, and in case you are one of
the losers of your group. You will obtain the highest expected earnings if your
answer equals the actual likelihood of you being the winner.

Please remember that your earnings in Task 2 are either e0 or e20, therefore,
your expected earnings are equal to e20 multiplied by the probability of
earning the e20 (which is calculated with the formulas in footnote 1).

We provide an example below to illustrate how your earnings depend on your
answers (note that the numbers used in this example are not indicative of
what constitutes a good or bad answer in this task).

Example
Imagine that among the students taking part in this study, your performance in
Task 1 puts you in the Top 30%. In other words, 70% of the study participants
performed worse than you did and 30% performed better than you did. Recall
that, for you to be the group’s winner, it must be the case that ALL FIVE of the
other members of your group come from the 70% of participants who
performed worse than you did. In this example, the probability that this occurs
is 16.81% (see the table).

Suppose that your answer is 16.81S% in the black slider and Top 30% in the
green slider, as shown in the screen below.

59



Then, as you can see with the bar graph in the screenshot:

• If you turn out to be the winner of your group, you can expect to earn in
Task 2 e6.16 on average (= e20 × probability of earning e20 if you are
the winner).

• If you turn out to be one of the losers of your group, you can expect to
earn in Task 2 e19.43 on average (= e20 × probability of earning e20
if you are one of the losers).

Since the actual likelihood that you are the winner of your group is 16.81%,
this means that 16.81% of the time you are the group’s winner and 83.19% of
the time you are one of the losers. Overall, this means that you can expect to
earn in Task 2 e17.20 on average (e15.00 = 0.1681 × e6.16 + 0.8319 ×
e19.43).

Now let’s see what happens if you answer differently.

Continue to suppose that your performance places you in the Top 30%.
However, imagine that this time your answer is 52.77% in the black slider and
Top 12% in the green slider, as shown in the screen below.

Then, as you can see with the bar graph in the screenshot:
• If you turn out to be the winner of your group, you can expect to earn in

Task 2 e15.54 on average (e20 × probability of earning e20 if you are
the winner).

• If you turn out to be one of the losers of your group, you can expect to
earn in Task 2 ee14.43 on average (e20 × probability of earning e20 if
you are one of the losers).
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Since the actual likelihood that you are the winner of your group is still
16.81% (remember that you actually are in the Top 30%), this means you can
expect to earn in Task 2 e15.02 on average (e15.02 = 0.1681 × e15.54 +
0.8319 × e14.43).

Note that e15.02 is lower than e17.20, which are the expected earnings from
reporting 16.81% in the black slider and Top 30% in the green slider.

In conclusion and to reiterate, you will obtain the highest expected earnings in
Task 2 if your answer equals your actual likelihood of being the group’s
winner in Task 1.

Once you are done reading, click on the “Next” button on your screen.
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YOUR PAYMENT CHOICE IN TASK 1 - both group sizes

Next you are going to perform Task 1, but before performing the task, you
must choose how you want to be paid for each correct sum in Task 1. Recall
that you can choose between Individual Pay and Competitive Pay.

You will be asked to make choices in 5 different decision sets. All these
decision sets are completely independent of each other. An example of one
decision set is displayed in the screenshot below.

Each decision set consists of a table with a series of choices:

• The left-choices correspond to Competitive Pay. Under Competitive Pay
your earnings in Task 1 depend on your performance and the performance
of others in your group. Specifically, if are the winner of your group then
you earn the high amount per correct sum, otherwise you earn the low
amount per correct sum.

• The right choices correspond to Individual Pay. Under Individual Pay
your earnings in Task 1 depend on your performance and on chance.
Specifically, you earn the high amount per correct sum with some
probability X [a number between 1 and 100]. To determine your
earnings, you will throw two ten-sided dice to randomly generate a
number between 1 and 100. If the number you generate is lower than
the probability X then you earn the high amount per correct sum,
otherwise you earn the low amount per correct sum.

You must decide in every row whether you prefer Individual Pay or
Competitive Pay.
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Notice that in a decision set, the high and low amounts for Competitive Pay
are the same in all rows. In some decision sets, what varies from row to row is
the probability of getting the high amount in Individual Pay. In other decision
sets, what varies from row to row is the high amount in Individual Pay.

At the end of the experiment, one of the 8 decision sets will be randomly
selected. Within the selected decision set, one of the 10 rows will be randomly
selected. The type of payment you chose in the selected row will be used to
determine how much you will receive per correct sum in Task 1.

Example 1

Take a look at the choices in the screenshot below. Now, imagine that this
decision set is randomly selected for payment and within this decision set, row
number 4 is randomly selected. Given that Individual Pay was chosen instead
of a Competitive Pay in this row, then:

• With 27% of chance, you will earn e5 per correct sum in Task 1 [the high
amount].

• With 73% of chance, you will earn e0 per correct sum in Task 1 [the low
amount].

Now, imagine that instead of row number 4, the row randomly selected for
payment is row number 2. Given that Competitive Pay was chosen instead of
Individual Pay in this row, then:

• If you are the group’s winner in Task 1, you earn e6 per correct sum [the
high amount].

• If you are one of the group’s losers in Task 1, you earn e0 per correct sum
[the low amount].
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TASK 3 - both group sizes

In Task 3 you will be perform again the same summation task you
performed in Task 1. The main difference is that you will be randomly
assigned to a group of six[three] participants instead of three.

TASK 4

Task 4 is like Task 2. In Task 4 you can earn money by answering the following
question:

How likely do you think it is that you are the winner of your group in Task 3?

Again, your will be able to select your answer by moving the cursors in two
different sliders:

• In the black slider, you can select your likelihood of being the winner of
your group. Your answer can go from 0% (meaning you are completely
certain that you are not the winner of your group) to 100% (meaning you
are completely certain that you are the winner of your group).

• In the green slider, you can select how your performance in task 3 ranks
compared to the performance of all participants.
Your answer can go from Top 100% (you performed worse than ALL
other participants of the study) to Top 0% (you performed better than
ALL other participants in the study).

Your earnings in Task 4 will be calculated using the same formulas as in Task
2. Recall that you will obtain the highest expected earnings if your answer
equals the actual likelihood of you being the winner in Task 3.

One important consideration for Task 4, is that to be the winner in Task 3, you
need to be the best in a group of SIX[THREE]. The table provided in the next
page displays the likelihood of being your group’s winner in Task 3 depending
on each possible rank. Logically, it is easier[harder] to be the winner in a
group of three[six] than in a group of six[three]. This is why the percentages
in the table for Task 4 are lower[higher] than the percentages in the table for
Task 2.

[Ranking table for the corresponding group size - see page ** for a group
size of 3 and page ** for a group size of 6]
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TASK 5 - both group sizes
This is Task 5 of the experiment. The earnings from this part of the experiment
are completely independent from the other tasks. The amount you earn
depends solely on your decisions and on chance. Moreover, you will not
perform further summation tasks.

You will be asked to make choices in 4 different decision tables. All these
decision tables are completely independent of each other. An example of one
decision table is displayed in the screenshot below.

Each table has 10 different decisions, each in a different row. Each decision
has two options:

• Option A, where you can earn a different certain amount in each of the 8
rows.

• Option B, where you can earn a high amount with some probability and
a low amount with some other probability. Specifically, you earn the high
amount with some probability X [a number between 1 and 100]. To
determine your earnings, you will throw two ten-sided dice to randomly
generate a number between 1 and 100. If the number you generate is
lower than the probability X then you earn the high amount, otherwise
you earn the low amount.

You can decide for every row whether you prefer Option A or option B. Option
A is the same for every row, while option B takes 8 different amounts, one for
each row.

At the end of the experiment, one of the 4 decision tables will be randomly
selected. Within the selected table, one of the 10 rows will be randomly
selected. The choice you made in that row will determine your earnings of
Task 5.
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Chapter 3

Estimating Preferences for
Competition from Convex
Budget Sets

The literature in experimental economics has linked the laboratory
measurement of preferences for competition with labor market outcomes and
educational choices, such as wages and career choices. If preferences for
competition are an important determinant of behavior, it is crucial to develop
an accurate approach to measure them. In this study, we test whether
preferences for competition can be rationalized by a utility function and
develop a framework for the joint treatment of preferences for competition
and risk. Our design improves on previous work in that it generates a rich data
set of individual-level choices, accounts structurally for the relation between
risk and competition preferences, and controls carefully for overconfidence.
This allows us to test whether choices to enter tournaments are consistent
with GARP and to estimate with a high degree of certainty the extent to which
these choices are explained by a preference for competition and not by other
confounding factors present in the environment. Our findings provide strong
evidence for a preference for competition at the individual level that largely
satisfies GARP, and that is conceptualized by two terms in the utility function
of income obtained in a competitive environment. The first term assumes that
preferences for competition affect utility directly through payoffs and the
second term allows preferences for competition to influence utility through
risk preferences. We discuss the economic implications of both interpretations
of preferences for competition and discuss their relation with risk preferences.

This chapter is coauthored with Ernesto Reuben
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1. Introduction

Psychological traits and preferences explain and cause important life outcomes
like wages and health (Heckman et al., 2019). Recently, the literature in
experimental economics has shown that preferences for competition predict
important labor market outcomes and educational choices (Buser et al., 2014;
Berge et al., 2015; Reuben et al., 2015; Buser et al., 2017a,b; Reuben et al.,
2017; Kamas and Preston, 2018; Zhang, 2019; Buser et al., 2020). Given the
important role of preferences for competition in determining behavior, there is
a need for an accurate approach to capture them to understand individual
choices in a competitive context. We contribute to this endeavor by providing
the first test of rationality of individual preferences for competition, and
propose a full structural estimation to seize the effect of these preferences on
the utility of income derived in a competitive environment.

Since the seminal paper by Niederle and Vesterlund (2007), an individual’s
preference for competition is typically measured using the choice between two
remuneration schemes in a real-effort task: an individual scheme and a
tournament scheme. The former depends solely on individual performance,
whereas the latter is considered competitive as it depends on individual
performance relative to others. This laboratory approach has been widely used
by researchers in experimental economics and psychology as it allows
capturing preferences for competition in an incentive-compatible way while
controlling for confounding factors (for reviews, see, e.g., Niederle, 2014;
Dariel et al., 2017). However, recent evidence has questioned the
interpretation of such preferences for competition, especially in the presence
of risk attitudes (Gillen et al., 2019; van Veldhuizen, 2017). That is, when
formalizing preferences for competition into a utility framework, it seems
unclear how preferences for competition influence the utility of income
derived in a competitive environment versus in a non-competitive
environment, and the role that risk preferences have on it.

In this study, we propose two interpretations in which preferences for
competition can affect utility. The first one derives from the classical approach
in the literature, where a regression-based method is used to capture
preferences for competition (Gneezy et al., 2003; Niederle and Vesterlund,
2007; Dariel et al., 2017; Buser et al., 2020). This first interpretation
implicitly considers that preferences for competition affect the utility directly
through payoffs and conceptualizes such preferences as an additive term in
the utility function, independent of risk preferences. In particular, under this
interpretation, a competition aversion person will get a dis-utility if her payoffs
depend on competition, whereas a competition-seeking person will get a
utility from this dependency as she derives pleasure from being in a
competitive environment itself. This first interpretation ignores the possibility
of the perception of risk to change with the environment, as it has been
recently suggested by Abdellaoui et al. (2007), Andersen et al. (2008)
Kettlewell (2019), and Schildberg-Hörisch (2018). We address this concern in
our second interpretation by allowing for an effect of competition preferences
on risk preferences. Specifically, preferences for competition affect the utility
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not only through payoffs as in the first interpretation but also through the
effect that preferences for competition have on risk preferences. Specifically,
we estimate both preference parameters jointly by conceptualizing preferences
for competition and risk as curvature terms in the utility function.1 Following
this second interpretation, preferences for competition affect the utility
derived of income in a competitive environment as they can make someone
more or less tolerant to risk.

We propose an experimental approach that allows testing these two
interpretations. By introducing changes at the individual level in both the
tournament prize and piece-rate prize simultaneously, we generate a rich data
set suitable to test for consistency of individual choices between a competitive
and non-competitive environment, and to map such individual choices into a
utility function that captures preferences for competition. To the best of our
knowledge, all studies using the design proposed by Niederle and Vesterlund
(2007) rely on a single individual choice between the two payment-schemes
as their measurement for preferences for competition. We argue that this
approach can be problematic when deriving preferences as oftentimes
individual choices can be noisy. Evidence suggests that individuals make
different choices when confronted several times with the same set of options
(Tversky, 1969; Camerer, 1989; Hey and Orme, 1994; Agranov and Ortoleva,
2017). In addition, it is impossible to check whether individual preferences for
competition are consistent when having only one choice per individual.
Checking for consistency of individual choices is necessary to rationalize
behavior with a utility function, and therefore, to claim the existence of a
preference (Afriat, 1972). Extensive literature in economics has shown the
advantages of expressing individual choices in economic domains in a
"well-behaved" preference ordering (Andreoni and Miller, 2002; Choi et al.,
2007; Fisman et al., 2007; Andreoni and Sprenger, 2012). This literature
applies the axioms of revealed preferences — such as the Generalized Axiom
of Revealed Preference (GARP) — to infer the existence of a convex,
continuous, and monotonic preference ordering and to estimate preferences
using individual choices.

In our design, we implement a variation of the experimental design
proposed by Niederle and Vesterlund (2007) to study whether individual
choices between a competitive and non-competitive environment can be
rationalized with a utility function, and therefore, be represented by
preferences for competition within our two interpretations. In the task,
participants choose between a tournament rate and an individual rate as
remuneration for their future performance in a real effort task. Similar to
Niederle and Vesterlund (2007), the individual rate represents the

1As suggested by Andersen et al. (2008) neglecting the structural relation between
preferences in different domains can lead to biased estimates. For instance, for the case of risk
and time preferences, joint estimation of preferences is necessary to avoid "curvature bias" in
the estimates (Andersen et al., 2008). Specifically, not representing the preferences of these two
different domains by the curvature of the utility function leads to biased estimates of individual
discount rates. Abdellaoui et al. (2007) suggests a similar pattern for the case of loss aversion
and risk preferences, where the risk parameter might be biased due to ignoring loss aversion.
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non-competitive environment as it depends only on individual performance
whereas the competitive rate recreates a competitive environment as depends
on relative performance. However, differently to the design proposed by
Niederle and Vesterlund (2007), we implement the choice between the two
remuneration schemes as a choice from a convex budget set (CBS), similar in
spirit to the approach proposed by Andreoni and Miller (2002) to study the
consistency of choices and individual preferences. Lastly, after the selection of
the payment-scheme for future performance, we elicit individual beliefs about
relative performance and risk preferences; this allows to control for the role of
overconfidence and risk attitudes on shaping individuals’ preferences for
competition.

Our design offers a number of benefits for the estimation of preferences for
competition. First, it facilitates the test of consistency of individual choices
between a competitive and non-competitive environment. Testing for
consistency is crucial as it provides enough evidence of a utility-maximizing
behavior, which is necessary to claim the existence of a preference for
competition (Afriat, 1972). In particular, the theory of revealed preferences
proposes an exact test for consistency with the GARP. Following the approach
proposed by Afriat (1972), we capture the extent of GARP violations with the
critical cost efficiency index (CCEI) to measure consistency of preferences in a
competitive environment. Second, our design allows us to account for
preferences for competition across a wider array of environments than the
classical approach proposed by Niederle and Vesterlund (2007). This is
possible as we expose participants to several prizes with the help of the CBS
setting (i.e., 40 different individual and tournament rates are changed at the
individual level).2 Third, it provides more information about preferences than
a discrete choice setting (Andreoni and Miller, 2002). Fourth, the rich data set
is suitable for estimating preferences at the individual level without the need
to aggregate participants together and to assume homogeneity across them
(Fisman et al., 2007). Lastly, using a structural estimation approach allows to
evaluating jointly preferences for competition and risk, and their covariates.
This approach has the advantage to capture the structural dependencies
between the preferences parameters Abdellaoui et al. (2007); Andersen et al.
(2008); Meissner et al. (2020) and it allows us to estimate the preferences
parameters as a linear function of individual characteristics simultaneously
accounting for individual heterogeneity in both a risky and a competitive
domain (Harrison et al., 2007).

Our main findings reveal the following. First, we observe that most of the
individual choices between a competitive and non-competitive environment
satisfy the GARP axiom, and can thus be rationalized by a utility function (i.e.,
94% of our participants are consistent as their choices do not violate GARP).
Second, individual choices in a competitive environment are captured by a
preference for competition with the economic models we derive from our two

2As discussed in detail Section 2, only few studies in competitive behavior have introduced
changes in the stakes (i.e., prizes under the individual or tournament rates) (Petrie and Segal,
2015; Flory et al., 2015; Ifcher and Zarghamee, 2016).
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interpretations. This suggests that preferences for competition can be
represented in a utility function both as an additive and curvature term.
Meaning that competition has a direct effect on payoffs but also on risk
attitudes. Third, the estimates from our two economic models suggest that
participants are on average risk averse and have a general dislike for
competition that is captured by the additive term in our model. Interestingly,
participants display less risk aversion behavior once we allow for an effect of
preferences for competition on risk. That is, when we account for the
structural relation between risk and competitiveness simultaneously, and
model preferences for competition as a curvature term in the utility function.
This finding suggests that risk preferences differ between an environment with
and without competition, and ignoring this relation might overestimate the
level of risk aversion in the population. In fact, this is what happens with our
first interpretation where preferences for competition are only represented as
an additive term. In addition, our findings also suggest that preferences for
competition and risk are defined for most individuals as we detect small
heterogeneity in competitive and risk aversion parameters. Lastly, in line with
the literature in experimental economics, we show that gender differences in
competition are persistent when capturing preferences for competition as an
additive term (Gneezy et al., 2003; Booth and Nolen, 2012; Dariel et al.,
2017; Saccardo et al., 2018). However, once we account for the effect of
preferences for competition on risk and capture preferences for competition as
curvature term, gender differences in preferences for competition disappear as
suggested by Gillen et al. (2019); van Veldhuizen (2017).

The remainder of this chapter is as follows. In Section 2 we provide a
literature review. Section 3 describes our experimental design and procedures.
In Section 4, we present our results for consistency and our measurement of
preferences for competition represented by our two economic models. In
Section 5, we discuss our results and conclude.

2. Literature review

This paper contributes to the discussion on preferences for competition and on
how to measure them in the laboratory. Since with the seminal paper of
Niederle and Vesterlund (2007) (henceforth NV), there have been many
attempts in trying to capture willingness to compete, especially in the context
of gender differences (Gneezy et al., 2003; Booth and Nolen, 2012; Dariel
et al., 2017; Saccardo et al., 2018). But how have these preferences for
competition been measured so far? In the classical experimental task of NV, an
individual’s preference for competition is typically captured using a single
choice between two remuneration schemes when doing a real-effort task.
Specifically, participants can choose between two different schemes: a
piece-rate, that depends only on individual performance; and a tournament
rate, that depends on relative performance. The tournament option is
considered a competitive scheme as it requires participants to compete against
each other. With the help of a regression-based approach and after controlling
for individual’s overconfidence, risk preferences, and ability, the choice
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between the two remuneration schemes is considered as individual’s
preference for competition.3

The vast majority of studies using the NV design rely on a regression-based
method to measure preferences for competition, whose accuracy depends
strongly on the ability to control successfully for all the other determinants
present in a competitive environment. Hence, a measurement error or
misspecification in any of these determinants can bias the interpretation of the
results (Hausman, 2001; Green et al., 2010; Westfall and Yarkoni, 2016; Gillen
et al., 2019). Two studies that analyze gender differences in the preferences
for competition propose a different approach. Gillen et al. (2019) develop a
statistical technique to correct for measurement error in the risk attitudes and
overconfidence measures used in the NV design. Their findings suggest that
after accounting for the measurement errors of these two traits, the role of
preferences for competition in explaining the gender gap in competition
disappears. That is, they suggest that only risk and overconfidence matter
when explaining the gender gap in competition. In another study, van
Veldhuizen (2017) proposes a modified version of NV to differentiate by
design between risk attitudes, overconfidence, and preferences for
competition. In particular, his design introduces treatments that remove
sequentially the role of competition and overconfidence and compares these
treatments with the classical NV outcome. In contrast to most of the previous
studies on competition, his findings suggest that the gender gap in competition
is mainly captured by gender differences in risk preferences and
overconfidence.4 We contribute to the discussion on how to measure
preferences for competition by developing a different approach to the ones
proposed by Gillen et al. (2019) and van Veldhuizen (2017). Specifically, we
allow for an effect of preferences for competition on risk preferences and
capture such a relation structurally. In addition, we do not rely on one single
individual choice, but we capture individual preferences for competition by
confronting individuals with a wide range of competitive scenarios generated
with the CBS setting.

To the best of our knowledge, only a few studies have introduced changes
in the incentives in the competitive environment. In a laboratory experiment,
Ifcher and Zarghamee (2016) introduce a continuous measurement of
willingness to compete to identify the minimum piece-rate payment that
individuals prefer to a tournament payment. In their design, the piece-rate
prize changes while the tournament prize is always the same. Their findings
suggest that men are more willing to compete than women for specific
tournament prize ranges. In another lab study, Petrie and Segal (2015)

3Other factors associated to individual heterogeneity in a competitive environment are
differences in ambiguity attitudes and feedback aversion (Wozniak et al., 2016; Ertac and
Szentes, 2011; Friedl et al., 2017). In our study, we do not target these factors since they
do not take place in our experimental setting or they are inherently present in a competitive
environment as in the case of ambiguity.

4For a different approach on how to control risk attitudes by design refer to Geraldes
(2020). His approach is different from ours because when controlling for risk by design he
uses individuals that self-selected into the non-competitive payment whereas we use those that
had to perform under a competitive environment.
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investigate whether changes in the tournament prizes affect the gender gap in
selecting into tournament. Their findings suggest that for a sufficiently high
prize women choose to compete as much as men, closing the gender gap in
tournament entry. However, similar to NV, in both studies, they use one single
choice as their measurement for competition. In addition, the authors
introduce changes in either the tournament or the piece-rate prizes but not in
both prizes which can be more informative to derive preferences for
competition. In a natural field experiment, Flory et al. (2015) implement
tournament with changes in the payment scheme (making it less or more
competitive) and examine gender differences in the application rates for a job
advertisement. Their findings reveal that fewer women apply if the payment
scheme is a competitive one (i.e., based on relative performance) or is
uncertain, compared to a flat hourly wage payment scheme. Our approaches
differ as we are interested in measuring preferences for competition instead of
studying job application rates.5

3. Experimental design and procedures

Participants are invited to a lab session to make choices in an incentivized
experiment. In the following two subsections, we describe the experimental
design where we implement a risky and a competitive environment, and the
experimental procedures, respectively.

3.1. Experimental design

We propose a variation of the experimental design by NV to measure
participant’s willingness to compete and to generate a rich data set at the
individual level suitable to estimate preferences. Participants perform an
adding task under a selected payment-scheme: Individual Rate or Tournament
Rate. We use participants’ choice of the payment-scheme as our measurement
for their taste for competition. We introduce two novel key features in our
design. First, participants face a convex combination of the two
payment-schemes instead of the discrete choice in the classical NV setting.
Second. participants do not make a single choice between the two schemes,
but they are confronted with several decision sets where we vary the
Tournament and Individual Rates. To apply these changes to the original
design by NV, we follow the approach developed by Andreoni and Miller
(2002) to implement the choice between the two payment-schemes as a
choice in a convex budget set (CBS) in 40 different decision situations.

Each experimental session is divided into five parts which are described in
detail below. In the first two parts, participants perform the adding task first
under an Individual Rate scheme and then under a Tournament Rate scheme.

5Another way of introducing changes in incentives has been done through changes in the
number of winners, and therefore, by introducing changes in the expected returns from winning
the tournament (Freeman and Gelber, 2010). However, it is hard to compare their setting with
ours because in (Freeman and Gelber, 2010) the main variable of interest is the amount of effort
exerted by participants and not preferences for competition itself.
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In Part 3, participants choose between these two different payment-schemes
for their future performance in 40 different CBSs. In Part 4, we elicit
participants’ beliefs of being the best performer in the adding task. In Part 5,
we elicit individual risk preferences following the same setting used in Part 3.
Lastly, participants complete a demographic questionnaire about demographic
characteristics such as gender, age, number of siblings and position among
them, nationality, and study level. The instructions for each part are provided
at the beginning of the respective part and can be found in Appendix A5.

Importantly, although participants know their own absolute performance,
they are never informed about the performance of others in the adding task.6

Relative performance is only revealed at the end of the experiment if the
Tournament Rate is selected for payment purposes.7

Parts 1 and 2 – Performance under Individual and Tournament rates

At the beginning of the experiment, participants perform a four-minute adding
task first under an Individual Rate and later under a Tournament Rate. This
with the aim to get familiarized with the two different payment-schemes before
the selection of one payment-schemes for future performance. The adding task
consists in adding-up sets of four two-digit numbers during four minutes. The
numbers are randomly drawn by the computer from a uniform distribution with
a support of 1 to 99. Participants are not allowed to use a calculator, but they
are provided a scratch paper. Every time they submit an answer, the computer
immediately informs them whether the answer is correct or incorrect and a new
sum is generated. In addition, the computer keeps a record of the number of
correct sums.

Under the Individual Rate, the payoffs depend only on individual
performance. That is, participants receive 100 tokens per correctly answered
sum.8 Under the Tournament Rate, the payoffs depend on participants’
relative performance. Specifically, participants are randomly assigned to a
group of five people. The participant who correctly solves the highest number

6Note that this feature creates naturally ambiguity in the tournament as in the tournament
payment-scheme participants do not know their relative performance. This is the ambiguity
that is usually inherently present in a competitive environment and can be solved by providing
feedback on relative performance as proposed by Wozniak et al. (2016). Another way in which
ambiguity is present in a tournament is by not knowing the number of competitors as recently
suggested by Flory et al. (2015), Balafoutas and Sutter (2019) and Gee (2019). In our setting,
the number of competitors is always common knowledge.

7Although this feature introduces differences in feedback between the two payment-
schemes, feedback on relative performance is one of the key differences between a competitive
environment and a non-competitive environment. Also, we believe this is not a concern in our
design for two reasons. First, participants never received explicit information about feedback
being revealed only if the Tournament Rate was selected for payment purposes. Therefore,
participants could not anticipate feedback under only the Tournament rate. Second, although
participants still could have beliefs on differences in feedback provision between the two
schemes, previous evidence suggests that feedback aversion does not play a role in a setting
similar to ours (Niederle and Vesterlund, 2007).

8Participant know that the number of tokens is transformed into Euros at the exchange rate
100 tokens = e1,00
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of sums in their group is the group’s winner. In case of any tie, the winner is
determined randomly among the tied group members. The earnings under a
Tournament Rate are as follows: the group winner receives 550 tokens per
correctly answered sum while everyone else in the group receives 0 tokens.

Part 3 – Choice of payment-scheme for future performance

Before performing the adding task, participants choose how they want to be
paid for each correct sum in a future task. Specifically, they can choose a
combination of Individual Rate and Tournament Rate in 40 different decision
sets that are randomly generated at the individual level. Each decision set
consists of a budget line that contains combinations of the Individual and
Tournament Rates. Figure 3.1 displays an example of a decision set where the
Individual Rate corresponds to the horizontal axis, and the Tournament Rate
corresponds to the vertical axis. To make a choice between the two
payment-schemes participants can pick a point on the budget line, where
every point corresponds to a different combination of Individual Rate and
Tournament Rate.9
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Figure 3.1: Example of a budget line for the choice of the payment-scheme

The Individual Rate pays the rate on the horizontal axis that corresponds to
the point they choose on the budget line. For instance, as displayed in Figure
3.1, if a participant chooses a point A on the budget line, the Individual Rate is
50 and she will receive 50 tokens per correct sum under the individual rate.
Similarly, the Tournament Rate pays the rate on the vertical axis that
corresponds to the point they choose on the budget line if they are the winner
of their group in Part 3. For example, as shown in Figure 3.1, if a participant
chooses point A on the budget line, the Tournament Rate is 300 and she will

9See Appendix A5 Figure 3.24 for a real example of the screen that was displayed to
participants in this part.
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receive 300 tokens per correct sum if she is the group’s winner, and 0 tokens
otherwise. Participants’ performance in Part 3 is compared with the
performance of the four other members of their group in Part 2, where they
perform under the Tournament rate. This ensures that participants’ choices in
Part 3 do not create externalities in the payoffs of the other participants
(Niederle and Vesterlund, 2007). A participant is the group winner if she
solves more sums in Part 3 than all the other group members in Part 2. If there
are ties, the winner is randomly determined among the tied group members. If
she is not the group winner, she receives 0 tokens. The final earnings in Part 3
are determined as follows: If a participant is not the winner of the
tournament, then Earnings = (Individual Rate ∗ correct sums). If a participant
is the winner of the tournament: Earnings = (Individual Rate + Tournament
Rate) ∗ Correct sums. To help participants to understand the consequences of
their choices in Part 3, we use an interactive interface: for each point selected
on the budget line, participants could see on the screen instantaneously both
the rates corresponding to the selected point and the specific payoffs in tokens
associated with their selection for both cases, being the winner and not being
the winner.10

Participants make a choice in 40 different decision sets with a different
budget line in each set. Following the design of Fisman et al. (2007), we
generate different budget lines at the individual level by randomizing the
intersection point of the budget line with the horizontal axis between any
value ranging from 50 to 150 tokens and the intersection point of the budget
line with the vertical axis between any value ranging from 300 to 800 tokens.
As suggested by Fisman et al. (2007), this ensures that there is enough
variation in the slopes of the different budget sets which is crucial to test the
rationality of individual choices, and consequently, to estimate preferences.
This feature of Part 3 allows us to structurally estimate a parameter of
preferences for competition at the individual level.11 After participants make a
choice in all 40 budget lines, one of the lines is randomly selected with equal
probability to be relevant for the determination of the earnings in Part 3.
Afterward, participants perform the adding task for Part 3 knowing the
Individual Rate and Tournament Rate that determine their earnings in this
part.

Task 4 – Beliefs of future performance

Before performing the adding task under the selected payment-scheme in Part
3, participants guess the likelihood of being the winner in their group in Part 3
(i.e., the probability of having the highest amount of correct sums in their group
when compared to the performance of players in Part 2). This task helps us to
derive a measure of overconfidence that will be later used in the estimation of
individuals’ preferences for competition.

10See Appendix A5 Figure 3.23 for an example of the screen with the interactive interface.
11For a summary of the intercepts with the x and y-axis, please refer to Appendix A1, Table

3.6.
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In Part 4, participants can choose an answer ranging from 0 (i.e., they are
completely certain that they are not the winner of their group) to 100 (i.e.,
they are completely certain that they are the winner of their group). The
earnings in this part can be either e0 or e20. We incentivize beliefs using a
robust binarized scoring rule (BSR) (Karni, 2009). In particular, given a stated
likelihood of being the winner, belief , the BSR incentive offers a
1− (1− belief/100)2 chance of earning e20 in case of being the winner, and a
1 − (belief/100)2 chance of earning e20 in case of being one of the losers.
Thus, the closer the likelihood the participants choose is to the actual
probability of wining the tournament, the higher the probability of earning
e20. To increase the chances of true reporting, we provide participants with
information concerning the quantitative incentives in the elicitation method.12

In particular, using an interactive interface participants could see on the screen
instantaneously the expected earnings in euros associated with any selected
likelihood.13

Part 5 – Risk Preferences elicitation

We elicit participants’ risk preferences with a similar setting to the one used in
Part 3. Participants choose combinations of a Certain Amount and a
Probabilistic Amount in 40 different decision sets that are independent of each
other. Each decision set contains a budget line where the Certain Amount
corresponds to the horizontal axis and the Probabilistic Amount corresponds
to the vertical axis as displayed in Figure 3.2. Every point on the budget line
resembles a combination of a Certain Amount and a Probabilistic Amount.
Participants can only choose one point on the budget line, but they are free to
choose any point. In Part 5 participants do not have to perform any adding
task as in Part 3.

The Certain Amount pays the amount on the horizontal axis that
corresponds to the point they choose on the budget line for sure. For example,
as displayed in Figure 3.2 if a participant chooses point B on the budget line,
the Certain Amount is 500 and she receives 500 tokens for sure. The
Probabilistic Amount pays the amount on the vertical axis that corresponds to
the point they choose on the budget line with a probability of 20%, and 0 with
a probability of 80%. For instance, if a participant chooses point B, the
Probabilistic Amount is 2400 and she receives 2400 tokens with 20% chance
and 0 tokens with 80% chance. These probabilities are chosen to resemble the

12In a recent study, (Danz et al., 2020) shows that providing precise information on the BSR
quantitative incentives can influence the truth-telling over an objective prior (Danz et al., 2020).
Although Danz et al. (2020) findings suggest that the false reports in beliefs are due to thinking
in terms of probabilities, it is not entirely clear this will apply as well to expected earnings. We
believe that in our experiment this is not a concern given that even though we provide details
about the quantitative incentives, participants are only informed about the consequences of their
selected beliefs in terms of expected earnings and not in terms of the probability of winning the
prize.

13In Appendix A5, Figure 3.28 is displayed the actual screens that participants see during the
experiment for the belief elicitation task.
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Figure 3.2: Example of a budget line for the choice between the Certain Amount and
the Probabilistic Amount.

probability of being the winner in a group of five people as in Part 3.14

To resemble the incentives in Part 3, the final earnings in Part 5 are
determined as follows: with a probability of 80% a participant receives her
selected Certain Amount, and with a probability of 20% she receives her
chosen Certain Amount plus her chosen Probabilistic Amount. Note that this
ensures that the Certain Amount is always received, regardless of the two
probability scenarios. Participants make a choice in 40 different decision sets
with a different budget line in each set. Similar to Part 3, in each decision set
the computer randomly generates a budget line that crosses the horizontal
axis between 500 and 1500 tokens and the vertical axis between 3000 and
8000 tokens.15 Similar to Part 3, this creates enough variation in the slopes of
the different budget sets presented in Part 5. This will help us to estimate
individual risk preferences and also to test for consistency of individual
choices between a risky and non-risky environment. In addition, the
measurement of risk preferences derived from this part will be used to
estimate preferences for competition in the presence of risk preferences.16

After participants make a choice for all the 40 lines, one of them is randomly
selected with equal probability to determine their earnings for Part 5.

14Figure 3.30 in Appendix A5 displays the actual screens that participants see during this part
of the experiment.

15Note that the axis values in Part 5 correspond to the ones used in Part 3 times 10. This is
done with the purpose of making comparable the choices from Part 3 and Part 5, as it adjusts the
values from Part 3 with the average performance of 10 sums in the adding Task.

16See Appendix A1, Table 3.6 for a summary of the intercepts with the x and y-axis.
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3.2. Experimental procedures

The experiment was programmed using the software zTree (Fischbacher,
2007) and it was conducted at the Behavioural and Experimental Economics
Laboratory (BEElab) at Maastricht University. The experiment consisted of 8
sessions of 20 participants on average each. 140 participants were recruited in
total, 77 women and 63 men, through the online recruitment system ORSEE
(Greiner, 2015).

Participants signed an informed consent before participating in the study.
One of the five parts was selected for payment purposes at the end of each
session and this was known by the participants from the beginning.17

Participants received a e5 show-up fee and the total earnings were on average
of e25. Each session lasted on average 1 hour and 45 minutes.

4. Results

In this section, we present an exploratory analysis of whether participants
have a consistent preference for competition. We start by looking at the
consistency of individual choices in our competitive environment, and once we
confirm that individual choices are consistent, we check whether such
individual choices can be captured by a preference for competition.
Specifically, we look at violations of GARP in the choices participants make in
Part 3 and Part 5 of our experiment to check for consistency, and verify if
individual choices can be rationalized with a utility function that represents
preferences for competition and risk. Thereafter, we investigate whether the
consistent individual choices between a competitive and non-competitive
environment can be captured parametrically by a preference for competition
in a structural model.

This section is divided into four parts. First, we provide some descriptive
statistics of the performance of our sample in the experimental tasks. Second,
we present a consistency test of individuals’ choices with GARP. Third, we
discuss our two proposed structural models and present the estimates for
individuals’ preferences for competition. Lastly, we test whether there are
gender differences in both our measurements of consistency and preferences
for competition.

4.1. Descriptive statistics

Table 3.1 displays a summary of participants’ performance in the adding task
under different payment-schemes, the average amount of tokens allocated to
the different payment-schemes under a competitive environment (i.e.,
Tournament Rate vs. Individual Rate, in Part 3), and a to the different
amounts in a risky environment (i.e., Probabilistic Amount vs. Certain
Amount, in Part 5), and lastly the average reported belief of being the winner
in their group by gender (i.e., Part 4). On average, participants solve correctly

17See Appendix A1, Table 3.5 for a summary of how the earnings are calculated in each of the
five parts.
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11 sums under an Individual Rate, 12 sums under Tournament Rate, and 13
sums under the choice of the payment-scheme. This increase in the number of
correct sums suggests that there is learning in the adding task, which is
consistent with the behavior observed in previous studies using this real effort
task (Niederle and Vesterlund, 2007). We observe that women solve on
average one correct sum less than men. A two-sample Wilcoxon Rank Sum
(Mann-Whitney) non-parametric test reveals that these differences in
performance between men and women are significant under the Individual
Rate (p = 0.012) and choice of the remuneration scheme (p = 0.027), but not
under the Tournament Rate (p = 0.123).18

Table 3.1: Summary of behavior in the experimental tasks

All
(n=140)

Women
(n=77)

Men
(n=63)

Performance adding Task
Indv. Rate (# sums) 11 [3.66] 10.4 [3.58] 11.61 [3.67]
Tourn. Rate (# sums) 12 [4.49] 11.44 [4.00] 12.61 [4.99]

Choice payment-scheme
Performance (# sums) 13.1 [4.54] 12.2 [4.12] 13.9 [4.86]
tokens into Tourn. Rate 207.1 [140.88] 169.7 [116.25] 244.4 [157.51]
tokens into Indv. Rate 63.8 [24.41] 69.2 [20.85] 58.5 [27.19]

Risk preferences
tokens into Prob. amount 1,883.1 [1522.83] 1,352.8 [1110.52] 2,413.3 [1748.95]
tokens in Cert. amount 881.5 [439.75] 903.3 [376.97] 859.7 [508.2]

Reported belief
Prob. of being the winner(%) 52.4 [26.97] 50.1 [26.60] 54.7 [27.42]

Note: values represent the average performance in the adding task, the average tokens
selected under the different payment-schemes, and the average reported belief for each
category, i.e., gender and all participants. Standard deviations under [brackets].

Regarding the choice of the payment scheme, Table 3.1 shows that an
average of 207 tokens is allocated to the Tournament Rate, whereas an
average of 64 is allocated to the Individual Rate.19 Two separate Wilcoxon
Rank Sum (Mann-Whitney) non-parametric tests show that women allocate
less of tokens to the Tournament Rate (p = 0.005) and more tokens to the
Individual Rate (p = 0.016) compared to men. For the risk preferences task in
Part 5, an average of 1883 tokens is allocated to the Probabilistic Amount and
882 tokens to the Certain Amount. Two separate Wilcoxon Rank Sum
(Mann-Whitney) non-parametric test reveal that women allocate fewer tokens
to the Probabilistic Amount compared to men (p < 0.001) and that there are
no statistically significant differences between men and women for the tokens
allocated to the Certain Amount (p = 0.345).20

18Please note that we provide a more in-depth discussion of gender differences on consistency
and preferences in Section 4.4.

19In Appendix A1, Table 3.6 and Figure 3.8 display the average number of times participants
choose a corner choice in Parts 3 and 5 of the experiment.

20Note that the discrepancy in differences between the Probabilistic and the Certain Amount is
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Finally, the last row in Table 3.1 shows that participants report an average
belief of being the winner in their group of 52%. In addition, the average belief
for women in our sample is 50% whereas for men is 55%. However, a two-
sample Wilcoxon Rank Sum (Mann-Whitney) non-parametric test reveals that
this difference between men and women is not significant (p = 0.140).

4.2. Testing rationality

Before estimating preferences for competition and risk, we investigate whether
individual choices in a competitive and risky environment are consistent with
the preference ordering of the expected utility theory (EUT). Following the
results derived from the theory of the revealed preference proposed by Afriat
(1972), we know that a data set of individual choices can be rationalized by a
"well-behaved" utility function if these decisions satisfy GARP (i.e.,
Generalized Axiom of Revealed Preference).21 Since individual choices could
violate GARP empirically, it is necessary to evaluate to what extent individual
choices are consistent with this axiom. In this section, we describe one of the
measures that allow us to test the economic rationality of individual choices in
a competitive and risky environment.

We check for consistency with the critical cost-efficiency index (CCEI)
which captures the minimum adjustments to the budget lines needed to
remove violations of GARP (Afriat, 1972). The value of the CCEI ranges from
0 to 1, where the closer to 1, the smaller the severity of GARP violations. In
the literature, there is no consensus of what constitutes a good threshold to
determine whether people’s choices sufficiently satisfy GARP. However, some
scholars suggested that a reasonable threshold of consistent choices can range
between a minimum of 0.8 and 0.95 (Varian et al., 1991; Choi et al., 2007).
Figure 3.3 displays the distribution of CCEI scores for both the selection of the
remuneration scheme and the risk elicitation tasks in the left and right panel,
respectively (i.e., Part 3 and Part 5 in the experiment). The figure shows that
the majority of participants (around 94%) has an index above 0.9 in both the
competitive and risky environment.22

possible because in the risk elicitation task men have a significantly higher total amount of tokens
to allocate than women (mean of total tokens to allocate, for men= 1260 and women= 1144;
Two-sample t-test with equal variances p > 0.001). This was the result of randomization of the
axis intercepts at the individual level. In our estimation model in Section 4, we account for this
issue carefully.

21Formally, the GARP axiom states the following: let X, Y be distinct bundles of alternatives,
each lying on a linear budget constraint. GARP requires that if X is (indirectly) revealed preferred
to Y, then Y is not strictly directly revealed preferred to X, that is, X is not strictly within the
budget set when Y is chosen (Varian, 1982).

22In a similar setting like ours, where the different budget lines are randomly generated,
Fisman et al. (2007) also observes that most of the subjects in their sample have a CCEI score
above 0.9 (around 75% of their sample). In their design, Fisman et al. (2007) use the test
designed by Bronars (1987) to randomize uniformly the choices of a hypothetical subject among
all allocations on each budget line as a benchmark and compare the distribution of CCEI scores of
subjects in their sample with the CCEI scores of 25,000 hypothetical subjects. The results from
this hypothetical sample suggest that the majority of the subjects have a consistent behavior
when compared to those generated from random choices. Fisman et al. (2007) conclude that
most of the subjects in their sample exhibit an optimizing behavior as it satisfies the GARP. Given
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Figure 3.3: Distribution of Afriat’s (1972) Critical Cost Index (CCEI) for competitive
and risky behavior.

Table 3.2 lists the mean and median of the number of GARP violations and
CCEI, as well as the number of subjects that have a CCEI above a threshold of
0.90 and 0.95 for choices in a competitive and risk environment. In the
literature, GARP violations have been widely studied in the context of risk
preferences but not in the context of preferences for competition. For risk
preferences, our data reveal very similar patterns to the ones previously
observed (Choi et al., 2007), with an average of 17% (7 out of 40 budget
lines) of the budget lines with a violation of the GARP and a mean CCEI of
0.97. Also, we observe that 94% and 84% of the participants have a CCEI
above 0.90 and 0.95, respectively.

For choices in the competitive environment, the results in Table 3.2 suggest
a high consistency of individual choices with a mean CCEI of 0.96. Participants
display GARP violations in an average of 8 budget lines out of 40. This
number of violations is similar to the one observed in other preference domain
settings such as the one of risk preferences, with an average of 20% of the
budget lines displaying GARP violations (Choi et al., 2007; Fisman et al.,
2007). Importantly, despite these GARP violations, 94% and 79% of the
participants have a CCEI above 0.90 and 0.95, respectively. We, therefore,
conclude that individual choices in both environments are largely consistent
and can be rationalized by a "well-behaved" utility function that captures both
competition and risk preferences. It is worth noting that we do not observe
significant differences in the number of GARP violations between competitive

that ours is a very similar setting to the one of Fisman et al. (2007) and the distribution of CCEI
scores in our sample is even more squeezed towards the right (around 94% have a CCEI score
above 0.9 in comparison to a 75% in their setting), we infer that the choices of subjects in our
sample will also be highly consistent when compared to choices that are randomly generated.
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and risky environments (Kruskal-Wallis Test, p = 0.181). We observe small
significant differences in the CCEI between the two environments
(Kruskal-Wallis Test, p = 0.042), but not in the proportion of subjects with a
CCEI above a threshold of 0.90 and 0.95 (Two-sample test of proportions,
p = 1.00 and p = 0.065, respectively).

Table 3.2: CCEI for competitive and risky behavior

Competition Risk
Mean (median) # budget lines with GARP violations 8 (6) 7 (5)
Mean (median) CCEI 0.966 (1) 0.975 (1)
CCEI threshold:
# (%) subjects with CCEI > 0.90 131 (94%) 131 (94%)
# (%) subjects with CCEI > 0.95 110 (79%) 117 (84%)
N 140 140

4.3. Structural model: parameters estimation with the CBSs

Given that most of the individual choices in both the competitive and risk
environments are rationalizable, here we discuss the theoretical framework we
adopt to model and estimate the proposed form of a utility function that
captures preferences for competition and risk. That is, we put structure on the
preferences of the subjects in our sample.

Since we have a rich data set at the individual level with 80 observations per
subject (40 for competition and 40 for risk preferences), we are able to estimate
a unique utility function for each individual.23 Knowing the number of utility
functions to estimate, we consequently address the functional form to estimate
preferences over competition and risk. One advantage of our design is that the
CBS creates a natural context to jointly estimate preferences for competition
and risk (Andreoni and Sprenger, 2012). Since this paper is the first attempt
to estimate preferences for competition, and also such preferences are formed
in an environment where risk is present, we follow the classical framework
used to measure risk preferences to estimate both preference parameters jointly
(Harrison and Rutström, 2008). In particular, we assume a constant relative
risk aversion (CRRA) specification to model the utility of income (X) under
each payment-scheme as:

U(X) = X1−α−δ

1− α− δ + θ(x, y), (3.1)

23Similar to Andreoni and Sprenger (2012), we assume that individuals make choices that are
measured without error, and therefore their utility functions are known. We acknowledge this
is a simplifying assumption because someone who exhibits a neutral preference for competition
in our setting might show a positive (or negative) preference for competition in a wider range
of prices. This can decrease the prediction power of our estimation for prices that are outside
the range we used in our experiment. However, we believe that the high variety of prices at the
individual level present in our setting helps to minimize this concern.
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where x is the payoff under the Individual Rate, y is the payoff under the
Tournament Rate, α captures risk preferences in the absence of preferences for
competition, θ captures preferences for competition and δ captures risk
preferences in the presence of preferences for competition (i.e., the effect of
being in the competitive environment on risk preferences.).24 In our first
interpretation, preferences for competition affect the utility of income only
through the payoffs, which is represented by θ and also implies that δ = 0.
Under this interpretation levels of α > 0 imply risk aversion, α = 0 imply risk
neutrality, and α < 0 imply risk loving; when measuring risk preferences in the
absence of competition. Similarly, levels of θ > 0 imply competition aversion,
θ = 0 imply competition neutrality, and θ < 0 imply competition seeking. The
parameter θ aims to capture the interpretation of preferences for competition
commonly used in other experimental settings (Gneezy et al., 2003; Niederle
and Vesterlund, 2007; Dariel et al., 2017; Buser et al., 2020). This additive
parameter does not influence individuals’ risk aversion α and it is
conceptualized as the taste or distaste that is generated when the payoffs
depend on competition.

In our second interpretation of preferences, we allow for an effect of
competition preferences on risk preferences. That is, δ is no longer equal to 0
and it represents the effect of competition on risk attitudes. A value of δ > 0
displays risk aversion, δ = 0 displays risk neutrality, and δ < 0 displays risk
loving; when measuring risk preferences in the presence of competition.
Importantly, although in Equation 3.1 α and δ are different parameters, when
we obtain the expected values of each choice and report the estimates of our
second interpretation, the estimated parameter of δ accounts already for risk
preferences α (that is, we assume additive of the curvature terms between the
two environment, i.e., δ̂ = δ − α). In that way, we interpret δ as the additional
effect that competition has on risk preferences.

Following the approach of Apesteguia et al. (2019), we discretize the CBS
choices into 10 equidistant shares to have binary choice data over two lotteries.
As a result, for each of the 80 budget lines per individual (40 for the competitive
environment and 40 for the non-competitive one) we obtain 10 equidistant
points, where each point represents a lottery that offers two prizes: the payoffs
in case of winning the tournament (or under the Probabilistic Amount) and
the Payoff in case of losing the tournament (or under the Certain Amount).
Consequently, we calculate the expected utility of each lottery n and individual
i assuming expected utility theory (EUT) for two cases. One with competition:

EUn = ρi ∗
x1−δi

1− δi
+ (1− ρi) ∗

(x+ y)1−δi

1− δi
+ θi(x, y), (3.2)

and the other without competition:

EUn = β ∗ x
1−αi

1− αi
+ (1− β) ∗ (x+ y)1−αi

1− αi
, (3.3)

24Importantly, note that the income X can take two values: if the participant loses the
tournament X = x and if she wins the tournament X = x+ y
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where x is the payoff when losing the tournament (or the payoff of the
Certain Amount in Equation 3.3) , x + y is the payoff when winning the
tournament (or the payoff of the Probabilistic Amount in Equation 3.3), ρi the
subjective probability of losing the tournament for individual i under the
competitive environment, and β is the probability of receiving the Certain
amount under the non-competitive environment (which is always equal to
20%) .25 As in Harrison and Rutström (2008), the EU for each lottery pair is
calculated for a candidate estimate of αi, δi, θi, and the index

∇EU = EUR − EUL, (3.4)

is calculated, where EUR is the right lottery and EUL is the left lottery.26

The index in Equation 3.4 is obtained with the individual preferences, and
thus, is mapped to the observed choices using a standard cumulative normal
distribution function φ(∇EU).27 This is a Probit function that transforms any
value between ±∞ into a number ranging between zero and one.28 Hence,
φ(∇EU) is interpreted as the probability of choosing the right lottery and it is
used to define the likelihood values.29 Therefore, conditional on the CRRA
specification, and EUT being true, an individual’s response depends on the
estimates of αi, δi and θi, given our statistical specification and the observed
choices.

Estimation of preferences for competition and risk

As a final step, we estimate all three preference parameters (α, δ, and θ)
jointly following the maximum likelihood specification proposed by Harrison
and Rutström (2008). All the estimates use clustering at the individual level to
correct the standard errors. Our identification strategy consists of two
approaches. In Model 1, we aim to capture our first interpretation of
preferences, where competition does not influence risk preferences as
implicitly suggested in previous experimental studies (Gneezy et al., 2003;
Niederle and Vesterlund, 2007; Dariel et al., 2017; Buser et al., 2020). In
Model 2, we illustrate our second interpretation by accounting for the

25Note that the EUn in Equation 3.2 measures utility cardinally, which makes it impossible
to compare the additive term between individuals with differences in the curvature. Hence, we
normalize θi by the difference between Umax − Umin, where Umax(x) is the utility derived for
the maximum payoff and Umin(x) is the utility derived for the minimum payoff.

26As a result of the discretization of the CBS choices into 10 equidistant binary choice data,
the left and risk lotteries correspond to two consecutive points in the budget line (Apesteguia
et al., 2019).

27Note that the values of αi are identified from the 80 choices made both in the competition
and risk preferences elicitation tasks described in Section 3, Part 3 and Part 5. The values of δi

and θi are obtained only from the competition preferences elicitation task described in Section
3, Part 3.

28As discussed in Harrison and Rutström (2008), the Logit function leads to a very similar
specification.

29Given that Prob(choosing right lottery)= φ(∇EU), we assume that the right lottery is
chosen when the following holds: φ(∇EU) > 1/2.
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possibility of a relation between competitive and risky behavior. This second
interpretation seems relevant as recent literature suggests that risk preferences
change with the environment (Andersen et al., 2008; Kettlewell, 2019;
Schildberg-Hörisch, 2018). Furthermore, ignoring the link between
competition and risk can result in an overestimation of preferences for
competition (Gillen et al., 2019; van Veldhuizen, 2017).

In formal terms, in Model 1 we impose the restriction of δi = 0, and
estimate risk preferences and additive preferences for competition (i.e., αi and
θi). In Model 2, we estimate all three parameters together, αi, δi and θi. We
conceptualize the parameter δi as the effect of competition on risk preferences.
Hence, for the estimated parameters displayed in Table 3.3, we report the
parameter δi, after subtracting the parameter αi from it. In that way, δi is
interpreted as the risk aversion level in a competitive environment (after
accounting for the effect that preferences for competition have on it, i.e.,
δ̂ = δ − α).

Table 3.3 shows the individual median estimates of preferences for risk and
competition, including means, standard deviations and p-values of a
signed-ranks test for the parameters’ median values for Models 1 and 2.30 For
Model 1, Table 3.3 displays the estimates of risk aversion in the absence of
competition (αi) and competition aversion (θi) jointly. For Model 2, it displays
the parameters of risk aversion in the absence of competition (αi),
competition aversion (θi), and risk aversion in the presence of competition (δi)
when estimating them jointly. The coefficients for both models suggest that
individuals are risk averse in the absence of competition with a median αi of
0.345 and 0.391, respectively. We also observe that the median value for risk
aversion in the absence of competition is significantly greater than zero for
both models (Table 3.3, p < 0.01 and p < 0.01, for Model 1 and Model 2,
respectively).

Table 3.3 also indicates that individuals are competition aversion with a θi
of -0.616 and -0.897, for Model 1 and Model 2 respectively, and the median
value is significantly smaller than zero for both models (Table 3.3, p < 0.01 and
p < 0.01, for Model 1 and Model 2, respectively). Interestingly, once we account
for the structural interaction between preferences for competition and risk in
Model 2, we observe that individuals are slightly risk loving with a median δi of
-0.124 which is significantly smaller than zero (Table 3.3, p < 0.01 Model 2).31

Figure 3.4 shows the estimated Probabilistic Density Function (PDF) and
the normal Gaussian distribution for both risk aversion without competition αi
and additive preferences for competition θi resulting from Model 1. The

30Estimates at population level are shown in the Appendix A2 in Table 3.7 and reveal the same
patterns observed from the individual level estimates presented in Table 3.3.

31Note that the estimation for both models is done for all participants in which the estimation
converged. For Model 1, the estimation did not converge for 5 subjects out of 140 because all
of them have 40 corner choices in the competition task. Similarly, for Model 2, the estimation
did not converge for 9 subjects out of 140 because all of them have 40 corner choices in the
competition task. Nevertheless, in both models the estimation converged for some subjects that
had corner choices in all budget sets. In Appendix A2, we show the results for the analysis
without the subjects that have corner choices in all 40 decision sets (i.e., 17 subjects out of 140).
We do not observe differences in the parameters compared to the ones reported in the main text.
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Table 3.3: Estimated risk and competition preferences at the individual level

Model 1 Model 2
Median Mean sd p-value Median Mean sd p-value

αi 0.345*** 0.299 0.182 0.000 0.391*** 0.354 0.224 0.000

θi -0.616*** -1.611 4.777 0.000 -0.897*** -1.452 2.054 0.000

δi -0.124*** -0.163 0.240 0.000

# Subjects 135 131
# Obs. per subjects 800 800
Log-Likelihood -447.471 -447.607

Note: *p < 0.10, **p < 0.05, ***p < 0.01 resulting from a signed-ranks test for the
median values of each preference parameter compared to zero. The above table reports
the Maximum-likelihood estimates of the medians, mean, and the standard deviation
(i.e., sd) of the distributions of risk and competitive preferences. For Model 1, we
implement the restriction δi = 0, and risk aversion in the absence of competition (αi) and
additive preferences for competition (i.e., competition aversion, θi) are estimated. For
Model 2, no restriction is implemented, and risk aversion in the absence of competition
(αi), additive preferences for competition (i.e., competition aversion, θi), and risk
aversion in the presence of competition (δi) are estimated jointly.

individual-level estimates reveal high levels of risk aversion, with the mode of
the distribution close to 0.5, suggesting that a sizable portion of the generated
data may show risk aversion levels above 0.5. The data also suggest that
individuals are competition averse with a large part of the population
displaying a negative additive term for preferences for competition.32

Figure 3.5 displays the estimated PDFs and the normal Gaussian
distributions of risk aversion without competition αi, additive preferences for
competition θi, and risk aversion with competition δi resulting from Model 2.
We observe a similar pattern to the one in Model 1 for risk aversion without
competition and additive preferences for competition. In particular, the
majority of the population displays risk aversion levels around 0.5 when there
is no competition and an additive level of preferences for competition below
zero. In addition, for risk preferences with competition (i.e., δi), we observe
that the distribution of individual choices is shifted towards the left in
comparison to the one of αi, with the mode of the distribution close to -0.25.
This suggests that competition makes individuals to display lower levels or risk
aversion.33

Summarizing, the results from Table 3.3, Figure 3.4, and Figure 3.5
indicate that most of the participants in our sample display an aversion
towards risk when there is no competition in the environment and that

32Note that for graphical purposes Figure 3.4 shows the estimates values of θi ranging between
2 and -6. This is the case for 131 subjects out of 135 while 4 subjects have estimate values of the
additive preferences for competition below -6.

33Note that for graphical purposes Figure 3.5 displays the estimates values of θi that range
between 2 and -6. This is the case for 127 subjects out of 131 because 4 subjects have estimate
values of the additive preferences for competition below -6.
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Figure 3.4: PDFs of the estimates reported in Table 3.3 for Model 1. The reference
distribution in black is a normal Gaussian.
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Figure 3.5: PDFs of the estimates reported in Table 3.3 for Model 2. The reference
distribution in black is a normal Gaussian.

participants are on average competition averse as the additive preference for
competition is negative. Furthermore, we observe that participants become
less averse to risk when we account for the effect of preferences for
competition on risk attitudes. We provide a further discussion on the
implication of this finding in Section 5.
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4.4. Gender differences

In this subsection, we test whether there are gender differences in the outcomes
presented above, both in terms of consistency and preference estimates.

Testing rationality

We check first whether there are gender differences in our measurement of
rationality by looking at violations of the GARP and CCEI scores in a risky and
competitive environment. Figure 3.6 suggests that men and women have a
similar distribution in the scores of CCEI in a risk environment. A Kruskal-Wallis
non-parametric test confirms this visual impression and shows that there are no
significant gender differences for the number of GARP violations (p = 0.188) or
the CCEI scores (p = 0.125). Similarly, we do not observe gender differences in
the proportion of men and women with a CCEI above a threshold of 0.90 and
0.95 (Two-sample test of proportions, p = 0.306 and p = 0.327, respectively for
each threshold).
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Figure 3.6: CCEI for risk preferences

Figure 3.7 reveals a similar pattern in the consistency for a competitive
environment. A Kruskal-Wallis non-parametric test shows that there are no
gender differences in the number of GARP violations (p = 0.650) or in the
CCEI score (p = .771). In addition, there are no statistically significant
differences in the proportion of men and women with a CCEI above a
threshold of 0.90 and 0.95 (Two-sample test of proportions, p = 0.770 and
p = 0.301, respectively for each threshold).

We can conclude that there are no gender differences in our consistency
measurements and we can thus compare the preference estimates between men
and women in the following subsection.
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Figure 3.7: CCEI for preferences for competition

Structural model: parameters estimation with the CTB

Table 3.4 presents the individual median estimates and standard deviations for
preferences for risk and competition for Model 1 and Model 2, separated by
gender. In general, the coefficients αi and θi estimated from both models
suggest that women are risk averse in the absence of competition and are
competition averse (i.e., αi(Model1) = 0.367, αi(Model2) = 0.399;
θi(Model1) = −0.707, θi(Model2) = −0.996 ). Model 2 suggests that women are
slightly risk loving seeking in the presence of competition with a δi of -0.116.
The coefficients from both of the models suggest that men are also risk averse
in absence of competition (i.e., αi(Model1) = 0.304, and αi(Model2) = 0.364), and
dislike in general competition (i.e., θi(Model1) = −0.428 and
θi(Model2) = −0.648). Lastly, Model 2 suggests that men are risk loving in the
presence of competition with with a δi of -0.126.

Consistent with the results provided in Table 3.9 in Model 1, two separate
Wilcoxon Rank Sum Mann-Whitney tests suggest that women are more risk
averse than men in absence of competition (p < 0.001) and are more
competition averse when compared to men (p < 0.05). Regarding Model 2,
two separate Wilcoxon Rank Sum Mann-Whitney tests reveal also that women
are more risk averse than men in absence of competition (p < 0.001) and
display more aversion towards competition than men (p < 0.05). Interestingly,
when it comes to risk aversion levels in the presence of competition δi, we do
not observe gender differences (p < 0.911).34

34In Appendix A3 we show the estimated PDFs of preferences for both Models by gender. We
observe the same patterns as in Table 3.4 and the results of the non-parametric tests discussed
in this section.
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Table 3.4: Estimated risk and competition preferences by gender

Women Men
Model 1 Model 2 Model 1 Model 2

αi 0.367*** 0.399*** 0.304*** 0.364***
[0.111] [0.124] [0.221] [0.293]

θi -0.707*** -0.996*** -0.428*** -0.648***
[4.380] [2.231] [ 5.261] [1.784]

δi -0.116*** -0.126***
[0.177] [0.305]

# Subjects 76 74 59 57
# Obs. per subjects 800 800 800 800
Log-Likehood -454.274 -456.903 -438.707 -435.538

Note: *p < 0.10, **p < 0.05, ***p < 0.01 resulting from a signed-
ranks test for the median values of each preference parameter compared
to zero. The above table reports the Maximum-likelihood estimates of the
medians, the standard deviation [in parenthesis] of the distributions of risk,
and competitive preferences. For Model 1, we implement the restriction
δi = 0, and risk aversion in the absence of competition (αi) and additive
preferences for competition (i.e., competition aversion, θi) are estimated.
For Model 2, no restriction is implemented, and risk aversion in the absence
of competition (αi), additive preferences for competition (i.e., competition
aversion, θi), and risk aversion in the presence of competition (δi) are
estimated jointly.

5. Discussion and conclusions

This study provides the first evidence of consistency of individual choices in a
competitive environment and provides structural individual-level estimates of
such preferences. We use an experimental design that modifies the
experimental task developed by Niederle and Vesterlund (2007), by
introducing variation in the stakes at the individual level and implementing
the choice between the two payment-schemes as a continuous choice from a
CBS. This new feature of our design generates a rich data set at the individual
level that allow us first to test whether individual choices in a competitive
environment satisfy GARP and can thus be rationalized by a utility function;
and second, to propose an economic model to capture such preferences
structurally with two different interpretations. The first interpretation follows
the classical approach in the literature where preferences for competition
impact the utility function of income only through payoffs. The second
interpretation allows for an effect of preference for competition on risk
preferences. Our results reveal the existence of a highly consistent preference
for competition captured by both of our interpretations and suggest a strong
link between risk and competition preferences.

In the first part of the result section, we investigate whether individual
choices in a competitive environment can be rationalized by a utility function.
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For that purpose, we provide a consistency analysis of competitive behavior by
looking at violations of GARP with the help of the CCEI. Our results reveal that
94% of participants have a CCEI above 0.90. Similarly, we observe high
consistency levels of individual choices for risk preferences with also 94% of
participants having a CCEI above 0.90. These results provide the first evidence
of consistency of individual choices in a competitive environment, allowing us
to propose a utility function to represent preferences for competition and
estimate them structurally. Importantly, we do not find significant differences
in violations of GARP between preferences for competition and risk. This is
relevant for our joint estimation procedure, since we need to ensure individual
choices are consistent in both a risky and competitive environment to estimate
simultaneously both preferences.

After the consistency check, we present a joint parametric estimation of
preferences for competition and risk at the individual level. Joint estimation of
preferences allows considering scenarios where the perception of risk changes
due to the competitive environment, as suggested for the case of risk attitudes
in other preferences domains (Abdellaoui et al., 2007; Andersen et al., 2008;
Kettlewell, 2019; Schildberg-Hörisch, 2018). In addition, it reduces the
well-documented curvature bias that results from ignoring structural relation
between preferences (Andersen et al., 2008). Using the rich data set
generated by the CBS design, we assume a CRRA specification for the utility of
income and propose two economic models to represent individual choices in a
competitive and risk environment. In the first model, we estimate risk aversion
in the absence of competition and additive preferences for competition. The
results from this first model suggest that participants are on average risk
averse when there is no competition and are competition averse as the
additive term is negative. Since this first model ignores a structural relation
between preferences for competition and risk (meaning that preferences for
competition do not affect risk preferences), we estimate a second model where
we allow for relations between both parameters in the curvature of the utility
function. In particular, in our second model, we estimate together risk
aversion in the absence of competition, additive preferences for competition,
and risk aversion in the presence of competition. Similar to the first model, the
estimates from the second model suggest that participants are on average risk
averse when there is no competition and dislike generally competition
captured by the additive term. Interestingly, the results from the second model
change the level of risk aversion, that is, when comparing risk attitudes in a
competitive versus in a non-competitive environment. Specifically, the
curvature term representing risk aversion with competition suggests that
participants are on average risk loving.

The finding that risk aversion is malleable with the environment is not new.
A large body of literature has studied extensively within variation in risk
preferences in settings that track individuals across time (Chuang and
Schechter, 2015; Mata et al., 2018). Although some have suggested that such
variation is due to noise (Salamanca, 2018), there is evidence of a
deterministic source of such variation, for instance, in the case of natural
events, health shocks, life events, and many more (for review, see, e.g.,
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Kettlewell, 2019). Although we do not track individuals across time, we
believe that the differences between the levels of risk aversion experienced in
a competitive and in a non-competitive environment are informative to
understand better the source of variation of risk preferences within
individuals. This seems crucial to understand as systematic changes in risk
preferences can have consequences in real-life situations such as labor market
and health outcomes, migration decisions, addictive behavior, and investment
(for review, see, e.g., Schildberg-Hörisch, 2018).

Our findings also reveal that preferences for competition and risk are
related to each other. In fact, relying only on the results from Model 1, where
risk and competition are treated as independent terms might result in biased
estimation of risk preferences in the population. This is because Model 1
ignores that individuals might display different levels of risk when exposed to
a competitive and non-competitive environment. The curvature parameter of
preferences for competition present in Model 2 takes this into account, by
allowing preferences for competition to affect risk preferences. The finding
that individuals are risk loving once we account for individual preferences for
competition suggests that their tolerance towards risk scenarios —such as one
recreated by a winner-takes-all competition we use in our setup— is
influenced by their attitudes towards competition.35 This dependency between
preferences for competition and risk has been recently suggested by Gillen
et al. (2019) and van Veldhuizen (2017), in the context of gender differences
in competition. Given the relevance of competition in our daily lives and also
the inherent presence of risk in most of the competitive environments, we
believe further research is needed to precisely address the role of risk
preferences on shaping preferences for competition.36

The results from both models also imply that regardless of individual risk
attitudes, participants exhibit a general dislike for competition captured by the
negative additive term. We interpret this competition aversion as a measure of
the intensity of such preferences. Specifically, this additive term influences the
utility function of income only through payoffs. We consider that this finding
is relevant as it speaks to the importance of accounting for changes in the
environment, such as different stakes, in shaping individual preferences for
competition. Recent evidence suggested already the relation between stakes
and preferences for competition (Petrie and Segal, 2015; Flory et al., 2015;
Ifcher and Zarghamee, 2016). However, ours is the first study to account for
individual sensitivity of preferences for competition to different stakes, when
introducing changes in both the competitive and non-competitive stakes. A
venue for future research could be to understand how other changes in the

35In Appendix A2, Figures 3.9, 3.10 and 3.11 display the scatter plots with the estimated
individual mean of risk aversion and preferences for competition for each of participant in the
sample. The pattern from both figures suggests a positive relationship between preferences for
competition and risk.

36In Chapter 2 of this dissertation, we discuss an attempt to estimate preferences for
competition irrespective of risk preferences. Specifically, we modify the NV design to control
for risk preferences by design and obtain a measure of individual preferences for competition
that resembles the additive preference for competition discussed in this chapter.
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competitive environment shape individual preferences. For instance, analyzing
the effect of other types of competition, not only winner-takes-all, on shaping
individual preferences for competition could be an interesting endeavor. We
also consider it important to acknowledge that a sizable part of the population
has a general dislike for competitive environments when it comes to a direct
impact on their payoffs. We argue this can help to inform policies oriented to
increase the selection of highly qualified individuals into competitive
environments. For instance, one could decrease competition aversion by
reducing the losses obtained in case of not winning the tournament to increase
participation of competition-averse individuals in tournaments.

One of the advantages of our estimation approach is that it allows us to
account for individual heterogeneity in both competition and risk preferences
by estimating preferences as a linear function of individual characteristics.
Identifying the link between preferences and individual characteristics is
relevant as it can help to design policies that target specific demographic
groups.37 The results from this analysis confirm the well-documented relation
observed between risk aversion and gender, as women are more risk averse
than men (for review, see, e.g., Meissner et al., 2020). We also identify a
relation between age and risk aversion, as older participants are less risk
averse than younger participants. Although there is not a consensus about the
relation between age and risk preferences, our results are in line with some
other previous evidence that confirms this negative relationship between age
and risk aversion (Harrison et al., 2007; Andersen et al., 2010; Dohmen et al.,
2010; Andersson et al., 2016).38 Interestingly, we do not find a relation
between age and preferences for competition. Mayr et al. (2012) show a
different pattern, with increasing preferences for competition across the life
span until an age around of around 50 years old. However, it is hard to
compare both studies as the mean age of our participants is around 20, and
there is not much variation in terms of age in our sample. Although some
literature in psychology suggests that economic students are more competitive
in decomposed games (Van Lange et al., 2011), we do not find a relation
between studies in the field of economics and taste for competition in our
experimental setting. Lastly, our findings reveal that the more brothers
participants have, the less they like a competitive environment. There is not
much work on the relation between the number of siblings and their gender
on preferences for competition. However, some recent evidence suggests that
having an older sister is positively associated with women’s preferences for
competition and negatively associated with men’s preferences for competition
(Okudaira et al., 2015). We consider that future research could focus on
understanding better how individual heterogeneity in a bigger spectrum of
characteristics and a more representative sample interacts with preferences for
competition. The results from such work could provide great insights for
policymakers who aim to design policies in competitive environments that

37We present the estimation of preferences accounting for individual heterogeneity in
Appendix A4

38For exceptions, (see, e.g., Meissner et al., 2020).
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target better the population.
Our findings also provide some light on the relation between gender and

preferences for competition. In particular, we show that women dislike
competition more than men. Extensive work in experimental economics has
suggested that women are less willing to select into a competitive environment
than men (for reviews, see, e.g., Niederle, 2014; Dariel et al., 2017).
Interestingly, and as analyzed in detail in the gender result section, gender
differences in competitiveness appear only in the additive term of preferences
for competition, but not in the curvature term. Hence, this relation suggests
that when we account for the structural relation between risk and
competition, there is not a gender gap in competitiveness. However, with our
experimental design, we cannot claim that the gender gap disappears when
accounting for the relation between preferences for competition and risk, as
more detailed comparison between a competitive environment with and
without risk will be required to make that claim.39

We consider that our findings on gender differences are relevant for the
recent discussion in the gender literature around how to explain gender
differences in selection into competition. This literature suggests that not
accounting properly for the confounding factors present in the competitive
environment, such as risk preferences and overconfidence, results in an
overestimation of the role of preferences for competition in explaining the
gender gap in willingness to compete (Gillen et al., 2019; van Veldhuizen,
2017). Our findings suggest a similar pattern, as gender differences in
competition are not present after estimating risk and competition jointly. We
believe this result can help to inform policies oriented to increase the
representation of women in competitive environments. For instance, targeting
other traits such as risk attitudes, overconfidence, and other factors not
present in this experiment, could be more effective than targeting the trait of
competition itself. The fact that men and women do not seem to have different
preferences for competition, in general, suggests that other factors could play
a more important role in gender differences in competitiveness. This could
also explain why policy interventions such as providing information provision
are so successful at the moment of reducing the gender gap in competition
(Wozniak et al., 2014; Brandts et al., 2015; Balafoutas and Sutter, 2019).

39In Chapter 2, we propose a methodological approach to create an environment where we
can capture preferences for competition irrespective of risk attitudes. Interestingly, similar to our
findings with the curvature term of preferences for competitive provided here, our findings in
Chapter 2 suggest that there are no gender differences in competition.
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6. Appendix

A1. Experimental design details

Table 3.5: Summary of the earnings for each of the parts of the experimental design.

Part 1 - Individual Rate
Individual Rate x (# correct sums)

Part 2 - Tournament Rate
Tournament Rate x (# correct sums)

Part 3 - Selection of payment-scheme
If participant does not win the tournament:
Individual Rate x (# correct sums)

If participant does win the tournament:
(Individual Rate + Tournament Rate) x (# correct sums)

Part 4 - Beliefs of future performance
If participant guesses the likelihood of being the winner:
e20

If participant does not guess the likelihood of being the winner:
e0

Part 5 - Risk preferences elictation
If the outcome a ten-dice throw is different from 1 or 2:
The chosen Certain Amount

If the outcome of a ten-dice throw is either 1 or 2:
(The chosen Certain Amount) + (The chosen Probabilistic Amount)

Note: The beliefs were incentivized using the BSR (Karni, 2009).
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Table 3.6: Summary of intercepts and corner choices in Parts 3 and 5 of the
experimental design.

Part 3 - Competition Task
Obs Mean Std. Dev. Min Max

x intercept 5,600 1193.608 580.900 108 3725
y intercept 5,600 6590.499 3095.262 626 19900
# corner choices 5,600 11.557 14.929 0 40

Part 5 - Risk Task
Obs Mean Std. Dev. Min Max

x intercept 5,600 1196.165 587.788 102 3675
y intercept 5,600 6572.185 3051.579 616 19950
# corner choices 5,600 9.936 13.448 0 40

Note: the 5600 observations are the result of 40 choices for each of the
140 participants. Also, for the risk task, the x and y intercepts are adjusted
by the number of sums to be comparable to the competition task.

Figure 3.8: Percentage of participants with an specific number of corner choices in the
risk and competition tasks.
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A2. Structural model additional features and results

Table 3.7 contains the resulting point estimates of the preference parameters
for the whole sample.

Table 3.7: Estimated risk and competition preferences at Population level

Parameter Point estimate Std. Error
Lower Bound

95% CI
Upper Bound

95% CI

Model 1
α 0.295 0.025 0.247 0.344
θ -0.538 0.037 -0.612 -0.465

# Obs. 112,000
Log-Likelihood -70387.777

Model 2
α 0.402 0.0214 0.360 0.444
θ -0.900 0.136 -1.168 -0.633
δ -0.144 0.036 -0.215 -0.074

# Obs. 112,000
Log-Likelihood -70190.523

Note: The above table reports the Maximum-likelihood estimates of the means (medians) and the
standard deviation [in parentheses] of the distributions of risk and competitive preferences. The
second column shows the results for Model 1, where the restriction δi = 0 is implemented and risk
preferences (αi) and additive preferences for competition (θi) are estimated. The third column shows
the results for Model 2, where no restriction is implemented, and risk preferences (αi), additive
preferences for competition (θi) and curvature preferences for competition (δi) are estimated.
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Model 1

Figure 3.9: Each point represents the estimates of the coefficient of risk aversion (α)
and the coefficient for the additive preference for competition (θ) at the individual
level, following the estimation procedure reported in Table 3.3 for Model 1.

Model 2

Figure 3.10: Each point represents the estimates of the coefficient of risk aversion
without competition (α) and the coefficient for the additive preference for competition
(θ) at the individual level, following the estimation procedure reported in Table 3.3 for
Model 2.
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Figure 3.11: Each point represents the estimates of the coefficient of risk aversion
without competition (α) and risk aversion with competition (δ) at the individual level,
following the estimation procedure reported in Table 3.3 for Model 2.

Analysis without corner choices

In this section, we perform the estimation of Models 1 and 2 after removing the
individuals that made only corner choices in either the competitive or risk task.
That is, we remove 17 participants out 140.

Table 3.8: Estimated risk and competition preferences at the individual level

Model 1 Model 2
Parameter Median Mean sd Median Mean sd

αi 0.344*** 0.316 0.152 0.392*** 0.372 0.191

θi -0.586*** -0.998 1.634 -0.896*** -1.488 2.081

δi -0.122*** -0.161 0.217

# Subjects 123 123
# Obs. per subject 800 800

Log-Likelihood -459.882 -455.324

Note: * p < 0.10, ** p < 0.05, *** p < 0.01 for a signed-ranks test for the median
values of the preference parameters. The above table reports the Maximum-likelihood
estimates of the medians, means and the standard deviation (sd) of the distributions of
risk and competitive preferences. Columns 2, 3 and 4 show the results for Model 1, where
the restriction δi = 0 is implemented and risk aversion (αi) and additive preferences for
competition (θi) are estimated. Columns 5, 6 and 7 show the results for Model 2, where no
restriction is implemented, and risk aversion (αi), additive preferences for competition (θi)
and competition aversion (δi) are estimated.
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Figure 3.12: PDFs of the estimates reported in Table 3.3 for Model 1. The reference
distribution in black is a normal Gaussian.

Figure 3.13: PDFs of the estimates reported in Table 3.3 for Model 2. The reference
distribution in black is a normal Gaussian.
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A3. Structural estimation by gender

In this section, we present the figures that complement the analysis presented
in Section 4.4 for our gender analysis.

Figure 3.14: PDFs of the estimates reported in Table 3.4 for Model 1 for Risk
preferences without competition (α). The reference distribution in black is a normal
Gaussian.

Figure 3.15: PDFs of the estimates reported in Table 3.4 for Model 1 for Competitive
preferences (θ). The reference distribution in black is a normal Gaussian.
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Figure 3.16: Each point represents the estimates of the coefficient of risk aversion
without competition (α) and the coefficient for the additive preference for competition
(θ) at the individual level, following the estimation procedure reported in Table 3.4

Figure 3.17: PDFs of the estimates reported in Table 3.4 for Model 2 for risk preferences
without competition (α). The reference distribution in black is a normal Gaussian.
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Figure 3.18: PDFs of the estimates reported in Table 3.4 for Model 2 for additive
preferences for competition (θ). The reference distribution in black is a normal
Gaussian.

Figure 3.19: PDFs of the estimates reported in Table 3.4 for Model 2 for risk aversion
with competition (δ). The reference distribution in black is a normal Gaussian.

106



Figure 3.20: Each point represents the estimates of the coefficient of risk aversion
without competition (α) and the coefficient for the additive preference for competition
(θ) at the individual level, following the estimation procedure reported in Table 3.4 for
Model 2.

Figure 3.21: Each point represents the estimates of the coefficient of risk aversion
without competition (α) and the coefficient for risk aversion with competition (δ) at
the individual level, following the estimation procedure reported in Table 3.4 for Model
2.
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A4. Individual characteristics and preferences

In this subsection, we test for the role of individual heterogeneity in shaping
individual preferences. In Table 3.9 we test how the preferences parameters in
Models 1 and 2 (i.e., αi, θi and δi) are related to individual characteristics. In
particular, we use logistic models, where the preference parameters are
estimated jointly as a linear function of the demographic characteristics of
individuals in our sample. We include a dummy variable for Gender that takes
the value of one for women; and a dummy variable for Economics that takes
the value of one if the field of studies is either economics, business or finance
and zero otherwise; a dummy variable for Nationality EU that takes the value
of one if the nationality is from an EU country and zero otherwise. We also
account for Age; and lastly the number of sisters and brothers individuals grow
up with in their household with the variables Sisters and Brothers.40

Table 3.9: Relationships between individual characteristics and risk aversion αi,
additive preferences for competition θi and competition aversion δi.

Model 1 Model 2
α θ α θ δ

Gender 0.231*** -0.979*** 0.157** -0.886*** 0.054
(3.31) (-4.08) (3.05) (-4.14) (1.09)

Age -0.012* 0.024 -0.025** 0.041 -0.009
(-1.99) (1.76) (-2.74) (1.77) (-1.08)

Economics -0.043 0.216 -0.132 0.881 0.044
(-1.01) (1.44) (-1.53) (1.68) (0.93)

Nationality EU -0.016 -0.059 -0.208 0.021 -0.191
(-0.31) (-0.21) (-1.80) (0.02) (-1.51)

# Sisters -0.015 -0.026 -0.035 -0.054 -0.023
(-0.77) (-0.45) (-1.34) (-0.68) (-0.77)

# Brothers 0.050 -0.197** 0.015 -0.257* -0.021
(1.73) (-2.68) (0.46) (-2.41) (-0.69)

Constant 0.267*** -0.385 0.662*** -2.148 -0.280
(9.65) (-1.42) (3.91) (-1.48) (2.44)

# Obs. 112000 # Obs. 112000
Log-Likelihood -69136.903 Log-Likelihood -68689.782

Standard errors (clustered at the individual level) are shown in parentheses.
*p<0.10, **p<0.05, ***p<0.01

The results from Table 3.9 show a relation between gender and risk
aversion in both models, indicating that women are more risk averse than
men. We also observe a relation between age and risk aversion in both models,
as older individuals are less risk averse. For the additive preferences for
competition there is an association between gender and these preferences in
both models, as women dislike more competition than men and this difference
is significant. Both models also show a relation between the number of
brothers and the additive preferences for competition, with a higher number
of brothers decreasing the taste for competition. Lastly, the results from Model

40Please note that we standardize Age by removing the mean population value to each
individual’s age.
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2 indicate that there is no association between competition aversion and the
individual characteristics included in Table 3.9.

109



A5. Instructions

[Page 1]

General Instructions

Welcome to the experiment.41 In the experiment today, you will be asked to
complete five tasks. Your total earnings at the end of the experiment are the
sum of the following two components: (1) A e10 show up fee; and (2) your
earnings in one of the five tasks. Specifically, at the end of the experiment, one
of these five tasks will be randomly chosen for payment purposes. Before each
task, we will describe in detail how your earnings for that task are determined.
In this experiment, we use the currency “Token”. The number of tokens you
earned will be transformed into Euros at the exchange rate 100 tokens =e1,00.
Once you complete all five tasks, we will call you one by one and pay your
earnings in private.

During the experiment, the use of cell phones is prohibited. As it is written
down in the consent form you have in the screen, all your information,
decisions, and performance during this experiment are anonymous. Please
click the “Accept” button to continue with the experiment.

You will receive the instructions for each of the tasks right before you start
each task. Now you will start Task 1, please read the instructions of Task 1
carefully.

Welcome to the experiment. In the experiment today, you will be asked to
complete five tasks. Your total earnings at the end of the experiment are the
sum of the following two components: (1) A e10 show up fee; and (2) your
earnings in one of the five tasks. Specifically, at the end of the experiment, one
of these five tasks will be randomly chosen for payment purposes. Before each
task, we will describe in detail how your earnings for that task are determined.
In this experiment, we use the currency “Token”. The number of tokens you
earned will be transformed into Euros at the exchange rate 100 tokens =e1,00.
Once you complete all five tasks, we will call you one by one and pay your
earnings in private.

During the experiment, the use of cell phones is prohibited. As it is written
down in the consent form you have in the screen, all your information,
decisions, and performance during this experiment are anonymous. Please
click the “Accept” button to continue with the experiment.

You will receive the instructions for each of the tasks right before you start
each task. Now you will start Task 1, please read the instructions of Task 1
carefully.

41The text font, the size and the appearance of images have been adapted from the original
instruction version.
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[Page 2]

TASK 1

In Task 1 you will be given four minutes to calculate a series of sums of
four two-digit numbers (see “Screenshot Summation Task”). You cannot use a
calculator, but you are welcome to use the provided scratch paper. You submit
an answer by clicking the button "Submit". When you submit an answer, the
computer will immediately tell you whether the answer is correct or incorrect
and a new sum is generated.

Your earnings for Task 1 depend on your individual performance. You will
receive 100 Tokens per correctly answered sum. We refer to this payment
scheme as individual rate.

Practice round: Before Task 1 starts, you will have two minutes to get
familiar with the screen and to practice the calculation of series of sums of
four two-digit numbers. Please notice that your answers in this practice round
will not be considered for your earnings in this experiment.

Once you are done reading, click on the “NEXT” button on your screen.

Figure 3.22: Summation Task
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[Page 3]

TASK 2

As in the previous task, you will be given four minutes to calculate sums of
four two-digit numbers.

The difference with Task 1 is that, in Task 2, your earnings depend on your
performance and the performance of four other participants. Specifically, you
will be randomly assigned to a group of five participants. The individual who
correctly solves the highest number of sums in the group will be the group’s
winner. If there are ties the winner will be determined randomly among the tied
group members. The earnings for Task 2 are calculated as follows: the group’s
winner receives 550 Tokens per correctly answered sum while everyone else in
the group receives 0 Tokens. We refer to this payment scheme as tournament
rate. You will not be informed of how you did in the tournament until you have
completed all five tasks.

Once you are done reading, click on the “Next” button on your screen.
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TASK 3

As in the previous tasks you will be given four minutes to calculate sums of
four two-digit numbers.

Before performing the task, you choose how you want to be paid for each
correct sum in Task 3. You choose a combination of individual rate and
tournament rate. To make your choice, you pick a point on a green line in a
graph like the one below. The individual rate corresponds to the horizontal
axis, and the tournament rate corresponds to the vertical axis. Every point on
the green line corresponds to a combination of individual rate and tournament
rate. You can only choose one point on the green line, but you are free to
choose any point.

Figure 3.23: Example Task 3

The two payments schemes are as follows:
• A. For each correct sum in Task 3, the individual rate pays the rate

corresponding to the point you choose on the green line. For example, if
you choose an individual rate of 50 then you will receive 50 Tokens per
correct sum.

• B. For each correct sum in Task 3, the tournament rate pays the rate
corresponding to the point you choose on the green line if you are the
winner of your group in Task 3. Specifically, your performance in Task 3
will be compared with the performance of the four other members of your
group in Task 2. You will be your group’s winner if you solved more sums
in Task 3 than all the other group members in Task 2. If there are ties
the winner will be randomly determined among the tied group members.
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If you are not your group’s winner, then you will be paid 0 Tokens. For
example, if you choose a tournament rate of 350 then you will receive
350 Tokens per correct sum if you are the group’s winner and you will
receive 0 Tokens if you are not.

In summary, you will be paid in the following way in Task 3:
• - If you are not the group’s winner in Task 3:

(Your chosen individual rate) × (Number of correct sums in Task 3)
• - If you are the group’s winner in Task 3:

(Your chosen individual rate) × (Number of correct sums in Task 3) +
(Your chosen tournament rate) × (Number of correct sums in Task 3)

Examples:

Example 1: Imagine you chose point A in the graph below. In this point,
you have an individual rate of 50 Tokens per correct sum and a tournament
rate of 92 Tokens per correct sum. This means that:

• - If you are not the group’s winner in Task 3, you earn 50 Tokens per
correct sum: 50 Tokens from your individual rate choice and 0 Tokens
from your tournament rate choice.

• - If you are the group’s winner in Task 3, you earn 142 Tokens per
correct sum: 50 Tokens from your individual rate choice and 92 Tokens
from your tournament rate choice

Figure 3.24: Example Task 3

Example 2: Another possible choice is B. In this point, you have an
individual rate of 16 Tokens and a tournament rate of 570 Tokens. This means
that:
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• If you are not the group’s winner in Task 3, you earn 15 Tokens per correct
sum: 15 Tokens from your individual rate choice and 0 Tokens from your
tournament rate choice.

• If you are the group’s winner in Task 3, you earn 585 Tokens per correct
sum: 15 Tokens from your individual rate choice and 570 Tokens from
your tournament rate choice

Figure 3.25: Example Task 3

Example 3: Another possible choice is C. In this point, you have an
individual rate of 146 Tokens and a tournament rate of 0 Tokens. This means
that:

• - If you are not the group’s winner in Task 3, you earn 146 Tokens per
correct sum: 146 Tokens from your individual rate choice and 0 Tokens
from your tournament rate choice.

• - If you are the group’s winner in Task 3, you earn 146 Tokens per correct
sum: 146 Tokens from your individual rate choice and 0 Tokens from your
tournament rate choice
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Figure 3.26: Example Task 3
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You will be asked to make a choice in 40 different lines. The green line
representing the combinations of individual rate and tournament rate will
change from choice to choice. Examples of lines that you might see are shown
below. For each choice, the computer randomly selects a green line that
crosses the horizontal axis between 50 and 150 Tokens and the vertical axis
between 300 and 800 Tokens. After you have made a choice for all 40 lines,
one of them will be randomly selected to determine your earnings for Task 3
(each line with equal probability). You will perform the sums for Task 3
knowing the piece-rate and tournament rate that determine your Task 3
earnings.

Figure 3.27: Example Task 3

To make a choice, use your mouse to click on a point on the line. Once you
click, you will see on the horizontal axis the value for individual rate and on
the vertical axis that value for tournament rate. On the right side of the screen,
you will also see two tables. The table on the top will display the point you
selected on the green line. The table on the bottom will display your earnings
(in Tokens) in Task 3 per correct sum depending on whether you are the winner
of your group or not. You can click on as many points on the line as you wish
until you find the combination of individual rate and tournament rate that you
would like to choose. You can also choose a point on the line by clicking on
the buttons labelled with the left and right arrows, which are located below the
graph. To confirm your decision, click the ‘Submit’ button on the bottom right
part of your screen.

[Page 12]

TASK 4

In this task, you earn money by answering the following question: How
likely do you think it is that you are the winner of your group in Task 3? Your
answer can go from 0 (meaning you are completely certain that you are not the
winner of your group) to 100 (meaning you are completely certain that you are
the winner of your group). Your earnings in Task 4 can be either e0 or e20.
The probability of getting e20 depends on two things:

1. The actual outcome (whether you are the winner or not in your group)
2. The likelihood you pick as an answer to the question above.
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The closer the likelihood you choose is to your actual outcome in Task 3,
the higher the probability you have of winning e20. In other words, if it turns
out that you are the tournament winner in Task 3, then the probability that you
earn e20 increases the closer your selected likelihood is to 100. Conversely, if it
turns out that you are not the tournament winner in Task 3, then the probability
that you earn e20 increases the closer your selected likelihood is to 0.

You will select your likelihood of being the winner of your group by moving
the cursor on a slider. You can select any number between 0 and 100. The
cursor will appear on the slider only after you have clicked on the slider for the
first time. To help you to understand the consequences of your choice, you will
see the following information below the slider.

• On the right part of the screen, a table shows the probability of getting
e20 in the two possible outcomes: in case you are the winner in your
group and in case you are not the winner in your group.

• On the left part of the screen, a bar graph shows the corresponding
expected earnings in both outcomes.

We provide an example below to better illustrate how this information will
look like (note that the numbers used in this example are not indicative of what
constitutes a good or bad answer in this task).
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Example

Suppose you think there is an 80% chance that you are the winner in your
group and you selected 80 in slider, as shown in the figure below. Given your
choice on the slider the probability of getting e20 is 0.96 if you turn out to be
the winner of your group in Task 3, and 0.36 if you turn out to be one of the
losers. The bar graph shows the corresponding expected earnings: 19.2 if you
turn out to be the winner and 7.2 if you turn out to be one of the losers.

Figure 3.28: Example Task 4

Once you are done reading, click on the “Next” button on your screen.
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TASK 5

This is Task 5 of the experiment. The earnings from this part of the
experiment are completely independent from the ones obtained before. The
amount you earn depends on your decisions and on chance, that is the
outcome of a die you will role at the end of the experiment in case Task 5 is
chosen for payment purposes.

In Task 5 you choose how you want to be paid: you choose a combination of
a certain amount and a probabilistic amount. Please notice that in Task 5 you
don’t have to perform any summation task. To make your choice, you pick a
point on a line in a graph like the one below. The certain amount corresponds
to the horizontal axis, and the probabilistic amount corresponds to the vertical
axis. Every point on the blue line resembles a combination of a certain amount
and a probabilistic amount. You can only choose one point on the blue line, but
you are free to choose any point.

Figure 3.29: Example Task 5

The two options are as follows:

A. The certain amount pays the amount corresponding to the point you
choose on the blue line for sure. For example, if you choose a certain amount
of 100 then you will receive 100 Tokens.

B. The probabilistic amount pays the amount corresponding to the point

120



you choose on the blue line with a probability of 20%. At the end of the
experiment, you will throw a ten-sided die. If the outcome of your dice throw
is 1 or 2, you get the probabilistic amount you choose; otherwise you will be
paid zero. For example, if you choose a probabilistic amount of 200 then you
will receive 200 Tokens if your dice throw results in 1 or 2. If your dice throw
is 3 through 10, you will receive 0 Tokens.

In summary, you will be paid in the following way in Task 4:
• If the outcome from your ten-dice throw at the end of the experiment is

different from 1 or 2:
(Your chosen certain amount)

• If the outcome from your ten-dice throw at the end of the experiment is
either 1 or 2:
(Your chosen certain amount) + (Your chosen probabilistic amount)
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Examples:

Example 1: Imagine you chose point A in the graph below. In this point,
you have a certain amount of 600 Tokens and a probabilistic amount of 1670
Tokens with 20% chance. This means that:

- If your dice throw is different from 1 or 2, you earn 600 Tokens: 600
Tokens from your certain amount and 0 Tokens s from your probabilistic
amount.

- If your dice throw is equal to 1 or 2, you earn 2270 Tokens: 600 Tokens
from your certain amount and 1670 Tokens from your probabilistic amount.

Figure 3.30: Example Task 5

Example 2: Another possible choice is B. In this point, you have a certain
amount of 270Tokens and a probabilistic amount of 5400 Tokens. This means
that:

- If your dice throw is different from 1 or 2, you earn 270 Tokens: 270
Tokens from your certain amount and 0 Tokens from your probabilistic
amount.

- If your dice throw is equal to 1 or 2, you earn 5670 Tokens: 270 Tokens
from your certain amount and 5400 Tokens from your probabilistic amount.
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Figure 3.31: Example Task 5

Example 3: Another possible choice is C. In this point, you have a certain
amount of 0 Tokens and a probabilistic amount of 3910 Tokens. This means
that:

- If your dice throw is different from 1 or 2, you earn 0 Tokens: 0 Tokens
from your certain amount and 0 Tokens from your probabilistic amount.

- If your dice throw is equal to 1 or 2, you earn 3910 Tokens: 0 Tokens from
your certain amount and 3910 Tokens from your probabilistic amount.

You will be asked to make a choice in 40 different lines. The blue line
representing the combinations of certain amount and probabilistic amount will
change from choice to choice. Examples of lines that you might see are shown
below. For each choice, the computer randomly selects a line that crosses the
horizontal axis between 500 and 1500 Tokens and the vertical axis between
3000 and 8000 Tokens. After you have made a choice for all your 40 lines,
one of them will be randomly selected to determine your earnings for Task 5
(each line with equal probability). If Task 5 is the task randomly selected for
payment, the selected choice will be used to calculate your final earnings.

To make a choice, use your mouse to click on a point on the line. Once
you click, you will see on the horizontal axis the value for certain amount and
on the vertical axis that value for probabilistic amount. On the right side of
the screen, you will also see two tables. The table on the top will display the
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Figure 3.32: Example Task 5.4

Figure 3.33: Example Task 5

point you selected on the blue line. The table on the bottom will display your
earnings (in Tokens) in Task 5 depending on whether your dice throw is equal
to 1 or 2 or not. You can click on as many points on the line as you wish until
you find the combination of certain amount and probabilistic amount that you
would like to choose. You can also choose a point on the line by clicking on
the buttons labelled with the left and right arrows, which are located below the
graph. To confirm your decision, click the ‘Submit’ button on the bottom right
part of your screen.
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Chapter 4

The Impact of the Menstrual
Cycle on Bargaining Behavior

In this paper, we examine whether the menstrual cycle influences women’s
bargaining behavior and bargaining outcomes. In an experiment, participants
play a variation of the dynamic unstructured bilateral bargaining game with
private information (Camerer et al., 2019). While the distribution of the pie
size is common knowledge, only one bargaining partner (informed) knows the
actual pie size. Our findings suggest that information plays an important role
for the effect of the menstrual cycle on bargaining behavior. Bargaining
behavior of less informed women (uninformed) does not vary significantly
over the menstrual cycle, but the bargaining behavior of informed women
does: During the ovulation phase, informed women offer a smaller share of
the pie to the bargaining partner compared to the other menstrual phases, and
especially compared to the premenstrual phase. These differences also
translate into bargaining outcomes resulting in significantly higher final
payoffs for informed women during the ovulation phase. Although the
bargaining behavior of uninformed women does not change over the
menstrual cycle, their bargaining outcomes captured by final payoffs and deal
rates improve during ovulation.

This chapter is based on joint work with Arno Riedl and Christina Rott
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1. Introduction

Bargaining is an important part of human interaction and affects greatly
individuals’ outcomes in both the labor market and the private domain. A
disadvantageous position in a negotiation environment can have a tremendous
consequence on bargainers’ daily life outcomes (e.g. promotions and salaries).
For instance, not negotiating the first job offer leads to a $500,000 loss
throughout women’s career in comparison to their male counterparts (Babcock
and Laschever, 2009). Understanding the determinants of bargaining behavior
and outcomes is therefore of utmost importance.

Bargainers’ preferences, as well as the context in which negotiations take
place, are important determinants of behavior and outcomes. The literature in
experimental and behavioral economics has identified different factors that
influence bargaining behavior, such as the sex of the partner with which
individuals are negotiating (Eckel et al., 2008), the stereotypes present during
the negotiation (Kray et al., 2001), the ambiguity of the situation (Small et al.,
2007; Leibbrandt and List, 2015), the framing of the negotiation (Small et al.,
2007), the relative positional power (Andersen et al., 2018; Dittrich et al.,
2014), and also attitudes towards risk and fairness might contribute to the
differences in negotiation outcomes as well (Niederle and Vesterlund, 2007).

In addition to these bargaining determinants, there are other factors
understudied in a bargaining context that have a strong connection with
individual decision-making processes in an economic domain. Specifically,
research in endocrinology has increased our understanding of biological
factors underlying different economic outcomes (for a survey see Blau and
Kahn (2000)). However, the role of nature in shaping individuals’ bargaining
behavior is intriguing, but a largely open question. Our study contributes to
answering this question by analyzing the bargaining behavior of women across
their menstrual cycle.

Understanding the impact of the menstrual cycle on bargaining behavior is
important for three reasons. First, the obtained results give insights as to
whether nature in the form of the menstrual cycle directly affects negotiation
behavior. Second, it increases our understanding of whether other factors such
as risk and social preferences have a mediating effect on the menstrual cycle
on bargaining behavior. Third, raising women’s awareness of variations in
bargaining behavior over the menstrual cycle might influence their bargaining
behavior positively and thereby reduce gender differences in bargaining
outcomes in the labor market.

The menstrual cycle is characterized by the levels of two female sex
hormones linked to fertility, i.e., estradiol and progesterone, that fluctuate in a
predictable pattern and constantly influence women’s behavior. In the last two
decades, the gender literature in economics has suggested a connection
between the menstrual cycle and female’s decision-making process in multiple
domains. To date, the impact of the menstrual cycle on economic decision
making has been studied in the context of sealed-bid first-price auctions (Chen
et al., 2013; Pearson and Schipper, 2013), competitiveness (Wozniak et al.,
2009; Buser, 2012; Ranehill et al., 2018), risk preferences (Buser, 2012;
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Ranehill et al., 2018), altruism (Buser, 2011; Ranehill et al., 2018), loss
aversion, and economic rationality (Lazzaro et al., 2016). However, to the best
of our knowledge, the possible link between biological factors and decisions
has been ignored in the context of bargaining.

One main contribution of our paper is to provide evidence of the influence
of the menstrual cycle on bargaining behavior and outcomes. The menstrual
cycle is a promising determinant of bargaining as it has been shown to
influence different types of behaviors and preferences that are present in a
negotiation context such as women’s risk preferences and loss aversion (Buser,
2012; Lazzaro et al., 2016), social preferences (Buser, 2011), and
competitiveness levels (Wozniak et al., 2009; Buser, 2012). This literature
together suggests that the menstrual cycle, and more specifically the female
sex hormones related to fertility, influence women’s economic preferences in
those domains.

In this study, we follow Camerer et al. (2019)’s design and implement a
negotiation environment with a bilateral unstructured bargaining scheme
characterized by one-side private information between the involved parts. In
the bargaining game, two individuals bargain over the allocation of an amount
of money (i.e., the pie size). While the distribution of the pie size is common
knowledge, only one bargaining partner (informed) knows the actual pie size
whereas the other partner does not have access to this information
(uninformed). Following the bargaining game, risk and social preferences are
elicited. Before coming to the bargaining experiment phase, subjects are asked
to track their menstrual cycle for three months. This self-reported information
allows us to obtain an accurate measurement at the individual level of the
cycle length and the menstrual phase of each woman during the bargaining
experiment phase.

This paper proposes that the hormonal changes present during women’s
menstrual cycle, mainly due to progesterone and estradiol levels, influence
bargaining outcomes and consequences. Following the evidence that suggests
that women are competitive, less risk averse and profit-maximizing when they
face drastic changes in estradiol levels during ovulation (e.g. Wozniak et al.
(2009), Buser (2012), Lazzaro et al. (2016)), we hypothesize the following
two outcomes. First, that bargaining behavior is related to fluctuations of sex
hormones, and therefore, to the menstrual cycle. Second, that women’s
bargaining behavior is less compromising during the ovulation phase
compared to the other phases and, especially, compared to the
premenstruation phase. We also expect variation in bargaining consequences,
which we capture by looking at changes in deal rates and final payoffs across
the menstrual cycle. Specifically, we expect that a decrease in compromising
behavior during the ovulation phase is translated into higher final payoffs and
lower deal rates during the ovulation in comparison to the other three
menstrual phases.

Our main findings are as follows. Supporting our second and main
hypothesis, we observe that bargaining behavior varies over the menstrual
cycle, and this variation is conditional on the information setting. Specifically,
when women are not affected by any asymmetry of information (informed),
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they are less willing to compromise in our bargaining setting during the
ovulation phase in comparison to all the other menstrual phases, and this
effect is strongest when compared to the premenstruation phase. Interestingly,
this effect is independent of risk and social preferences. We also observe that
the decrease in compromising behavior during the ovulation phase versus the
premenstruation phase is translated into higher payoffs during the former
phase in comparison to the later one. Lastly, although we do not observe
variation in bargaining behavior across the menstrual cycle for women
exposed to asymmetry in information (uninformed), we do see an increase in
final payoffs and deal rates during the ovulation phase for these players.
Taking together, our findings suggest that the effect of the menstrual cycle on
bargaining behavior is conditional on the information setting. In addition,
they point out the important role of ovulation and premenstrual phases as
determinants of women’s bargaining behavior and consequences.

The remainder of this chapter is organized as follows. We provide a
literature review in Section 2. Section 3 describes the experimental design and
how we estimated the menstrual cycle phases for our sample. We describe our
hypotheses in Section 4. In Section 5, we present our results and in Section 6
we discuss them. Finally, we conclude in Section 7.

2. Literature review

Evidence of the impact of the menstrual cycle on preferences and economic
decision-making is somewhat mixed, but overall points towards the important
roles of two menstrual phases: the ovulation and premenstruation (or luteal)
phases. In general, previous work suggests that the menstrual cycle, and more
specifically, the hormones associated with fertility and reproduction, might
influence economic preferences and behavior. We focus on competitive
behavior, risk aversion, and social preferences; given that these are the main
aspects present in a bargaining environment that have been studied in relation
to the menstrual cycle.

In the context of competition, there are three studies that look at the
variations in competitive behavior over the menstrual cycle by using the
experimental task proposed by Niederle and Vesterlund (2007). In a first
study, Wozniak et al. (2009) examines whether women have between and
within differences in competition choices during the menstrual cycle with
self-reported data. Their findings suggest that women’s willingness to select
into a competitive environment is higher when progesterone levels are high.
In a second study, Buser (2012) reveals an opposite pattern to the one
observed in Wozniak et al. (2009). Buser (2012) uses self-reported menstrual
cycle data to show that women’s willingness to select into a competitive
environment changes over the menstrual cycle and also with the intake of
hormonal contraceptives. His results suggest that women are less competitive
when the levels of progesterone are high. That is, during the premenstruation
phase or during the 21-days intake period for hormonal contraceptive takers.
Additionally, his findings suggest that such variation in competitive behavior
over the menstrual cycle is not explained by other factors such as
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performance, risk aversion, or overconfidence. It is worth mentioning that it is
difficult to compare both studies because both competitive tasks differ and
each study has a different gender composition in its sample. Buser (2012) uses
a all-female sample whereas Wozniak et al. (2009) has mixed-sex sample.
Lastly, a recent study Ranehill et al. (2018) employs a clinical randomized
placebo-controlled method to study the causal effect of hormonal
contraceptives on risk, social, and competitive preferences. Their results
suggest a null effect of hormonal contraceptives, and probably also the female
sex hormones present during the menstrual cycle, on any of these three
economic preferences, including competitiveness.

In the context of risky behavior, Buser (2012), Ranehill et al. (2018) and
Schipper (2014) find no variation of risk attitudes during the menstrual cycle,
whereas Lazzaro et al. (2016) observe a reduction in risk aversion during the
ovulation phase when compared to the luteal phase, but not to the other
phases. Bröder and Hohmann (2003) and Chavanne and Gallup Jr (1998) also
observe an increase in risk-taking behavior during the mid part of the
menstrual cycle (i.e., during ovulation). However, these last two studies
specifically look at behaviors that increase the risk of falling victim to rape and
not at general risk preferences. For social preferences, Buser (2011) find
higher levels of trust before and during ovulation and higher levels of altruism
during the premenstrual phase. Contrary, Ranehill et al. (2018) do not find
any differences in altruistic behavior during the menstrual cycle.

The menstrual cycle has also been suggested to influence behavior in two
other economic domains: competitive bidding and loss aversion. For sealed
bid first-price auctions, Chen et al. (2013) and Pearson and Schipper (2014)
observe that women bid lower when hormone levels are high (i.e., during the
premenstrual phase). In a setting of loss aversion, Lazzaro et al. (2016)
demonstrates that women are less loss averse and more willing to take risky
options that may lead to potential losses compared to men during the
ovulation phase.

It is difficult to compare results between studies in this literature for several
reasons. First, most of them use different methods to estimate the menstrual
cycle phases. In some studies, self-reported data are used whereas in others,
biological measurements are employed to estimate the menstrual phases or a
combination of both methods. Also, across studies, the division of the
menstrual cycle varies (from two to five phases), as well as the sample
composition (all-female or mixed sex). Each of these factors can lead to
differences in outcomes and conclusions. However, most of the studies on this
literature seem to have a consensus on the important role of the
premenstruation and ovulation phases on economic behaviors, as those two
menstrual phases face the most drastic changes in estradiol and progesterone
levels (Wozniak et al., 2009; Buser, 2012; Lazzaro et al., 2016).

3. Experimental design and procedures

Participants in our study are invited to a lab session after a period of tracking
their menstrual cycle. In the lab session, participants play a dynamic
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unstructured bargaining game. To be able to identify women’s cycle phase at
the individual level at the moment of the experimental session, women are
recruited three months earlier and asked to track their menstrual cycle until
the session. In the following two subsections, we describe the experimental
sessions with the bargaining game and the estimation of the cycle phase,
respectively.

3.1. Experimental sessions with bargaining game

Each experimental session is divided into four parts: In Part 1, participants
play a dynamic unstructured bargaining game, in Part 2 and 3, we elicit risk
and social preferences, and in Part 4, participants complete a demographic
questionnaire. The instructions for each part are provided at the beginning of
the respective part and can be found in Appendix A6.

Part 1: Bargaining game

In part 1, participants play a variation of the continuous-time bargaining
game with one-sided private information developed by Camerer et al. (2019).
Two players bargain over the allocation of an amount of money, which we
refer to as the pie size. The distribution of the pie sizes (e4.00, e8.00,
e12.00, e16.00, e20.00, or e24.00) is public knowledge as well as is the
fact that the computer picks a pie size with equal probability. Only one of the
two players—the informed player—knows the actual pie size. The other
player—the uninformed player—only knows the distribution of the potential
pie sizes. Both players know that only the informed player is informed about
the actual pie size. At the beginning of the experiment, players are randomly
assigned the role of an informed player or uninformed player and keep the
assigned role for the entire experiment. Participants are assigned to 28
independent matching groups composed of three informed players and three
uninformed players, respectively.

The randomly paired players negotiate over the uninformed player’s share
of the pie. Since players bargain over the uninformed player’s share of the
pie, we refer to the informed player’s bargaining proposals as offers and the
uninformed player’s bargaining proposals as demands. Players can place offers
or demands on a slider interface. The bargaining positions can take any value
between e0.00 and e24.00 in multiples of e0.20.

The bargaining game consists of an initial bargaining stage, a simultaneous
bargaining stage, and a feedback stage. Screenshots of the bargaining stages
are displayed in Appendix A6.

Stage 1. Initial bargaining: Both players indicate their initial offer/
demand without observing the other player’s bargaining position.1 Once both
players indicated and submitted their initial bargaining position, each player’s
initial position is revealed to the paired player by displaying the informed and

1The initial cursor location on the slider (i.e., before the first click) is randomized.
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the uninformed player’s sliders right below each other on the screen. In this
stage, no time constraint is imposed. However, players can only move to the
next stage after having submitted their initial offer/demand.

Stage 2. Continuous bargaining: After observing the paired player’s initial
position, participants have 30 seconds to bargain and reach a deal. Offers and
demands can be made continuously at any time within the time frame. Players
see their bargaining partner’s current offer/demand immediately and
simultaneously on the slider. A deal is reached and the continuous bargaining
stage terminates if offer and demand coincide and do not change for two
seconds. If a deal is reached, the uninformed player’s payoff is equal to the
agreed share and the informed player’s payoff is equal to the pie size minus
the agreed share for the uninformed player. In case the agreed share for the
uninformed player exceeds the pie size, the informed player’s payoff is
negative. Negative payoffs are subtracted from other earnings in the
experiment. If no deal is reached after 30 seconds of bargaining, both players
get e0.00.

Stage 3. Feedback: After the bargaining game, both players are informed
of their own payoff and the actual pie size.

Participants play the game repeatedly for ten rounds and bargaining
partners are paired in matching groups in a strangers protocol.2 At the end of
the experiment, one of the ten bargaining rounds is randomly selected for
payment.

Part 2 : Risk preferences

In part 2, participants’ risk preferences are elicited following the
experimental design in Cettolin et al. (2017). For each of the ten lotteries
displayed in Table 4.1, participants make a choice between the lottery and a
sure amount.3 Specifically, the sure amounts decrease monotonically from the
highest outcome in the lottery to the lowest outcome in the lottery in equally
spaced steps. To ensure a unique switching point, subjects are allowed to
switch only once between the lottery and the sure amount.

We calculate the participants’ certainty equivalents of ten multiple price
lists (MPL) with 10 two-outcome lotteries within each MPL, and use them to
estimate each participant’s risk preferences. Risk preferences are calculated at
the individual level assuming a CRRA power utility function for money
U(x) = x1−α, where 0 < α < 1 indicates risk aversion, α = 0 risk neutrality
and α < 0 risk-loving (Holt and Laury, 2002; Andersen et al., 2008; Wakker,
2008; Dohmen et al., 2011). At the end of the experiment, one of the 100
decisions is selected with equal probability to be paid out.

2Participants are randomly matched with a new participants within their matching group.
The probability to interact with the same participant is non-zero but participants never received
feedback on this matter.

3see Appendix A6 for an example of the screens subjects are displayed during the experiment.
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Table 4.1: Lotteries for risk preferences

Lottery p1 x1 x2
1 0.2 16 5
2 0.5 10 4
3 0.8 7 20
4 0.15 22 2
5 0.25 15 4
6 0.33 12 0
7 0.2 13 3
8 0.35 18 6
9 0.9 4 24

10 0.33 10 6

Note: p1 is the probability of

winning x1e.

Part 3: Social preferences

In part 3, we elicit social preferences by means of the experimental task
developed by Kerschbamer (2015). In this task, participants make incentivized
binary choices between the allocation of payoffs to the decision-maker and to
a randomly matched player—the passive player. Participants have to choose
between an equal split for themselves and the passive player and an allocation
with (dis-)advantageous inequality. A detailed description of the elicitation of
social preferences is provided in the Appendix A1.

We create an index that measures the degree of benevolent (or malevolent)
behavior given the choices subjects make among each of the two types of
decisions. Specifically, we categorized a player with a high degree of
benevolence if when confronted with the binary choices in the
disadvantageous inequality block, he or she chooses most of the time the
asymmetric allocation; and when confronted with the binary choices in the
advantageous inequality block, he or she chooses most of the time the
symmetric allocation.4 At the end of the experiment, one of the choices is
selected randomly and the participants receive the payment as active
decision-maker in that choice plus the payoffs obtained as a passive player.5

4Note that we do not use the measurement of distributional preferences suggested by
Kerschbamer (2015) because the switching behavior of our subjects doesn’t allow for the
rationalization of such choices. We have more than one switching per block for some subjects.
This inconsistent switching behavior makes it difficult to estimate subjects’ distributional
preferences.

5Following the design of Kerschbamer (2015), we used a double role assignment protocol.
That is, each subject gets two payoffs in this task, one obtained for the role of decision-maker
and the other one for the role of the passive player. At the end of the experiment, the earnings
from this task correspond to the payoffs from one of the ten choices made as an active decision-
maker that is randomly selected with equal probability plus the payoffs obtained as a passive
player.
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Part 4: Questionnaire

In part 4, participants fill in a questionnaire, which includes
socio-demographic questions on gender, age, nationality, and study level.
Additionally, they provide information about their menstrual cycle to verify the
data obtained from their prior menstrual cycle tracking. Using the same
questionnaire as in Buser (2012), participants are asked to indicate the date
when the last menstruation started, their average cycle length, the average
length of menstruation, whether they are experiencing menstrual bleeding at
the moment of the laboratory session, how regular their cycle is, and whether
they use a hormonal contraceptive method (and if so which one). We also ask
questions about their risk attitudes in different contexts following the design
of Dohmen et al. (2011).

3.2. Tracking of the menstrual cycle and estimation of cycle phase

According to the medical literature, the menstrual cycle is mainly
characterized by two female sex hormones—oestrogen (or estradiol) and
progesterone (Stricker et al., 2006). Among non-contraceptive takers, these
hormones fluctuate in a predictable pattern during an average cycle length of
28 days (Haag et al., 2016). The individual cycle length varies however
greatly across women. As displayed in Figure 4.1, the natural menstrual cycle
can be divided into four phases: menstrual, postmenstrual (or follicular),
ovulation, and premenstrual (or luteal) phase.

Figure 4.1: Menstrual phases and hormone levels over the menstrual cycle.
Note: Menstrual cycle division suggested by the gynecological text Haag et al. (2016).

For hormonal contraceptive takers, the hormones fluctuate in a different
pattern than the one observed in non-hormonal contraceptive women (Lovett
et al., 2017). The most common types of hormonal contraceptives influence
the natural cycle of women through a 21-day intake period, during which daily
artificial doses of estradiol and progestin increase the levels of estradiol and
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progesterone (Golobof and Kiley, 2016; Christin-Maitre, 2013).6 The 21-day
intake period is followed by a 7-day break period without pill intake, where the
hormone levels decline substantially (Buser, 2012). According to Lovett et al.
(2017), contraceptive takers experience very different hormone levels during
the 28-day cycle than non-contraceptive takers and the hormone levels vary
considerably across contraceptives.7 Contraceptives also affect other biological
aspects: Conditional on a correct intake of the hormonal contraceptives and
no disrupting factors, contraceptive takers are not fertile (during the naturally
occurring ovulation phase). We, therefore, estimate the menstrual phases only
for non-contraceptive takers.

After the three-month tracking period, we obtain a reliable measurement of
the cycle length and the menstrual phase at the individual level. The mean
cycle length is 30 days (standard deviation: 4.33 days) and varies between 21
and 46 days. We follow a similar approach as Buser (2012) and Lazzaro et al.
(2016) and use the participants’ reported start date of their last menstruation
and their individual average cycle length to estimate the first day of their next
menstruation. Since the duration of ovulation and the premenstrual phase are
relatively constant, we calculate backward the dates of each of the four
menstrual phases (postmenstrual, ovulation, and premenstrual). This gives us
an individual estimate of the menstrual phase in which participants are when
they come to the laboratory session. In Appendix A1, we explain in detail how
the menstrual phases are obtained at the individual level in our sample.

In this study, we measure the menstrual cycle phases with self-reported
data.8 We account for potential measurement errors in our menstrual phase
estimation in three ways: First, we ask participants to track their menstrual
cycle for a period of three months. As suggested by the medical literature
(Lazzaro et al., 2016), a three months period is sufficient to have a
measurement of the menstrual cycle length and variation at the individual
level. Thus, it allows us to control for individual variations in the cycle length.
Second, after the three months tracking period participants are asked in the
questionnaire at the end of the lab session to report when their last
menstruation started. We compare this last menstruation information with the

6Progestin is the name of a synthetic hormone with a similar effect as the progesterone
hormone.

7Lovett et al. (2017) analyze the hormonal levels of US women who take one of the seven
most common contraceptive pills on the market. Our study was conducted in Europe, but we
have no valid reason to expect contraceptives on the European market to differ greatly from
those on the US market.

8The menstrual phases can be alternatively estimated by measuring women’s hormone level
through, for instance, saliva or blood samples. This measure might be more reliable (Creinin
et al., 2004), but it requires several measurements over a certain period of time because
the natural hormone levels vary greatly across women. For instance, the same measurement
of progesterone might represent a high level for one woman and be a regular level for
another woman. Because of our between-subject design, we decided against a physiological
measurement. Additionally, we believe that self-reported data may have a practical advantage
over hormonal data in terms of trading-off the accuracy of the menstrual cycle measurement for
a more realistic environment: Using self-reported data is less invasive and allows us to mimic
better a real-life setting where women have rather access to self-tracking devices (for instance,
on their smartphones) than to biological measures to track their own menstrual cycle.
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estimation of the menstrual phase obtained from the tracking period. For all
participants except two, the two reports are consistent. Third, we run a
robustness check by adjusting the definition of the phase duration. Specifically,
we reduce the ovulation phase by two days and adjust the other phases
accordingly. As reported in Appendix A4, the results do not change with the
adjusted measurement.

3.3. Experimental procedures

The bargaining experiment was conducted at the Behavioral and Experimental
Economics Laboratory (BEElab) at Maastricht University and data were
collected in two waves: wave one in January-May 2016 and wave two in
January-May 2017. We ran a total of nine experimental sessions. Participants
were recruited through the online recruitment system ORSEE (Greiner, 2015).
All participants agreed to track their menstrual cycle for three months and
were either non-contraceptive or contraceptive takers under a method that did
not suppress menstruation completely.9 In total, 166 women signed the
informed consent and participated in the lab session, where 97 were non-pill
takers (with 45 uninformed players and 52 informed players) and 69 were pill
takers (with 38 uninformed players and 31 informed players).

The study was approved by the Ethical Review Committee Psychology and
Neuroscience (ERCPN) at Maastricht University. Participants received in cash a
e10 bonus at the end of the study for providing their menstrual cycle
information plus a e5 show-up fee and the payment from one of the three
parts randomly selected from the bargaining experiment phase. The
bargaining session lasted on average 45 minutes and the total average
payment was e35. The experiment was programmed in and executed with
the software z-Tree (Fischbacher, 2007).

4. Hypotheses

To study the role of the menstrual cycle on bargaining, we look at both
individuals’ bargaining behavior and the consequences thereof. We focus on
non-contraceptive takers as contraceptive takers have large differences in
hormonal levels with respect to non-pill takers and they do not experience the
same menstrual phases (Lovett et al., 2017). We analyze bargaining behavior
in terms of compromising behavior, which is measured by informed players’
initial offers, uninformed players’ initial demands, and concession rates. We
focus on initial offers and demands because they best capture an individual’s
preferences and beliefs before being affected by the negotiation partner’s
position. To capture the interactive nature of bargaining, we study
participants’ concession rates during the simultaneous bargaining stage
following the relative concession index developed by Gächter and Riedl

9The only exclusion criteria was not experiencing a menstrual cycle at all (which can be due to
contraceptive methods such as intrauterine devices, pregnancy, or trans-sexuality). In Appendix
A1, we describe in detail how participants tracked their menstrual cycle and the information
they received for this purpose.
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(2005). Concessions reveal a player’s willingness to give up part of their own
stake to reach an agreement and make the bargaining partner better off.10

Bargaining outcomes are important measures of negotiation success. On
the individual level, we analyze bargainers’ payoffs (both conditional and
unconditional on reaching an agreement) and, on the pair level, we compare
deal rates among women in different cycle phases. The first hypothesis
addresses how differently bargaining behavior of informed and uninformed
players is. Camerer et al. (2019) show that informed and uninformed players
differ in bargaining behavior in an asymmetric information setting like ours.
Specifically, the one-sided private information present in the bargaining
setting introduces more uncertainty for the uninformed players and causes risk
preferences to be more salient for the players affected by the information
asymmetry.

Hypothesis 1 - Bargaining behavior of informed and uninformed players
differs.

In addition, we also expect different bargaining behavior across the
menstrual cycle for informed and uninformed players. Buser (2012) and
Lazzaro et al. (2016) provide some evidence on the role of the menstrual cycle
for risk preferences. We, therefore, expect that the information asymmetry
moderates the effect of the menstrual cycle and that, consequently, the
bargaining behavior of both informed and uninformed players varies across
the menstrual cycle. The drastic changes of estradiol levels during
ovulation—the fertile phase of the menstrual cycle—have been associated
with higher levels of risky, competitive, and profit-maximizing behavior; see,
for instance, Wozniak et al. (2009), Buser (2012), and Lazzaro et al. (2016).
Translating these effects into a bargaining setting, we expect women to be less
willing to compromise during the ovulation phase, that is when estradiol levels
are high and facing drastic changes. In addition, we expect a stronger
difference in bargaining behavior between the ovulation and the premenstrual
phases. The premenstrual phase has been linked with economic behavior that
goes in the opposite direction as the one observed during ovulation: High
levels of progesterone or drastic changes in progesterone have been shown to
reduce risk, antisocial, and competitive behavior (Buser, 2012, 2011; Lazzaro
et al., 2016). In addition, from an evolutionary perspective, women engage
less in competitive behavior during their infertile phase and pregnancy (i.e.,
premenstruation phase) than in their fertile phase (i.e., ovulation phase),
which is when women compete for the fittest males for reproduction purposes
(Lazzaro et al., 2016). Our second and main hypothesis is on the impact of the
menstrual cycle on the bargaining behavior of informed and uninformed
players.

Hypothesis 2.a - Informed players’ initial offers and concession rates are lower

10For an in-depth description of how the relative concession index is constructed, see Section
5.2.
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during ovulation compared to the other phases, and especially, compared to the
premenstrual phase.

Hypothesis 2.b - Uninformed players’ initial demands are higher and
concession rates lower during ovulation compared to the other phases, and
especially, compared to the premenstrual phase.

We expect risk and social preferences to influence women’s willingness to
compromise during bargaining and, therefore, control for these factors. Risk
preferences (Camerer et al., 2019; Embrey et al., 2021) and social preferences
(Gächter and Riedl, 2005; Karagözoğlu and Riedl, 2015; Bolton and
Karagözoğlu, 2016) are important determinants of bargaining outcomes. We
expect risk averse informed players to offer more to the bargaining partner
and risk averse uninformed players to demand less. Pro-social individuals are
expected to choose more generous allocations, that is, higher offers of
informed players and lower demands of uninformed players.

Two important consequences of the negotiation behavior are players’
payoffs and deal rates. We expect to observe higher payoffs during the
ovulation phase as a consequence of less compromising bargaining
behavior—in particular, compared to the premenstrual phase, but only if the
less compromising behavior does not lead to lower deals. The extent to which
payoffs are higher during the ovulation phase is likely to differ for informed
and uninformed players as both players are exposed to different degrees of
uncertainty. Deal rates depend on the bargaining behavior of both negotiation
partners—informed and uninformed players. In line with the bargaining
behavior, we expect lower deal rates if one of the bargaining partners is in the
ovulation phase—especially, compared to the premenstrual phase.

5. Results

Because of the large differences in hormonal levels between non-contraceptive
takers and contraceptive-takers Lovett et al. (2017), we analyze their
bargaining behavior and consequences separately. In this section, we report
our main analysis and results for only non-contraceptive takers.11 The analysis
for contraceptive takers is provided in Appendix A5.12 We analyze bargaining
behavior and consequences with Ordinary Least Square regressions clustering
on the matching group level.13

11Importantly, although we do not include contraceptive takers in our main analysis, the
interactions these participants had with non-contraceptive takers are kept in the analysis.

12In Appendix A2, we provide descriptive statistics of our sample for both contraceptive and
non-contraceptive takers.

13For the sample of non-contraceptive takers only one participant was excluded (and her
corresponding 10 interactions in the bargaining game) from the analysis because she did not
complete the menstrual tracking phase. We also have in our sample some non-contraceptive
takers with an irregular cycle, but we decided to keep them in our analysis. We define two types
of irregularities in our sample. The first one concerns participants with a very long menstrual
cycle (2 participants have an average cycle longer than 40 days). The second one concerns
participants whose calendar report does not match the information provided in the questionnaire
they answer in the lab session (2 participants provided conflicting information in that regard,
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This section is divided into three sub-sections: first, we compare informed
and uninformed players’ bargaining behavior across the menstrual cycle
(Hypothesis 1). Second, we analyze informed players’ offers and uninformed
players’ demands as well as their respective concession rates (Hypotheses 2a
and 2b) and also take into account potential variations of risk and social
preferences over the menstrual cycle. Third, we investigate the consequences
of bargaining behavior across the menstrual cycle in terms of players’ payoffs
and deal rates.

5.1. Comparison of informed and uninformed players

To test Hypothesis 1, we consider the bargaining behavior of informed and
uninformed players and compare their bargaining positions over the duration
of the interactive bargaining stage and across menstrual cycle phases. Figure
4.2 displays the mean bargaining positions per second in the continuous and
interactive 30-second bargaining stage for informed players (left panel) and
uninformed players (right panel). For convenience, the chronological order of
informed players’ offers is from left to right (left panel) and time passes from
right to left for uninformed players’ demands (right panel). Each line represents
the average position at a given moment in time for one of the four phases of
the menstrual cycle (aggregated for all 10 bargaining rounds).

Figure 4.2 shows that informed players’ offers start low (mean e4,77, and
sd=e4.30) and uninformed players’ demands start high (mean e11.21, and
sd=e4.77). Informed players’ offers increase and uninformed players’
demands decline over time eventually converging towards the end of the
continuous bargaining stage. The observed pattern is very similar to the
bargaining dynamics found in Camerer et al. (2019). An agreement is reached
in 69% and 71% of the cases for informed players and uninformed players,
respectively.14 We observe a significant strong positive relationship between
the bargaining time and the informed player’s bargaining position and a
strong negative relationship between the bargaining time and the uninformed
player’s bargaining position (Zellner’s seemingly unrelated regression
p < 0.001 and p < 0.001, respectively).15 In addition, we also observe

but we decided to keep the one obtained from their tracking calendar).
14Note that in principle the deal rates for both type of players should be the same as if one

reaches a deal the other also does. However, for the informed (uninformed) players’ deal rates
we only consider informed (uninformed) players that are non-contraceptive takers. Since the
distribution of non-contraceptive takers is different between the two types of players (n=52 for
informed players and n=45 for uninformed players), we have different number of observations
for informed and uninformed players. In consequence, we have different deal rates for both type
of players. In Table 4.6 we present in detail the deal rates for informed players and uninformed
players across the four menstrual phases.

15Since the steepness relationship between the bargaining time and bargaining position of
informed and uninformed players might be correlated due to their interactions, we use a Zellner’s
seemingly unrelated regression that accounts for correlated error terms in both relationships. In
this regression, we use the bargaining position as a dependent variable and the time in seconds
as an explanatory variable for informed and uninformed players, separately. The resulting
coefficient estimate for the informed player is 0.046 (SE = 0.001). For the uninformed player,
the resulting coefficient estimate is -0.177 (SE = 0.006).
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significant differences in the steepness of the slope for the bargaining position
across time between informed and uninformed players (post-estimation Wald
test of the absolute coefficients obtained from the Zellner’s seemingly
unrelated regression, p < 0.001).16

Figure 4.2: Bargaining position across time during the simultaneous bargaining stage

Figure 4.2 also suggests that there are differences in bargaining behavior
between informed and uninformed players across the menstrual cycle. For
informed players, offers are consistently lower during the ovulation phase
versus the other three menstrual phases, and offers during the postmenstrual
phase are consistently higher. For uninformed players, average demands seem
to be highest during the premenstrual phase and lowest during the menstrual
phase. Taking together the different bargaining patterns for both types of
players, we conclude that the information setting affects bargaining behavior
and potentially the impact of the menstrual cycle on bargaining behavior. Our
findings as summarized in Result 1 thus support Hypothesis 1:

Result 1: Bargaining behavior differs between informed and uninformed players.

In the following, we analyze informed and uninformed players’ bargaining
behavior and payoff consequences separately.

5.2. Bargaining behavior: positions and concession rates

To test Hypotheses 2a and 2b, we analyze women’s bargaining behavior across
the menstrual cycle phases separately for informed and uninformed players.
Bargaining behavior is captured by the player’s willingness to compromise
with the other player in a bargaining setting. To measure the level of

16An additional Pearson’s r test also reveals a strong positive correlation between bargaining
position and bargaining time for informed players (r = 0.73, p < 0.001) and uninformed players
(r = −0.93, p < 0.001).
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compromising behavior, we use two variables: we use informed players’ initial
offers and uninformed players’ initial demands to capture players’ beliefs and
preferences, which they submit before observing the matched partner’s
bargaining position. Initial average offers (e4.00) and demands (e14.00)
differ substantially. Thus, to reach an agreement, concessions are necessary. To
measure compromising behavior in the dynamic interaction with the
negotiation partner, we use players’ relative concession rates.

We calculate relative concession rates with the relative concession index
proposed by Gächter and Riedl (2005). In this index, concessions are
normalized by the current bargaining area, which is determined by the
difference in the standing bargaining position of the players. For the informed
players, the relative concession rate is defined as the difference between the
informed player’s standing offer and the new offer divided by the current
bargaining area. In this case, the bargaining area is the difference between the
standing offer of the informed player and the standing demand of the
uninformed player. The relative concession rate for the uninformed player is
determined analogously. The higher the concession index, the more
willingness to concede and compromise does the player reveal. As a
robustness check, we also analyze concession rates excluding the initial offer
or demands made by the players in Appendix 4.13. We do not find differences
with the results obtained with the initial index (see Table 4.13 in Appendix
4.13).17

Informed players’ bargaining behavior

Figure 4.3 displays the average initial offers of informed players across the
menstrual cycle phases. The data are aggregated over all 10 bargaining
rounds. Initial offers vary between 0.00 Euro and 14.30 Euro across the
menstrual cycle and are lowest during ovulation (mean value in ovulation:
2.94 Euro, in menstrual: 3.52 Euros; in postmenstrual: 4.67 Euro, and
premenstrual: 4.10 Euro). This low level of initial offers during the ovulation
phase is consistent with the pattern observed in the left panel of Figure 4.2
where the informed players’ average offer is always smaller during ovulation
than during the other three phases.

We use regression analysis to test for statistical differences in bargaining
behavior between the ovulation phase and the other menstrual phases. The
regression estimates are presented in Table 4.2. We use an OLS specification
and cluster errors at the matching group level. In all models, we control for Pie
size, which is the total amount over which a negotiation pair bargains in the
respective round, and Bargaining round. Risk aversion captures an individual’s
risk aversion coefficient estimated from the risk elicitation task and Social
preferences is the informed player’s level of benevolence (higher values

17In Appendix A3, we also explore whether risk and social preferences change across the
menstrual cycle for informed and uninformed players. In addition, given the evidence on risk
preferences and the menstrual cycle (Buser, 2012, 2011; Lazzaro et al., 2016), in Appendix A3
we also check whether risk preferences are a mediator of the effect of the menstrual cycle on
bargaining behavior.
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Figure 4.3: Initial offers by informed players.
Note: The figure shows the average offers and corresponding standard errors for each
menstrual cycle phase. Standard errors are obtained from OLS regressions clustered
on the matching group level and controlling for pie size and bargaining round.

indicate higher levels of risk aversion and benevolence, respectively). We also
control for the demographic characteristics of age, nationality, and educational
background in all our models.

In models 1 and 2 of Table 4.2, the dependent variable is the informed
player’s initial offer and the main explanatory variable is the dummy variable
Ovulation, which takes the value one if the individual is in the ovulation phase,
and zero otherwise.18 The reference group of the dummy variable Ovulation
is different in models 1 and 2. In model 1, the initial offers during ovulation
are compared to those in all other menstrual phases. In model 2, the reference
group is the premenstrual phase, because the dummy variables Menstruation
and Postmenstruation are additionally included in the regression, which takes
the value one if the individual is in the respective phase and zero otherwise.
To test for differences between the ovulation phase and the menstruation and
postmenstruation phases, we run post-estimation Bonferroni-corrected Wald
tests, which are reported in the lower part of Table 4.2.

Initial offers are significantly lower during the ovulation phase: Initial
offers are on average 1.12 Euro lower during ovulation compared to the rest
of the menstrual cycle (p = 0.038, model 1) and 1.17 Euro lower than during
the premenstruation phase (p = 0.020, model 2). Initial offers are not
significantly lower during ovulation than during menstruation (p = 1.000,
model 2), or postmenstruation (p = 0.167, model 2). Model 2 of Table 4.2 also
shows that there is no significant difference between the premenstrual phase

18As a robustness check, we adjust the length window of ovulation by reducing the interval
by two days and the other menstrual phases accordingly. Our main results do not change with
the different definitions of the phases. The robustness check and all the respective tables can be
found in Appendix A4.
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Table 4.2: Initial offers and relative concession rates for informed players.

Initial offer Concession rate

(1) (2) (3) (4)

Menstruation -0.865 0.029
(0.800) (0.050)

Postmenstruation 0.273 -0.0337
(0.753) (0.138)

Ovulation -1.121∗∗ -1.177∗∗ -0.034 -0.040
(0.514) (0.474) (0.058) (0.047)

Pie size 0.206∗∗∗ 0.205∗∗∗ -0.003 -0.003
(0.022) (0.022) (0.007) (0.007)

Bargaining round -0.119∗∗∗ -0.119∗∗∗ 0.010 0.010
(0.030) (0.030) (0.013) (0.014)

Risk Aversion -0.294∗∗ -0.305∗∗ 0.002 0.001
(0.113) (0.119) (0.020) (0.020)

Social Preferences 0.201 0.234 0.004 0.003
(0.130) (0.145) (0.024) (0.027)

Constant 0.585 -0.054 0.399 0.444
(2.484) (2.745) (0.451) (0.502)

Observations 520 520 475 475
R-squared 0.348 0.362 0.015 0.016

Ovulation vs. Menstruation -0.312 -0.068
[F -test p-value] [1.000] [0.419]

Ovulation vs. Postmenstruation -1.45 -0.005
[F -test p-value] [0.167] [1.000]

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are clustered at the
matching group level (in parentheses). Post-estimation Bonferroni-corrected Wald
tests for ovulation versus the menstrual and postmenstrual phases with the effect
sizes and the corresponding p-values [in parentheses]. The dependent variable
is initial offers in models 1 and 2 and relative concession rates in models 3 and
4. Controls for demographics (age, nationality, and educational background) are
included in all four models. The reference group of the dummy variable Ovulation
is different in models 1 and 3 and models 2 and 4: While, in models 1 and 3, the
initial offers during ovulation are compared to those in all other menstrual phases,
the reference group in models 2 and 4 is the premenstrual phase.

and the menstrual or postmenstrual phases (p = 0.277 and p = 0.720, model 2,
respectively).

Additional interesting results are obtained from models 1 and 2 in Table 4.2.
The pie size affects the initial offer positively as might be expected whereas
initial offers go significantly down as the bargaining round increases. With
more experience, women seem to become ’tougher’ bargainers. Models 1 and
2 also show that initial offers are significantly lower for higher levels of risk
aversion, suggesting that informed players with a high degree of risk aversion
are more hesitant to make high initial offers to the uninformed players.

To test whether the compromising behavior also differs during the
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interactive bargaining stage, we compare relative concession rates of informed
players across menstrual phases. Models 3 and 4 of Table 4.2 have the same
specifications as models 1 and 2, respectively, but the dependent variable is
now an informed player’s average relative concession rate.19 The regression
analysis suggests that there is no significant variation in the relative
concession rates between the ovulation phase (mean value: 0.083) and the
other menstrual phases (mean value: 0.133, p = 0.566, model 3). Also for the
pairwise comparisons, concession rates during ovulation are not significantly
different from concession rates in premenstruation (p = 0.906, model 4),
menstruation (p = 0.419, model 4), and postmenstruation (p = 1.000, model
4). The results from models 3 and 4 in Table 4.2 also reveal no significant
effects of the pie size (p = 0.688 and p = 0.697, model 3 and 4) and the
bargaining round (p = 0.469 and p = 0.468, model 3 and 4) on the informed
players concession rates. A similar pattern is observed for risk and social
preferences: risk aversion (p = 0.918 and p = 0.955, model 3 and 4) and
benevolence (p = 0.861 and p = 0.915, model 3 and 4) do not influence
concession rates. We can summarize the findings with respect to Hypothesis
2.a in the following result:

Result 2: Informed players’ initial offers are significantly lower during ovulation
compared to the other menstrual phases, and in particular, compared to the
premenstruation phase. There is no evidence for differences in informed players’
relative concession rates during the interactive bargaining stage.

Uninformed players’ bargaining behavior

Figure 4.4 displays the average initial demands of uninformed players across
the menstrual cycle (aggregated over the 10 bargaining rounds). Initial
demands do not seem to vary substantially across the menstrual cycle.

The regression analysis provided in Table 4.3 tests Hypothesis 2.b, that is,
whether initial demands are higher and relative concession rates are lower
during the ovulation phase compared to the other phases, and especially,
compared to the premenstrual phase. Models 1 and 2 of Table 4.3 display the
results for uninformed players’ initial demands and models 3 and 4 for their
relative concession rates. In all four models presented in Table 4.3, we use an
OLS specification and cluster errors at the matching group level and we
control for the same explanatory variables used in Table 4.2.

In line with the visual impression in Figure 4.4, the regression results in
Table 4.3 confirm that compromising behavior of uninformed players measured
by initial demands does not vary significantly across the menstrual cycle. We
do not observe significant differences between initial demands made during
the ovulation phase and all the other phases pooled (p = 0.303, model 1). Also
the pairwise comparisons of the ovulation phase with premenstruation (p =

19The reason why there are more observations in models 1 and 2 in comparison to models 3
and 4 is that in the last two models the relative concession rates are calculated for all subjects.
Specifically, participants that do not reach a deal and/or do not make a single movement during
the entire continuous bargaining stage have no observation for a concession rate.
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Figure 4.4: Initial demands by uninformed players
Note: The figure shows the average demands and corresponding standard errors
for each menstrual cycle phase. Standard errors are obtained from OLS regressions
clustered on the matching group level and controlling for pie size and bargaining
round.

0.292, model 2), menstruation (p = 1.000, model 2), and postmenstruation
(p = 0.756, model 2) do not show significant differences.

The remaining results in models 1 and 2 in Table 4.3 reveal that the pie
size does not significantly affect initial demands (p = 0.674 and p = 0.642,
models 1 and 2, respectively). This is expected because uninformed players do
not know the pie size while they negotiate (they learn the pie size only
afterward). The initial demands of uninformed players increase significantly
as the bargaining rounds pass (p = 0.002 and p = 0.002, models 1 and 2,
respectively). Thus, just like informed players, also uninformed players
become less cautious with experience. Risk preferences capture a big part of
the variation observed in initial demands. In particular, higher levels of risk
aversion significantly increase the level of the initial demands by 0.763 Euros
(p = 0.084 and p = 0.100, models 1 and 2). Social preferences, and more
precisely benevolence, do not explain initial demands (p = 0.292 and
p = 0.319, models 1 and 2).

For the relative concession rates, models 3 and 4 in Table 4.3 show that
there are no differences in relative concession rates between ovulation and all
other menstrual phases pooled (p = 0.482, model 3) and between the
ovulation and the pairwise comparisons with premenstruation (p = 0.517,
model 4), menstruation (p = 0.335, model 4), and postmenstruation
(p = 0.956, model 4). These results partly rejects Hypothesis 2.b, given that it
was expected to observe lower concession rates during the ovulation phase
versus the other menstrual phases. Lastly, the results from 4.3 in Models 3 and
4 reveal the following: the pie size (p = 0.945 and p = 0.727, models 3 and 4,
respectively) and bargaining round (p = 0.855 and p = 0.870, models 3 and 4,
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Table 4.3: Initial demands and relative concession rates for uninformed players.

Initial demand Concession rate

(1) (2) (3) (4)

Menstruation -1.113 -0.258
(1.380) (0.223)

Postmenstruation -0.491 0.192
(1.550) (0.113)

Ovulation -1.541 -1.856 0.100 0.091
(1.464) (1.723) (0.140) (0.138)

Pie size 0.0113 0.012 0.001 0.002
(0.030) (0.030) (0.010) (0.010

Bargaining round 0.210∗∗∗ 0.210∗∗∗ 0.010 0.006
(0.060) (0.060) (0.037) (0.037)

Risk Aversion 0.762∗ 0.712∗ -0.022 -0.026
(0.423) (0.416) (0.025) (0.026)

Social Preferences -0.606 -0.546 0.132∗∗∗ 0.153∗∗∗

(0.563) (0.537) (0.039) (0.052)

Constant 8.941∗ 8.979∗ 0.452 0.270
(4.893) (4.802) (0.650) (0.629)

Observations 450 450 413 413
R-squared 0.150 0.156 0.013 0.020

Ovulation vs. Menstruation -0.743 0.167
[F -test p-value] [1.000] [0.335]

Ovulation vs. Postmenstruation -1.365 -0.282
[F -test p-value] [0.756] [0.956]

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are clustered at the
matching group level (in parentheses). Post-estimation Bonferroni-corrected Wald
tests for ovulation versus the menstrual and postmenstrual phases with the effect
sizes and the corresponding p-values [in parentheses]. The dependent variable
is initial offers in models 1 and 2 and relative concession rates in models 3 and
4. Controls for demographics (age, nationality, and educational background) are
included in all four models. The reference group of the dummy variable Ovulation
is different in models 1 and 3 and models 2 and 4: While, in models 1 and 3, the
initial offers during ovulation are compared to those in all other menstrual phases,
the reference group in models 2 and 4 is the premenstrual phase.

respectively) do not significantly influence the concession rates. Only social
preferences, and more specifically the degree of a participant’s benevolence,
increase significantly the relative concession rates (p = 0.003 and p = 0.007,
models 3 and 4, respectively). Summarizing the results with respect to
Hypothesis 2.b, we can say the following:

Result 3: Uninformed players’ initial demands and relative concession rates do
not vary across the menstrual cycle.

147



5.3. Bargaining consequences: Payoffs and deal rates

Having found evidence for an impact of the menstrual cycle on initial offers of
informed players, the question arises whether this translates into negotiation
outcomes. We investigate the consequences of bargaining behavior in terms
of payoffs and deal rates. Payoffs are a continuous variable that corresponds
to the final payoffs obtained at the end of the continuous bargaining stage.
Deal rates is a dummy variable at the pair level that takes the value one if
a negotiation pair reaches an agreement (in that bargaining round) and the
value zero otherwise.
Figure 4.5 displays the average payoffs of the informed and uninformed
players unconditional (left panel) and conditional (right panel) on a deal. The
data are aggregated over all 10 bargaining rounds. Payoffs vary between -6
Euro and 22 Euro for informed players, and between 0 Euro and 19.9 Euro for
uninformed players. For both types of players, payoffs appear to be higher
during the ovulation phase—unconditional and conditional on a deal.

Figure 4.5: Payoffs un/conditional on reaching a deal for informed and uninformed
players. Notes: The figure shows the payoffs and corresponding standard errors for each
menstrual cycle phase. Standard errors are obtained from OLS regressions clustered on the
matching group level and controlling for pie size and bargaining round.

The regression analysis displayed in Table 4.4 tests for differences in
payoffs and deal rates of informed players between the ovulation phases and
the other three menstrual phases. The dependent variable is unconditional
payoffs in models 1 and 2, payoffs conditional on reaching a deal in models 3
and 4, and deal rates in models 5 and 6. In all models, we use the same
explanatory variables as in Tables 4.2 and 4.3 and add one additional variable:
the initial bargaining position of the partner. In a bargaining setting similar to
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ours, Camerer et al. (2019) suggests that the initial position of the partner in a
bargaining pair influences strongly the final payoffs of the bargaining round
reflecting the interactive nature of the continuous bargaining stage. The
partner’s initial position serves as a reference point for the paired player
(Gächter and Riedl, 2005; Karagözoğlu and Riedl, 2015; Camerer et al.,
2019). Lower initial offers of the bargaining partner seem to increase the
chances of a deal (Galinsky and Mussweiler, 2001), and this effect is stronger
when the initial demand levels are smaller (Camerer et al., 2019).

Table 4.4: Informed players’ unconditional payoffs, payoffs conditional on a deal and
deal rates.

Unconditional Payoffs Conditional Payoffs Deal rates

(1) (2) (3) (4) (5) (6)

Menstruation -0.045 0.358 -0.075
(0.411) (0.536) (0.049)

Postmenstruation -0.115 -0.332 -0.016
(0.487) (0.631) (0.048)

Ovulation 0.768 0.728 1.163∗∗ 1.122∗∗ -0.003 -0.019
(0.560) (0.548) (0.501) (0.461) (0.054) (0.060)

Pie size 0.619∗∗∗ 0.619∗∗∗ 0.715∗∗∗ 0.716∗∗∗ 0.015∗∗∗ 0.015∗∗∗

(0.029) (0.029) (0.024) (0.023) (0.003) (0.003)

Bargaining round 0.171∗∗ 0.171∗∗ 0.026 0.026 0.013∗ 0.013∗

(0.075) (0.075) (0.052) (0.051) (0.007) (0.007)

Initial Position Partner -0.142∗∗ -0.142∗∗ -0.022 -0.027 -0.018∗∗∗ -0.017∗∗∗

(0.055) (0.056) (0.054) (0.055) (0.005) (0.005)

Risk Aversion 0.506∗∗∗ 0.498∗∗∗ 0.388∗∗∗ 0.381∗∗∗ 0.028∗∗∗ 0.025∗∗

(0.101) (0.109) (0.104) (0.107) (0.010) (0.010)

Social Preferences -0.084 -0.085 -0.293∗∗ -0.311∗∗ 0.002 0.004
(0.104) (0.108) (0.128) (0.134) (0.012) (0.011)

Constant -0.568 -0.472 -0.398 0.048 0.532∗∗ 0.511∗∗

(1.230) (1.354) (1.860) (1.958) (0.198) (0.195)

Observations 520 520 364 364 520 520
R-squared 0.518 0.518 0.821 0.822 0.0995 0.102

Ovulation vs. Menstr. 0.778 0.764 0.06
[F -test p-value] [0.490] [0.521] [0.776]

Ovulation vs. Postmentr. 0.843 1.454 0.00
[F -test p-value] [0.500] [0.135] [1.000]

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are clustered at the matching group level
(in parentheses). Post-estimation Bonferroni-corrected Wald tests for ovulation versus the menstrual
and postmenstrual phases with the effect size and the corresponding p-values [in parentheses]. The
dependent variable is unconditional payoffs in models 1 and 2, payoffs conditional on a deal in models
3 and 4, and deal rates in models 5 and 6. Controls for demographics (age, nationality, and educational
background) are included in all six models. The reference group of the dummy variable Ovulation is
different in models 1, 3 and 5 and models 2, 4 and 6: While, in models 1, 3 and 5 the initial offers
during ovulation are compared to those in all other menstrual phases, the reference group in models
2, 4 and 6 is the premenstrual phase.
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Models 1 and 2 of Table 4.4 show that informed players’ payoffs
unconditional on a deal do not vary across the menstrual cycle. However, the
results for payoffs conditional on reaching a deal in models 3 and 4 suggest
that informed players’ payoffs are on average 1.163 Euros higher during the
ovulation phase compared to the rest of the menstrual phases (p = 0.028,
model 3) and 1.122 Euros higher than during the premenstrual phase
(p = 0.022, model 4). This result is interesting because it suggests that the
decrease in compromising behavior observed during the ovulation phase
translates into higher payoffs for the informed players once it is controlled for
a deal.

The results from the pairwise comparisons in Table 4.4 show that informed
players’ unconditional payoffs do not significantly differ between ovulation
and menstruation (p = 0.490, model 2) or postmenstruation (p = 0.500, model
2). Similarly, conditional payoffs during ovulation are not significantly
different from those during the menstruation (p = 0.0.764, model 4), or
postmenstruation (p = 0.135, model 4). In addition, there is no significant
difference between the premenstrual phase and the menstrual or
postmenstrual phases, for models 1, 2, 3 and 4 in Table 4.4.

Additional interesting results are obtained from Table 4.4 for informed
player’s payoffs. Unconditional payoffs significantly increase with a bigger pie
size (p < 0.001, models 1 and 2) and with more experience of the players
(p = 0.031, models 1 and 2), and decrease the higher is the initial demand of
the uninformed matched partner (p = 0.017, models 1 and 2). Conditional
payoffs are also positively influenced by the pie size (p < 0.001, models 1 and
2), but not by the bargaining round (p = 0.615, models 1 and 2) or by the
initial demand of the partner (p = 0.632, models 1 and 2). Risk preferences
influence conditional and unconditional payoffs as well. Models 1, 2, 3, and 4
suggest that the more risk averse an informed player is, the higher is the
payoff obtained. In addition, for conditional payoffs, we observe a decrease
when the players are more benevolent.

The divergence in results for informed players’ unconditional and
conditional payoffs during ovulation is explained by the different profile of
risk preferences between the informed players that reach a deal and the ones
that do not reach a deal during the ovulation phase. Specifically, we observe
that risk aversion levels increase payoffs (Table 4.4, models 1 to 4) and deal
rates (Table 4.4, models 5 and 6). This suggests that risk averse informed
players are better at reaching a deal and ensuring higher payoffs for
themselves. When looking at conditional payoffs, we focus only on people
who reach a deal and have high-risk aversion levels. In addition, for the
average risk aversion levels of women in the ovulation phase, we see that the
players in the ovulation phase who reach a deal are more risk averse (mean
risk coefficient: 0.263) in comparison to the players in the ovulation phase
who do not reach a deal (mean risk coefficient: 0.026). In consequence, in
models 3 and 4 of Table 4.4 there is a selection of high-risk averse informed
players during the ovulation phase, which increases the payoffs only during
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ovulation once we account for the cases when there was a deal.20

The last two models of Table 4.4 display the results for the informed
players’ deal rates. Models 5 and 6 in Table 4.4 suggest that there are no
differences in deal rates between ovulation and all other menstrual phases
pooled (p = 0.960, model 5) and between the ovulation and the pairwise
comparisons with premenstruation (p = 0.757, model 6), menstruation
(p = 0.776, model 6), and postmenstruation (p = 1.00, model 6). We
summarize the results obtained for informed players’ payoffs and deal rates in
the following result:

Result 4: Informed players’ payoffs are significantly higher during ovulation
than during the rest of the menstrual cycle and in particular compared to the
pre-menstrual phase when a deal was reached. There is no evidence for
differences in informed players’ deal rates across the menstrual cycle.

To test for differences in payoffs and deal rates of uninformed players
between the ovulation phases and the other three menstrual phases, we use
the regression analysis displayed in Table 4.5. Similar to the analysis for
informed players, the dependent variable in Table 4.5 is unconditional payoffs
in models 1 and 2, payoffs conditional on reaching a deal in models 3 and 4,
and deal rates for models 5 and 6. The explanatory variables are the same as
those used in Table 4.4.

Models 1 and 2 of Table 4.5 reveal that uninformed players’ unconditional
payoffs are on average 1.05 Euros higher during the ovulation phase compared
to the rest of the menstrual phases (p = 0.030, model 1) and 0.945 Euros higher
than during the premenstrual phase (p = 0.045, model 2). In contrast, once
payoffs are conditional on a deal, we do not observe differences in uninformed
players’ payoffs during the ovulation phase and the other three phases (p =
0.891, model 3), and the premenstrual phase (p = 0.930, model 4).

Additional results are obtained from Table 4.5 for the uninformed players’
payoffs. Similar to the payoffs for informed players, the pie size, bargaining
round and initial position of the partner are positively associated with
uninformed players’ payoffs. Table 4.5 also suggests that uninformed players’
risk and social preferences do not influence unconditional (p = 0.846 and
p = 0.156, model 1; and p = 0.645 and p = 0.143, model 2) and conditional
payoffs (p = 0.483 and p = 0.143, model 3; and p = 0.462 and p = 0.175,
model 4).

The last two models of Table 4.5 show that uninformed players’ deal rates
are higher during ovulation than during the other phases (p = 0.034, model 5)
and than during the premenstrual phase (p = 0.048, model 6). This high
frequency of deal rates during ovulation helps to explain the differences in
results between unconditional and conditional payoffs. Specifically, most of
the uninformed players in ovulation make a deal (an average of 85% of them
as shown in Table 4.6). Since models 1 and 2 of Table 4.5 include uninformed

20We acknowledge that this is a speculative proposition, and further analysis is required to
confidently make this claim.
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Table 4.5: Uninformed players’ unconditional payoffs, payoffs conditional on a deal
and deal rates.

Unconditional Payoffs Conditional Payoffs Deal rates

(1) (2) (3) (4) (5) (6)

Menstrual -0.801∗∗ -0.233 -0.077
(0.364) (0.554) (0.081)

Post-Menstrual 0.218 0.120 -0.001
(0.335) (0.404) (0.072)

Ovulation 1.055∗∗ 0.945∗∗ 0.038 0.028 0.150∗∗ 0.135∗∗

(0.458) (0.447) (0.274) (0.317) (0.067) (0.065)

Pie size 0.119∗∗∗ 0.123∗∗∗ 0.132∗∗∗ 0.134∗∗∗ 0.007∗ 0.008∗

(0.024) (0.025) (0.021) (0.021) (0.004) (0.004)

Bargaining round 0.112∗∗ 0.111∗∗ 0.070∗∗ 0.070∗∗ 0.012 0.012
(0.049) (0.049) (0.028) (0.027) (0.008) (0.008)

Initial Position Partner 0.702∗∗∗ 0.698∗∗∗ 0.731∗∗∗ 0.728∗∗∗ 0.018∗∗ 0.018∗∗

(0.079) (0.080) (0.056) (0.059) (0.008) (0.008)

Risk Aversion -0.014 -0.037 -0.082 -0.087 0.006 0.003
(0.069) (0.080) (0.115) (0.117) (0.009) (0.010)

Social Preferences -0.203 -0.153 -0.261 -0.247 0.001 0.006
(0.139) (0.101) (0.172) (0.177) (0.022) (0.020)

Constant 0.527 0.255 0.632 0.519 0.771∗∗∗ 0.756∗∗∗

(1.391) (1.335) (1.232) (1.198) (0.189) (0.195)

Observations 450 450 319 319 450 450
R-squared 0.485 0.492 0.738 0.739 0.077 0.080

Ovulation vs. Menstr. 1.746 0.261 0.212
[F -test p-value] [0.007] [0.137] [1.000]

Ovulation vs. Postmentr. 0.727 0.092 0.136
[F -test p-value] [0.410] [1.000] [1.000]

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are clustered at the matching
group level (in parentheses). Post-estimation Bonferroni-corrected Wald tests for ovulation versus
the menstrual and postmenstrual phases with the effect size and the corresponding p-values [in
parentheses]. The dependent variable is unconditional payoffs in models 1 and 2, payoffs conditional
on a deal in models 3 and 4, and deal rates in models 5 and 6. Controls for demographics (age,
nationality, and educational background) are included in all six models. The reference group of the
dummy variable Ovulation is different in models 1, 3 and 5 and models 2, 4 and 6: While, in models
1, 3 and 5 the initial offers during ovulation are compared to those in all other menstrual phases,
the reference group in models 2, 4 and 6 is the premenstrual phase.

players that do not make a deal, and that in consequence have a payoff of
zero, the differences in unconditional payoffs between ovulation and the other
menstrual phases are high in these two models. In contrast, when in models 3
and 4 of Table 4.5 we restrict to the uninformed players that a reach deal, the
significant difference observed during ovulation disappears. We summarize
the results obtained for uninformed players’ payoff and deal rates in the
following result:
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Result 5: Uninformed players’ unconditional payoffs and deal rates are higher
during ovulation. Conditional on having reached a deal, uninformed players’
payoffs do not vary across the menstrual cycle phases.

To complement the results in Tables 4.4 and 4.5 for deal rates, we look at the
average deal rates across the menstrual phases for informed and uninformed
players in Table 4.6. On average, informed players have the highest deal rates
when they are in the premenstrual phase and the lowest deal rates when they
are in the menstruation phase. For the uninformed players, the highest deal rate
is achieved during the ovulation phase and the lowest during the menstruation
phase.

Table 4.6: Average deals rates for informed and uninformed players

Player’s phase
Menstruation Postmens. Ovulation Premens.

Informed player’s deal rate
[n=520]

61.25%
[80]

69.09%
[110]

71.66%
[120]

72.85%
[210]

Uninformed player’s deal rate
[n=450]

62.23%
[90]

70%
[80]

85%
[80]

68.5%
[200]

Note: Average percentage of deal rates by phase for informed and uninformed player.
Corresponding number of pairs in the specific row player’s menstrual phase in [parentheses].

We summarize the results for deal rates for informed and uninformed
players in the following result:

Result 6: Deal rates are particularly high for pairs of players where the informed
player is in the premenstruation and the uninformed player is in the ovulation
phase. In contrast, deal rates are particularly low for pairs where the informed
and uninformed player is in the menstruation phase.

6. Discussion and conclusions

In a controlled laboratory experiment, we provide evidence of variation in
bargaining behavior across the menstrual cycle. Using an unstructured
bilateral bargaining setting proposed by Camerer et al. (2019), characterized
by an asymmetry of information between the two involved parts, we show that
the effect of the menstrual cycle on bargaining behavior and outcomes
depends on the information setting. We analyze bargaining behavior
separately for informed players and uninformed players.

Based on existing literature, we hypothesize that women are less willing to
compromise during the ovulation phase compared to the other phases, and
especially, compared to the premenstrual phase. In the separate analysis of
informed and uninformed players, our results confirm our hypotheses mainly
for only the players who are not affected by the asymmetry of information,
i.e., informed players. In particular, we observe that informed players’

153



bargaining behavior is less compromising during the ovulation phase
compared to the other three menstrual phases, and especially to the
premenstruation phase. We measure compromising behavior with the
magnitude of the initial offers made by the informed players in the bargaining
context. This result is consistent with the evolutionary argument of women
engaging in less competitive behavior during their infertile phase and
pregnancy (i.e., premenstruation phase) than in their fertile phase (i.e.,
ovulation phase), which is when women compete for the fittest males for
reproduction purposes (Lazzaro et al., 2016). In our bargaining environment,
a competitive behavior means less willingness to compromise or lower initial
offers to the other player. Interestingly, we also observe that the changes in
bargaining behavior for informed players are reflected in the conditional
payoffs they earn in bargaining in these two menstrual phases. Specifically, we
observe that being less willing to compromise during the ovulation phase
versus the premenstruation phase pays off in terms of final payoffs conditional
on reaching a deal during the ovulation phase.

For informed players, we do not find variation across the menstrual cycle
in our third measurement of concession behavior, which is relative concession
rates. This null effect is not surprising given the patterns observed in Figure
4.2 for the initial and final offers (i.e., the last offer made in the second 30
during the simultaneous bargaining stage). The impact of the menstrual cycle
on initial and final offers seems to be of similar magnitude, and in consequence,
there is no effect of the menstrual cycle on concession rates. Unfortunately, to
make confidently this claim a more detailed analysis will be required in terms
of informed players’ final and initial offers.

Our results for the informed player also reflect another interesting pattern;
the variation in bargaining behavior and consequences is only significant when
we compare the ovulation phase with the other three phases together and the
premenstrual phase alone, but not between the other phases. This pattern fits
with the findings from the medical literature that suggest that behavioral
changes over the menstrual cycle are more salient when the two sex hormones
are facing drastic changes in their levels (i.e., in the transition from the
ovulation phase to the premenstruation phase) (Lazzaro et al., 2016).

It is worth mentioning that for informed players, even though risk aversion
levels play a role in bargaining behavior, the variation we observe in initial
offers during the menstrual cycle is independent of this trait. To look at the
effect of the menstrual cycle mediated by risk preferences, we perform an
additional analysis where we interact risk preferences with each of the four
menstrual phases. The results suggest that although risk preferences help to
explain some of the differences in bargaining behavior for informed players,
the effect of risk aversion on bargaining outcomes is the same across all the
menstrual phases. The results from this analysis can be found in Appendix A3.

Our analysis for uninformed players provides evidence of a null effect of
the menstrual cycle on bargaining behavior for the players that are affected by
the asymmetry of information. Specifically, contrary to our hypothesis we
observe that compromising behavior, measured by the level of initial demands
and relative concession rates, does not change across the menstrual cycle for
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uninformed players. Interestingly, risk preferences seem to play a substantial
role in the uninformed players’ bargaining behavior. The interpretation we
give to these findings is that the lack of information for uninformed players
gives room for risk aversion to playing a significant role in their bargaining
behavior. Furthermore, the uncertainty present in the environment for these
players seems to be big enough to cancel out any potential effect of the
menstrual cycle phases on their bargaining behavior.

For uninformed players’ bargaining behavior, we also look at the variation
in payoffs and deal rates across the menstrual cycle. We observe that
uninformed players obtain higher unconditional payoffs (i.e., payoffs
including disagreements payoffs) and have higher deal rates during ovulation
in comparison to the other menstrual phases, and especially versus
premenstruation. Similar to the findings for informed players’ bargaining
behavior during ovulation, the result for uninformed players bargaining
consequences is in line with the evidence that suggests that women are more
competitive during ovulation (Lazzaro et al., 2016; Buser, 2012), and
therefore, secure better bargaining outcomes in terms of payoffs and
agreement rates in this menstrual phase.

The results for deal rates at the pair level suggest that the highest rate
occurs when the informed player is in the premenstruation phase and the
uninformed is in the ovulation phase. This is consistent with our previous
findings of higher initial offers made by informed players during
premenstruation together with the increase in efficacy of uninformed players
to reach a deal during the ovulation phase. In contrast, the lowest percentage
of deal rates happens when both players in a pair are in the menstruation
phase (61% of pairs reach a deal). Although we expected to have higher deal
rates during the premenstruation phase in comparison to the ovulation phase,
we do not have any specific reason for deal rates to be lower during the
menstruation phase when compared to the premenstruation phase. Perhaps
this finding is related to the fact that informed players are less risk averse
during the menstruation phase when compared to the premenstrual phase
(see Appendix A3). The finding suggests that having a risk-loving player in a
pair can decrease the chances of reaching an agreement.

The hormonal levels of non-contraceptive takers differ from the levels of
the ones taking hormonal contraceptives (Golobof and Kiley, 2016). For this
reason, we do not assign contraceptive takers to the four menstrual phases
and analyze them separately. In Appendix A5, we report the results on
contraceptive takers’ bargaining behavior. Our findings for contraceptive
takers suggest that there are no differences in bargaining outcomes and
consequences between the intake and the break period. Our analysis for
contraceptive takers is consistent with the recent findings from Ranehill et al.
(2018), which suggest that hormonal changes induced by oral contraceptives
do not affect economic behavior.

Because of the purely female sample, we can only draw conclusions on
women’s bargaining behavior when paired with other women. Bargaining
behavior towards men is equally relevant and could potentially differ. For
instance, during the ovulation phase, women are more attracted towards men
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(Penton-Voak and Perrett, 2000). In contrast, during the premenstrual phase,
they are less attracted to them (Jones et al., 2005). This could potentially
affect bargaining behavior and remains an open question of how women
bargain differently across the menstrual cycle in the presence of men. Since
women revealed highly sensitive and intimate information, we decided against
a mixed-sex sample to create a safe and comfortable environment for the
participating women. However, a natural future of research is to analyze
bargaining behavior across the menstrual cycle in a mixed-gender
environment.

When looking isolated at variation in risk and social preferences across the
menstrual cycle, we observe a significant change in risk aversion levels but not
in social preferences (for details of this analysis please refer to Appendix A3).
Specifically, we observe that informed players are more risk averse during the
premenstruation phase when compared to the menstruation and
postmenstruation phases. It was expected to have higher risk aversion levels
during the premenstruation phase in comparison to the ovulation phase
(Lazzaro et al., 2016), but we did not have any specific hypotheses on the
menstruation and postmenstruation phases. We believe this result needs to be
interpreted carefully and requires further exploration, given that in our study
it was not the main focus to study risk preferences itself. Also, most of the
literature on risky behavior and the menstrual cycle has suggested no variation
of risk aversion across the menstrual phases (Buser, 2012; Ranehill et al.,
2018; Schipper, 2014). For altruistic behavior, similar to Ranehill et al. (2018)
we observe no variation of this type of behavior across the menstrual cycle.
However, as mentioned earlier for risk preferences, social preferences were
also not the main focus in our study and we are therefore hesitant to derive
any main conclusions about it.

Our results contribute to the growing literature on the impact of hormones
on economic behavior, such as testosterone and estrogen. Although early
evidence suggested a potential effect of these hormones on economic behavior
(Kosfeld et al., 2005; Burnham, 2007; Apicella et al., 2008), studies with a
bigger sample size have found a null effect of hormones on a range of
economic behaviors (n=200 in Zethraeus et al. (2009); n=340 in (Ranehill
et al., 2018)). These different findings speak to the need for large-scale studies
to detect false positives in the context of hormones and economic behavior. We
believe that with our sample size of 166 subjects we account partially for this
potential problem. Also, our findings support the null effect of hormones on
economic behavior, and particularly on bargaining behavior, for players whose
environment is very uncertain. We think that this finding can open a
discussion on the role of hormones conditional on the level of uncertainty
present in the environment. For instance, for the specific case of competition,
it is well known that risk preferences are a crucial determinant of competitive
behavior (Niederle and Vesterlund, 2007; van Veldhuizen, 2017; Gillen et al.,
2019). Therefore, a null effect of hormones on competitive behavior as the
one suggested by Ranehill et al. (2018) can be due to the presence of
uncertainty in the competitive environment, and not due to the null effect of
hormones on competitive behavior itself. For instance, in our bargaining
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context, we see that bargaining behavior varies across the menstrual cycle only
for players that are not affected by uncertainty (i.e., the ones fully informed).
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7. Appendix

A1. Experimental design details

In this subsection, we provide detail information of the elicitation method
used to capture risk and social preferences.

Part 3: Social preferences

For eliciting social preferences, we use the equality-equivalence test
developed by Kerschbamer (2015). In this test, subjects make incentivize
individual binary choices between ten allocations that have an own payoff for
the decision maker and a payoff for a random matched player, named the
passive player. As displayed by the two first columns and two last columns in
Table 4.7, there are two types of allocations. The ones labeled as Right
represent symmetric allocations, where both players receive the same amount
(i.e.,2e for each player). The ones labeled as Left represent asymmetric
allocations, where both players receive different amounts. Specifically, for the
Left allocations there are two blocks of 5 allocations each: a disadvantageous
inequality block and an advantageous inequality block. In the former block,
the decision maker always gets a smaller amount than the passive player,
whereas in the latter block the opposite happens.

Table 4.7: Choices for social preferences

Left Right
You get Passive person gets You get Passive person gets
Disadvantegeous inequality block
1.60e 2.60e 2.00e 2.00e
1.80e 2.60e 2.00e 2.00e
2.00e 2.60e 2.00e 2.00e
2.20e 2.60e 2.00e 2.00e
2.40e 2.60e 2.00e 2.00e
Advantageous inequality block
1.60e 1.40e 2.00e 2.00e
1.80e 1.40e 2.00e 2.00e
2.00e 1.40e 2.00e 2.00e
2.20e 1.40e 2.00e 2.00e
2.40e 1.40e 2.00e 2.00e

Note: this table was not displayed to the subjects. There were presented
each row in separate screens and in a random order.

We created an index that measures the degree of benevolent (or
malevolent) behavior given the choices subjects make in each of the two
blocks.21 Specifically, we categorized a player with a high degree of

21We do not use the measurement of distributional preferences suggested by Kerschbamer
(2015) because the switching behavior of our subjects doesn’t allow for a rationalization of
such choices. We have more that one switching per block for some subjects. This inconsistent

158



benevolence if when confronted with the binary choices in the
disadvantageous inequality block, he or she chooses most of the time the
asymmetric allocation; and when confronted with the binary choices in the
advantageous inequality block, he or she chooses most of the time the
symmetric allocation.

Following the design of Kerschbamer (2015), we used a double role
assignment protocol. That is, each subject gets two payoffs in this task, one
obtained for the role of decision maker and the other one for the role of
passive player. At the end of the experiment, the earnings from this task
correspond to the payoffs from one of the ten choices made as a active
decision maker that is randomly selected with equal probability plus the
payoffs obtained as a passive player.

Tracking of the menstrual cycle and estimation of the phases details

Three months before the lab sessions take place, participants attend an
introductory meeting where we inform them about the duration of the whole
experiment and also provide them detailed instructions on how to track their
menstrual cycle.22 To track the menstrual cycle, participants have an
electronic menstrual cycle calendar as the one displayed in Figure 4.6. In the
electronic calendar, participants fill in during three months the starting day
and the duration of their menstruation. Additionally, women using a hormonal
contraceptive method provide information about their contraceptive method
and the pill intake period if applicable. Participants receive reminders every
two weeks to ensure they fill out the calendar monthly.

Figure 4.6: Electronic menstrual cycle calendar

About two weeks before the experimental sessions with the bargaining
game, participants hand in the menstrual cycle calendar to the researchers and
are assigned to one of the scheduled experimental sessions.23 Additionally, to

switching behavior makes difficult to estimate subjects’ distributional preferences.
22Participants are never told what the lab sessions are about, they only know they will have to

attend to one session of a behavioral experiment after the three months tracking period.
23Importantly, to ensure a careful treatment of the menstrual cycle information, participants

always meet the same female researcher over the whole duration of the experiment.
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ensure anonymity of the data provided participants are assigned an individual
ID. We allocate participants to the experimental sessions in advance to ensure
having a balance sample in terms of women from different menstrual phases.
Hence, after two months and a half of tracking the menstrual cycle, we could
estimate approximately the phase in which our participants are the day of the
behavioral experiment session. Lastly, during the experimental session,
participants hand in their menstrual cycle calendar for the last time.

As displayed in Figure 4.1, we take an average cycle of 28 days, the
individual average menstruation length, a length of 5 days for the ovulation
phase and 12 days for the premenstrual phase to estimate the menstrual
phases in the following fours steps:

1. The menstrual phase is obtained by using the last day of their cycle
reported in the calendar and their individual average menstruation
duration.

2. The premenstrual phase is calculated by using the expected next
menstruation date and average duration of 12 days for this phase.

3. We calculated the ovulation phase by using the expected next
menstruation date and an average duration of 5 days for this phase.

4. Lastly, the Postmenstrual phase is obtained by using the day after the
menstrual phase and the date right before the ovulation phase.24

Importantly, the day of the experiment session we asked subjects
whether they were experiencing menstrual bleeding on that day, this
helps us to allocate them correctly between the menstrual and
Postmenstrual phases.

For most participants, we use a backwards estimation of their menstrual
phase. That is, if participants expect their next menstruation to start after the
experimental session, we estimate their menstrual phases backwards to ensure
the session date occurs during one of the estimated phases. Contrary, if
participants have their expected next menstruation date before the experiment
session date, we estimate their menstrual phases forward (11 out 166 subjects
needed a forward estimation).

24We proceed in the second and third steps with the premenstrual and ovulation phases, and
not Postmenstrual, since the latter is known to be the phase with the most variation at individual
level (Hampson and Young, 2008).
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A2. Descriptive statistics

Table 4.8: Descriptive statistics

Non-contraceptive takers Contraceptive takers
Menstrual
(n=17)

Postmens.
(n=19)

Ovulat.
(n=20)

Premens.
(n=41)

Intake
(n=42)

Break
(n=27)

Age (mean) 22.6±3.2 21.3±2.1 21.5±3.2 21.2±2.6 21.1±1.9 20.9±2.4
Nationality-no.
Dutch/Germ/Belg. 14 (82%) 14 (26%) 12 (60%) 30 (73%) 38 (90%) 25 (93%)
Other 3 (18%) 5 (74%) 8 (40%) 11 (27%) 4 (10%) 2 (7%)
Studies-no.
Econ. related 7 (49%) 11 (58%) 16 (80%) 32 (78%) 31 (74%) 20 (74%)
Other 10 (41%) 8 (42%) 4 (20%) 9 (22%) 11 (26%) 7 (26%)
Barg. Role-no.
Informed 8 (47%) 11 (58%) 12 (60%) 21 (51%) 23 (55%) 19 (70%)
Uninformed 9 (53%) 8 (42%) 8 (40%) 20 (49%) 19 (45%) 8 (30%)

Note: plus-minus values are means ± SD. Percentages are calculated as the number of
subjects in the corresponding category over the total number of subjects in the specific
menstrual phase.

Table 4.8 displays the demographics statistics such as age, nationality,
education and role during the bargaining game for both non-contraceptive
and contraceptive takers across their respective menstrual phases. Overall, we
observe that women from different menstrual phases in our sample have
similar characteristics, which ensures they do not differ in any other
dimension apart from being in a different menstrual phase. Lastly, the last two
rows of Table 3 show the distribution of subjects across the two roles assigned
during the bargaining task.
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A3. Additional analysis non-pill takers

Interactions phases and risk preferences

Table 4.9: Initial offers and mean relative concession rates for informed players.

Initial offer Concession rate

(1) (2) (3) (4)

Menstrual -1.301 -0.00235
(0.848) (0.0685)

Postmenstrual 0.172 -0.0313
(0.790) (0.142)

Ovulation -1.139∗∗ -1.321∗∗ -0.0272 -0.0409
(0.543) (0.571) (0.0615) (0.0510)

Menstrual × Risk Aversion -0.966 -0.0770
(1.207) (0.0849)

Postmenstrual × Risk Aversion 0.318 0.0300
(0.555) (0.0631)

Ovulation × Risk Aversion 0.0786 0.253 -0.0277 -0.00864
(0.282) (0.436) (0.0419) (0.0522)

Pie size 0.205∗∗∗ 0.204∗∗∗ -0.00262 -0.00252
(0.0224) (0.0227) (0.00697) (0.00689)

Bargaining round -0.119∗∗∗ -0.119∗∗∗ 0.00983 0.00991
(0.0276) (0.0277) (0.0134) (0.0137)

Risk Aversion -0.327∗ -0.521 0.0139 -0.00492
(0.180) (0.422) (0.0258) (0.0505)

Social Preferences 0.212 0.253 -0.0000855 -0.000769
(0.135) (0.168) (0.0262) (0.0287)

Constant 0.588 0.770 0.400 0.514
(2.484) (3.228) (0.451) (0.583)

Demographics X X X X

Observations 520 520 475 475
R-squared 0.348 0.370 0.0156 0.0169

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are clustered at the
matching group level (in parentheses). Post-estimation Bonferroni-corrected Wald tests
for ovulation versus the menstrual and postmenstrual phases with the effect sizes and
the corresponding p-values [in parentheses]. The dependent variable is initial offers
in models 1 and 2 and relative concession rates in models 3 and 4. Controls for
demographics (age, nationality, and educational background) are included in all four
models.
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Table 4.10: Initial demands and mean relative concession rates for uninformed players.

Initial offer Concession rate

(1) (2) (3) (4)

Menstrual -1.207 -0.0140
(1.461) (0.145)

Postmenstrual -2.144 0.0540
(1.255) (0.0599)

Ovulation -1.603 -1.914 0.105 0.112
(1.156) (1.461) (0.0868) (0.101)

Menstrual × Risk Aversion -0.301 0.0281
(0.796) (0.0455)

Postmenstrual × Risk Aversion -4.651 -0.0398
(2.970) (0.0491)

Ovulation × Risk Aversion 0.507 0.407 -0.0763 -0.0667
(3.636) (3.586) (0.225) (0.231)

Pie size 0.0111 0.0134 -0.00437 -0.00384
(0.0271) (0.0261) (0.00436) (0.00445)

Bargaining round 0.210∗∗∗ 0.210∗∗∗ 0.00722 0.00709
(0.0600) (0.0605) (0.0213) (0.0214)

Risk Aversion 0.758∗ 0.828∗ -0.00519 -0.00726
(0.425) (0.424) (0.00965) (0.0109)

Social Preferences -0.602 -0.546 0.0304 0.0294
(0.568) (0.594) (0.0331) (0.0328)

Constant 8.766∗ 8.879∗ 0.764 0.718
(4.952) (4.991) (0.560) (0.569)

Demographics X X X X

Observations 450 450 413 413
R-squared 0.150 0.181 0.0159 0.0183

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are clustered at the
matching group level (in parentheses). Post-estimation Bonferroni-corrected Wald
tests for ovulation versus the menstrual and postmenstrual phases with the effect
sizes and the corresponding p-values [in parentheses]. The dependent variable
is initial offers in models 1 and 2 and relative concession rates in models 3 and
4. Controls for demographics (age, nationality, and educational background) are
included in all four models.
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Table 4.11: Informed player’s un/conditional payoffs and deal rates with interactions
between menstrual phases and risk preferences.

Unconditional Payoffs Conditional Payoffs Deals

(1) (2) (3) (4) (5) (6)

Menstrual 0.439 0.689 -0.074
(0.335) (0.588) (0.072)

Post-Menstrual -0.100 -0.379 -0.013
(0.468) (0.655) (0.052)

Ovulation 0.758 0.788 1.113∗∗ 1.074∗∗ 0.004 -0.016
(0.574) (0.599) (0.513) (0.522) (0.054) (0.064)

Menstrual × Risk Aversion 1.616∗∗∗ 1.385 0.033
(0.473) (1.060) (0.075)

Post-Menstrual × Risk Aversion -0.183 -0.073 0.025
(0.281) (0.473) (0.043)

Ovulation × Risk Aversion 0.044 -0.038 0.191 0.185 -0.030 -0.013
(0.224) (0.314) (0.219) (0.316) (0.021) (0.035)

Pie size 0.618∗∗∗ 0.619∗∗∗ 0.713∗∗∗ 0.713∗∗∗ 0.015∗∗∗ 0.015∗∗∗

(0.029) (0.029) (0.024) (0.024) (0.003) (0.003)

Bargaining round 0.171∗∗ 0.169∗∗ 0.028 0.038 0.013∗ 0.013∗

(0.075) (0.075) (0.052) (0.053) (0.007) (0.007)

Initial Position Partner -0.142∗∗ -0.135∗∗ -0.023 -0.024 -0.018∗∗∗ -0.017∗∗∗

(0.055) (0.056) (0.053) (0.055) (0.005) (0.005)

Risk Aversion 0.488∗∗∗ 0.561∗∗ 0.305∗ 0.313 0.040∗∗∗ 0.021
(0.117) (0.241) (0.160) (0.319) (0.013) (0.034)

Social Preferences -0.078 -0.120 -0.262∗ -0.310∗ -0.002 -0.003
(0.112) (0.117) (0.134) (0.158) (0.013) (0.012)

Constant -0.565 -1.202 -0.355 -0.393 0.530∗∗ 0.541∗∗

(1.224) (1.399) (1.888) (2.398) (0.201) (0.246)

Observations 520.000 520.000 364.000 364.000 520.000 520.000
R-squared 0.518 0.520 0.822 0.825 0.101 0.104

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are clustered at the matching group level
(in parentheses). Post-estimation Bonferroni-corrected Wald tests for ovulation versus the menstrual and
postmenstrual phases with the effect size and the corresponding p-values [in parentheses]. The dependent
variable is unconditional payoffs in models 1 and 2, payoffs conditional on a deal in models 3 and 4, and
deal rates in models 5 and 6. Controls for demographics (age, nationality, and educational background) are
included in all six models.
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Table 4.12: Uninformed player’s un/conditional payoffs and deal rates with
interactions between menstrual phases and risk preferences.

Unconditional Payoffs Conditional Payoffs Deals

(1) (2) (3) (4) (5) (6)

Menstrual -0.982∗∗ -0.565 -0.086
(0.394) (0.536) (0.090)

Post-Menstrual -0.050 -0.342 -0.010
(0.378) (0.310) (0.099)

Ovulation 1.220∗∗ 1.105∗∗ 0.073 0.065 0.170∗∗ 0.154∗∗

(0.473) (0.469) (0.327) (0.367) (0.072) (0.071)

Menstrual × Risk Aversion -0.384∗∗ -0.633∗∗∗ -0.022
(0.146) (0.215) (0.033)

Post-Menstrual × Risk Aversion -0.784 -1.335 -0.028
(0.502) (0.921) (0.157)

Ovulation × Risk Aversion -1.389 -1.353 -0.297 -0.388 -0.163 -0.157
(1.133) (1.164) (0.743) (0.700) (0.158) (0.163)

Pie size 0.119∗∗∗ 0.119∗∗∗ 0.132∗∗∗ 0.131∗∗∗ 0.007∗ 0.007∗

(0.024) (0.025) (0.021) (0.021) (0.004) (0.004)

Bargaining round 0.112∗∗ 0.113∗∗ 0.070∗∗ 0.071∗∗ 0.013 0.013
(0.049) (0.050) (0.028) (0.027) (0.008) (0.008)

Initial Position Partner 0.708∗∗∗ 0.712∗∗∗ 0.733∗∗∗ 0.741∗∗∗ 0.019∗∗ 0.019∗∗

(0.078) (0.079) (0.056) (0.059) (0.008) (0.008)

Risk Aversion -0.000 0.034 -0.079 0.004 0.008 0.008
(0.061) (0.062) (0.115) (0.095) (0.008) (0.008)

Social Preferences -0.214 -0.118 -0.263 -0.184 0.000 0.007
(0.133) (0.086) (0.171) (0.170) (0.022) (0.021)

Constant 0.989 0.630 0.747 0.561 0.825∗∗∗ 0.804∗∗∗

(1.379) (1.326) (1.311) (1.310) (0.180) (0.192)

Observations 450.000 450.000 319.000 319.000 450.000 450.000
R-squared 0.487 0.496 0.738 0.747 0.079 0.083

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are clustered at the matching group level
(in parentheses). Post-estimation Bonferroni-corrected Wald tests for ovulation versus the menstrual and
postmenstrual phases with the effect size and the corresponding p-values [in parentheses]. The dependent
variable is unconditional payoffs in models 1 and 2, payoffs conditional on a deal in models 3 and 4, and
deal rates in models 5 and 6. Controls for demographics (age, nationality, and educational background) are
included in all six models.
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Mean relative concession rates

Table 4.13: Mean relative concession rates for both players
(Excluding initial offer/demand).

Informed player Uninformed player

(1) (2) (3) (4)

Menstrual 0.0515 0.198
(0.0652) (0.156)

Postmenstrual -0.221 0.141
(0.256) (0.108)

Ovulation 0.00543 -0.0503 0.127 0.198
(0.0971) (0.0641) (0.165) (0.193)

Pie size -0.00267 -0.00188 -0.0126∗ -0.0131∗

(0.00955) (0.00881) (0.00707) (0.00723)

Bargaining round 0.00933 0.00978 0.00711 0.00772
(0.0189) (0.0190) (0.0270) (0.0273)

Risk Aversion 0.0149 0.00473 -0.0137 -0.00382
(0.0249) (0.0311) (0.0178) (0.0190)

Social Preferences -0.0000394 -0.00597 0.00808 -0.00387
(0.0372) (0.0425) (0.0370) (0.0394)

Constant 0.192 0.459 1.612 1.595
(0.652) (0.905) (1.039) (1.012)

Demographics X X X X

Observations 425 425 353 353
R-squared 0.0110 0.0195 0.0461 0.0521

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are clustered
at the matching group level (in parentheses). The dependent variable is
relative concession rates for informed players in models 1 and 2 and for
uninformed players in models 3 and 4. Controls for demographics (age,
nationality, and educational background) are included in all four models.

Table 4.14: Spearman rank-order correlations of Mean relative concession rates for
between both players (excluding initial offer/demand)

Menstrual Postmenstrual Ovulation Premenstrual

Informed player
-0.47

(p=0.232)
n=8

-0.706
(p=0.015)

n=11

-0.49
(p=0.100)

n=12

-0.49
(p=0.023)

n=21

Uninformed player
-0.80

(p=0.009)
n=9

-0.57
(p=0.139)

n=8

-0.64
(p=0.085)

n=8

-0.34
(p=0.140)

n=20
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Risk and Social Preferences for Non-pill takers

Table 4.15: Risk aversion for both type of players

Informed player Uninformed player

(1) (2) (3) (4)

Menstrual -0.746∗∗ -0.598
(0.341) (0.530)

Postmenstrual -0.944∗ -0.503
(0.546) (0.446)

Ovulation 0.169 -0.225 0.178 -0.0479
(0.581) (0.568) (0.293) (0.407)

Constant 0.460 1.131 1.640 1.820
(1.932) (1.549) (1.401) (1.413)

Demographics X X X X

Observations 520 520 450 450
R-squared 0.0383 0.111 0.107 0.134

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors
(in parentheses). The dependent variable for all four models is
the risk aversion coefficient. The explanatory variables are pie
size, bargaining round, risk aversion and social preferences.
Demographics (age, nationality, and educational background)
are included in all four models. Standard errors are clustered
at matching group level.

Table 4.15 shows the regression analysis for risk aversion levels for
informed and uninformed players. The results provided in Table 4.15 suggest
that informed players are less averse to the risk during the menstrual and
Postmenstrual phases when compared to the premenstrual phase. For
uninformed players, we do not observe significant changes in the risk aversion
levels across the menstrual cycle.

Result: Informed players are less risk averse when they are in the menstrual and
Postmenstrual phase versus the premenstrual. Uninformed players levels of risk
aversion do not change across the menstrual cycle.

For social preferences, we do not observe any significant variation in the
level on benevolence between the menstrual phases for both types of players.

Result: Social preferences do not vary across the menstrual cycle in their .
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Table 4.16: Benevolence levels for both type of players

Informed player Uninformed player

(1) (2) (3) (4)

Menstrual 0.363 0.545
(0.659) (0.724)

Postmenstrual -0.187 0.0603
(0.511) (0.393)

Ovulation 0.0395 0.0425 -0.0992 0.0256
(0.357) (0.415) (0.424) (0.391)

Constant 5.776∗∗ 6.039∗∗ 3.035∗∗ 3.039∗∗

(2.616) (2.525) (1.279) (1.244)

Demographics X X X X

Observations 520 520 450 450
R-squared 0.0130 0.0277 0.274 0.295

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard
errors (in parentheses). The dependent variable in the
four models is the level of benevolence of the participant.
The explanatory variables are pie size, bargaining round,
risk aversion and social preferences. Demographics (age,
nationality, and educational background) are included in all
four models. Standard errors are clustered at matching group
level.
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A4. Different length of phases - Non-contraceptive takers

In this subsection we run the whole analysis for a different length of the
menstrual phase. Specifically, the ovulation phase is considered to last 3 days
(instead of 5 days).

Table 4.17: Initial offers and mean relative concession rates for
informed players.

Initial offer Concession rate

(1) (2) (3) (4)

Menstrual -0.575 0.0391
(0.746) (0.0477)

Postmenstrual 0.456 -0.0170
(0.733) (0.120)

Ovulation -0.685 -0.590 -0.0626 -0.0650
(0.676) (0.675) (0.0758) (0.0660)

Pie size 0.203∗∗∗ 0.202∗∗∗ -0.00297 -0.00286
(0.0223) (0.0225) (0.00693) (0.00687)

Bargaining round -0.119∗∗∗ -0.119∗∗∗ 0.00992 0.0101
(0.0275) (0.0275) (0.0134) (0.0136)

Risk Aversion -0.305∗∗ -0.297∗∗ 0.00223 0.00256
(0.126) (0.136) (0.0201) (0.0197)

Social Preferences 0.188 0.217 0.00309 0.00169
(0.143) (0.156) (0.0232) (0.0261)

Constant 0.182 -0.590 0.418 0.454
(2.586) (2.894) (0.464) (0.507)

Demographics X X X X

Observations 520 520 475 475
R-squared 0.328 0.339 0.0153 0.0158

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors
(in parentheses). The dependent variable for Models 1 and 2 is
initial offer and relative concession rates for Models 3 and 4. The
explanatory variables are pie size, bargaining round, risk aversion and
social preferences. Demographics (age, nationality, and educational
background) are included in all four models. Standard errors are
clustered at matching group level.
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Table 4.18: Initial demands and mean relative concession rates
for uninformed players.

Initial demand Concession rate

(1) (2) (3) (4)

Menstrual -1.061 -0.0315
(1.368) (0.125)

Postmenstrual -0.859 0.0748
(1.564) (0.0498)

Ovulation -1.040 -1.410 0.128 0.141
(1.445) (1.733) (0.101) (0.112)

Pie size 0.0104 0.0101 -0.00442 -0.00396
(0.0255) (0.0242) (0.00444) (0.00447)

Bargaining round 0.210∗∗∗ 0.210∗∗∗ 0.00735 0.00703
(0.0599) (0.0601) (0.0211) (0.0212)

Risk Aversion 0.758∗ 0.701 -0.00674 -0.00616
(0.431) (0.426) (0.00960) (0.0107)

Social Preferences -0.629 -0.581 0.0350 0.0386
(0.579) (0.558) (0.0322) (0.0292)

Constant 9.368∗ 9.680∗ 0.699 0.646
(4.943) (4.965) (0.526) (0.531)

Demographics X X X X

Observations 450 450 413 413
R-squared 0.140 0.148 0.0166 0.0190

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors
(in parentheses). The dependent variable for Models 1 and 2 is
initial offer and relative concession rates for Models 3 and 4. The
explanatory variables are pie size, bargaining round, risk aversion and
social preferences. Demographics (age, nationality, and educational
background) are included in all four models. Standard errors are
clustered at matching group level.
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Table 4.19: Informed players’ un/conditinal payoffs and dela rates

Unconditional Payoffs Conditional Payoffs Deal rates

(1) (2) (3) (4) (5) (6)

Menstruation -0.217 0.086 -0.076
(0.441) (0.554) (0.047)

Postmenstruation -0.272 -0.463 -0.030
(0.529) (0.611) (0.050)

Ovulation 1.023 0.927 1.489∗∗ 1.360∗∗ 0.011 -0.003
(0.651) (0.679) (0.615) (0.621) (0.062) (0.062)

Pie size 0.622∗∗∗ 0.622∗∗∗ 0.720∗∗∗ 0.721∗∗∗ 0.015∗∗∗ 0.015∗∗∗

(0.030) (0.030) (0.024) (0.024) (0.003) (0.003)

Bargaining round 0.169∗∗ 0.169∗∗ 0.023 0.022 0.013∗ 0.013∗

(0.075) (0.075) (0.053) (0.052) (0.007) (0.007)

Initial Position Partner -0.136∗∗ -0.134∗∗ -0.007 -0.009 -0.018∗∗∗ -0.017∗∗∗

(0.054) (0.056) (0.052) (0.055) (0.005) (0.005)

Risk Aversion 0.508∗∗∗ 0.485∗∗∗ 0.387∗∗ 0.367∗∗ 0.028∗∗∗ 0.024∗∗

(0.130) (0.135) (0.140) (0.140) (0.010) (0.011)

Social Preferences -0.067 -0.067 -0.264∗ -0.279∗ 0.002 0.004
(0.117) (0.118) (0.145) (0.148) (0.012) (0.012)

Constant -0.714 -0.542 -0.587 -0.141 0.522∗∗ 0.512∗∗

(1.255) (1.429) (2.022) (2.133) (0.204) (0.208)

Observations 520 520 364 364 520 520
R-squared 0.518 0.518 0.820 0.821 0.100 0.103

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are clustered at the matching
group level (in parentheses). Post-estimation Bonferroni-corrected Wald tests for ovulation versus
the menstrual and postmenstrual phases with the effect size and the corresponding p-values
[in parentheses]. The dependent variable is unconditional payoffs in models 1 and 2, payoffs
conditional on a deal in models 3 and 4, and deal rates in models 5 and 6. Controls for demographics
(age, nationality, and educational background) are included in all six models.
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Table 4.20: Uninformed players’ un/conditional payoffs and deal rates

Unconditional Payoffs Conditional Payoffs Deals

(1) (2) (3) (4) (5) (6)

Menstruation -0.834∗∗ -0.211 -0.085
(0.363) (0.542) (0.082)

Postmenstruation 0.315 0.157 0.003
(0.317) (0.368) (0.067)

Ovulation 0.949 0.884 0.089 0.102 0.147∗ 0.133
(0.569) (0.562) (0.353) (0.378) (0.084) (0.084)

Pie size 0.118∗∗∗ 0.123∗∗∗ 0.133∗∗∗ 0.134∗∗∗ 0.007∗ 0.007∗

(0.024) (0.025) (0.021) (0.022) (0.004) (0.004)

Bargaining round 0.113∗∗ 0.111∗∗ 0.070∗∗ 0.070∗∗ 0.013 0.013
(0.049) (0.049) (0.028) (0.027) (0.008) (0.008)

Initial Position Partner 0.711∗∗∗ 0.703∗∗∗ 0.731∗∗∗ 0.725∗∗∗ 0.019∗∗ 0.019∗∗

(0.080) (0.081) (0.056) (0.059) (0.008) (0.008)

Risk Aversion -0.013 -0.036 -0.083 -0.087 0.006 0.003
(0.064) (0.076) (0.115) (0.116) (0.009) (0.010)

Social Preferences -0.178 -0.128 -0.257 -0.245 0.005 0.010
(0.142) (0.103) (0.178) (0.183) (0.023) (0.021)

Constant 0.173 -0.099 0.613 0.497 0.719∗∗∗ 0.706∗∗∗

(1.368) (1.263) (1.258) (1.231) (0.202) (0.204)

Observations 450.000 450.000 319.000 319.000 450.000 450.000
R-squared 0.481 0.490 0.738 0.739 0.073 0.077

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are clustered at the matching
group level (in parentheses). Post-estimation Bonferroni-corrected Wald tests for ovulation versus
the menstrual and postmenstrual phases with the effect size and the corresponding p-values
[in parentheses]. The dependent variable is unconditional payoffs in models 1 and 2, payoffs
conditional on a deal in models 3 and 4, and deal rates in models 5 and 6. Controls for
demographics (age, nationality, and educational background) are included in all six models.
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A5. Contraceptive takers

Table 4.21: Initial offer/demand and concession rates for informed and
uninformed players.

Informed player Uninformed player

(1) (2) (3) (4)
Initial offer Concess rate Initial demand Concess rate

Intake -0.176 -0.0884 -0.364 0.0361
(0.582) (0.0648) (0.838) (0.0500)

Pie size 0.271∗∗∗ 0.0124∗∗∗ -0.0443∗∗ -0.00494
(0.0286) (0.00236) (0.0212) (0.00413)

Bargaining round -0.215∗∗∗ 0.00235 0.110∗ 0.00323
(0.0424) (0.00384) (0.0631) (0.00724)

Risk Aversion 0.196∗ -0.00299 0.128 0.0150
(0.112) (0.00861) (0.130) (0.0137)

Social Preferences -0.276 -0.0351 0.229 0.0325
(0.278) (0.0234) (0.213) (0.0239)

Constant 7.778∗ 0.390∗ -0.169 0.322
(4.314) (0.220) (6.256) (0.228)

Demographics X X X X

Observations 310 278 379 339
R-squared 0.492 0.160 0.150 0.0549

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors (in parentheses).
The dependent variable for Models 1 and 3 is initial offer/demand and relative
concession rates for Models 2 and 4. The explanatory variables are the dummy
variable Intake which takes the value of one if the participant is in the intake phase
and zero otherwise, pie size, bargaining round, risk aversion and social preferences.
Demographics (age, nationality, and educational background) are included in all four
models. Standard errors are clustered at matching group level.
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Table 4.22: Informed players’ un/conditional payoffs and deal
rates

Unconditional Conditional Deal rates

(1) (2) (3)

Intake 0.595 0.590 0.0374
(0.467) (0.600) (0.0420)

Pie size 0.610∗∗∗ 0.684∗∗∗ 0.0146∗∗∗

(0.0292) (0.0258) (0.00358)

Bargaining round 0.172∗ 0.124∗∗ 0.0110
(0.0979) (0.0517) (0.0109)

Initial Position Partner -0.290∗∗∗ -0.190∗∗∗ -0.0183∗∗

(0.0686) (0.0638) (0.00721)

Risk Aversion -0.120 -0.203 0.0121
(0.112) (0.119) (0.0115)

Social Preferences 0.268∗ 0.288 0.00431
(0.134) (0.224) (0.0286)

Constant -5.961∗∗∗ -6.266∗ 0.458
(2.106) (3.512) (0.452)

Observations 310 226 310
R-squared 0.577 0.832 0.0866

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are
clustered at the matching group level (in parentheses). Post-estimation
Bonferroni-corrected Wald tests for ovulation versus the menstrual
and postmenstrual phases with the effect size and the corresponding
p-values [in parentheses]. The dependent variable is unconditional
payoffs in model 1, payoffs conditional on a deal in model 2, and
deal rates in model 3. Controls for demographics (age, nationality,
and educational background) are included in all three models.
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Table 4.23: Uninformed players’ un/conditional payoffs and
deal rates

Unconditional Conditional Deal rates

(1) (2) (3)

Intake 0.595∗∗ 0.349 0.0563
(0.252) (0.215) (0.0429)

Pie size 0.179∗∗∗ 0.120∗∗∗ 0.0190∗∗∗

(0.0314) (0.0221) (0.00447)

Bargaining round 0.160∗∗∗ 0.0656∗∗ 0.00921
(0.0534) (0.0271) (0.00893)

Initial Position Partner 0.552∗∗∗ 0.706∗∗∗ -0.000152
(0.0728) (0.0385) (0.00851)

Risk Aversion 0.0390 -0.0354 0.0115
(0.0580) (0.0355) (0.00977)

Social Preferences 0.134∗∗ -0.0185 0.0278∗∗

(0.0594) (0.0907) (0.0122)

Constant -0.0785 -0.659 0.670∗

(1.701) (1.293) (0.327)

Observations 379 270 379
R-squared 0.458 0.766 0.110

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors are
clustered at the matching group level (in parentheses). Post-estimation
Bonferroni-corrected Wald tests for ovulation versus the menstrual
and postmenstrual phases with the effect size and the corresponding
p-values [in parentheses]. The dependent variable is unconditional
payoffs in model 1, payoffs conditional on a deal in model 2, and
deal rates in model 3. Controls for demographics (age, nationality, and
educational background) are included in all three models.

Table 4.24: Risk and Social Preferences

Informed player Uninformed player

(1) (2) (3) (4)
Risk aversion Social Pref. Risk aversion Social Pref.

Intake 0.990∗ 0.104 0.654∗ 0.787∗∗

(0.521) (0.382) (0.366) (0.379)

Constant 3.737 4.722 -0.865 7.234∗∗∗

(3.540) (3.013) (2.310) (2.555)

Demographics X X X X

Observations 310 310 379 379
R-squared 0.142 0.192 0.0995 0.108

Note: * p < 0.10, ** p < 0.05, *** p < 0.01. Standard errors (in parentheses).
The dependent variable for Models 1 and 3 is risk aversion and for Models 2
and 4 is the level of benevolence. The explanatory variables demographics
are age, nationality, and educational background for both type of players.
The explanatory dummy variable Intake which takes the value of one if the
participant is in the intake phase and zero otherwise. Standard errors are
clustered at matching group level.
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A6. Instructions

[Page 1]
GENERAL INSTRUCTIONS

Thank you for your participation in the experiment today.25 It is important
for the research that you are not communicating with the other participants in
any other way than detailed in the instructions. If you have a question, please
raise your hand and one of the experimenters will come to your place to answer
your question in private.

In the experiment you can earn money with the decisions you make. It
is therefore in your interest that you carefully read the instructions. All your
decisions are private and anonymous. That means that your decisions cannot
be linked to your name and other participants will not be able to identify your
decisions during or after the experiment.

Please keep your ID number until the end of the experiment. You will be
asked to introduce your ID number on the screen at the end of the experiment.

The experiment today consists of three parts: PART A, PART B, and PART C.
After the last part you will be asked to answer a short questionnaire. You will
receive the instructions for each part at the beginning of the corresponding part.
You can find the printed instructions for Part A on your desk. The instructions
for Part B and Part C will appear on the screen once you reach the corresponding
part.

You will receive 5.00e for the participation in the experiment and
additionally e10.00 for having provided the printed calendar. The additional
earnings you can make will depend on your own decisions, decisions of other
participants and random events. This will be different in the different parts
and will be described in detail in the beginning of the corresponding part. In
PART A your earnings can be negative depending on your and other
participants’ decisions. In case of negative earnings they will be subtracted
from your earnings in the other parts of this experiment. Note that you can
always avoid negative earnings with your own decisions.

In summary, your total earnings from this experiment will be equal to:
5.00e show-up fee + 10.00e bonus + earnings from PART A + earnings
from PART B + earnings from PART C. Your earnings will be paid to you
privately in cash at the end of the session.

[Page 2]
PART A, Instructions

PART A will consist of 10 rounds of bargaining with different other
participants.

In each round, two participants bargain on how to split an amount of money,
which we call the “pie-size.” This pie-size can be different in different rounds.

In each round, one participant in a bargaining pair will be informed about

25The text font, the size and the appearance of images have been adapted from the original
instruction version.
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the pie-size. This participant will be called the “informed participant”. The
other participant in a bargaining round will not be informed of the pie-size.
This participant will be called the “uninformed participant”.

Who will be an informed who will be an uninformed participant will be
decided randomly by the computer at the beginning of Part A. An informed
participant will keep this role throughout all 10 rounds. Equivalently, an
uninformed participant will also keep this role throughout all 10 rounds.

At the beginning of each round an informed and an uninformed participant
will be randomly matched to bargain over the pie.

Importantly, in each round, bargaining takes place over the uninformed
participant’s share of the pie. In case of an agreement the uninformed
participant earns that share and the informed participant earns the pie-size
minus the share of the uninformed participant.

In each round the size of the pie will be 4.00e, 8.00e, 12.00e, 16.00e,
20.00e or 24.00e. In each round each of these pie-sizes is equally likely to be
chosen. The actual pie-size will appear on the top left corner of the informed
participant’s screen. The uninformed participant will not be informed of the
pie-size.

Bargaining takes place via the computer screen. The two participants in a
pair will negotiate by moving a cursor on a slider that represents values from
0.00e to 24.00e (in increments of 0.10e). Importantly, for both participants
the amounts on the slider represent the uninformed participant’s share. On the
computer screen this will be indicated by “Your proposal for the other” in case
you are in the role of the informed participant and “Your proposal for yourself”
in case you are in the role of the uninformed participant.

In the beginning of each round, both participants in a pair will have to
select their initial offers. Initial offers will not be seen by the other participant
until both participants have confirmed their initial offers (see Figure 1). At the
beginning of a round the cursor will appear on the slider only after you have
clicked on the slider. Bargaining will start only after both participants have
confirmed their initial offers. Once both participants in a pair have confirmed
their initial offers, a simultaneous bargaining stage will start. In this stage both
participants in a pair will see both sliders (see Figure 2).

As soon as both sliders appear on the screen there are 30 seconds left for
bargaining and reaching an agreement. Bargaining takes place by using the
mouse to select proposals for the uninformed participant. Clicking the mouse
on different positions of the slider moves the cursor to these positions.

The remaining time for reaching and agreements is shown on the top right
corner of the computer screen (see Figure 2).

An agreement is reached when both cursors are in the same position for 2
seconds or if both sliders are at the same position when the time is over. When
both cursors are in the same position on the slider, a green line connecting the
two sliders will appear on the screen (see Figure 3).

Payment
If an agreement is reached, the informed participant’s payment is equal to the
pie-size minus the agreed share for the uninformed participant. If the agreed
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Figure 1: Screen for the initial offer/demand of the informed (A) and uninformed (B)
player

Figure 2: Simultaneous bargaining screen for the informed (A) and uninformed (B)
player. This screen will show for 20 seconds.

share to the uninformed participant exceeds the pie-size, the payment of the
informed participant will be negative. Negative payments will be subtracted
from the other earnings in the experiment.
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Figure 3: Agreement screen for the informed (A) and uninformed (B) player.

If no agreement is reached after 30 seconds of bargaining, both participants
get e0.00.

After each round, both participants will be informed about the pie-size and
their own payment (see Figure 4).

Figure 4: Payment screen for each participant.

PART A consists of 10 rounds of bargaining. Importantly, after each round
participants will be rematched and it is unlikely that the same pair bargains in
consecutive rounds.

Earnings in PART A

For your earnings in PART A, one of the 10 bargaining rounds will be
randomly selected for being paid out. Each round is equally likely to be
selected. Therefore you should view each round as the one that counts for
your earnings in PART A.
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PART B, Instructions

[Page 1]

You are now going to make a series of decisions. These decisions will not
influence your earnings from the first part of the experiment, nor will the
decisions you made in the first part of the experiment influence the earnings
from this part. Furthermore, the decisions you are going to make will only
influence your own earnings.

You will be confronted with 10 decision situations. All these decision
situations are completely independent of each other. A choice you made in one
decision situation does not affect any of the other following decision
situations.

Each decision situation is displayed on the screen. Each decision situation
consists of a lottery (Option A), where you can earn a higher amount with
some probability and a lower amount with some other probability and 10 sure
amounts (Option B) represented in 10 rows. You have to decide for every row
whether you prefer Option A (the lottery) or option B (the sure amount).
Option A is the same for every row in a given decision situation, while option
B takes 10 different values, one for each row. Note that within a decision
situation you can only switch once: if you switch more than once a warning
message will appear on the screen and you will be asked to change your
decisions. By clicking on NEXT you will see an example screen of a decision
situation.

[Page 2]

This is a screen shot of a typical decision situation that you are going to
face. You are not asked to make choices now! Please have a careful look.
Thereafter click on NEXT to proceed.

[Page 3]

180



Determination of earnings

At the end of the experiment one of the 10 decision situations will be
randomly selected with equal probability. Once the decision situation is
selected, one of the 10 rows in this decision situation will be randomly
selected with equal probability. The choice you will have made in this specific
row will determine your earnings.

Consider, for instance, the screen shot that you just saw. Option A gives you
a 20% chance to earn 8.- Euro and a 80% chance to earn nothing. Option B
is always a sure amount that ranges from 8.- Euro in the first row, to 0.8 Euro
in the 10th row. Suppose that the 8th row is randomly selected. If you would
have selected option B, you would receive 2.40 Euro. If, instead, you would
have selected option A, the outcome of the lottery determines your earnings.
In that case the lottery would be played out by rolling a die. Depending on the
outcome you would either earn 8,- Euro or 0,- Euro.

Please note that each decision situation has the same likelihood to be the one
that is relevant for your earnings. Therefore, you should view each decision
independently and consider all your choices carefully. At the end of the
experiment, you will throw dice to determine which decision situation, which
row in that decision situation, and possibly the lottery outcome will be paid out
to you. You will throw dice under supervision of an experimenter.

If you like to, you can review the example screen once more by clicking on
BACK. If you have any question please raise your hand. When you are ready,
please press the BEGIN button below.

PART C, Instructions

[ACTIVE ROLE]

[Page 1]
This part of the experiment consists of another 10 decision situations. The
decisions you make in this part will not influence your earnings from the first
two parts of the experiment, nor will the decisions you made in the first two
parts of the experiment influence the earnings from this part. The decisions you
are going to make will influence your own earnings and the earnings of another
person.

In each of the following 10 decision situations you are matched with
another participant who remains anonymous to you and with whom you have
not interacted before. We will refer to you as “active person” and to the other
participant as "passive person." These use of terms will become clear below
The passive person you are matched with is randomly determined by the
computer.

In each decision situation you will have to choose between an “ Alternative
LEFT” and an “Alternative RIGHT”. Each alternative has consequences for you
and for the passive person you are matched with.

Example of a decision situation

181



In the example below you would have to choose between Alternative LEFT,
in which you would get 2.00 Euro and the passive person would get 3.25
Euro, and Alternative RIGHT, in which you would get 2.50 Euro and the
passive person would get 2.50 Euro. You make your decision by clicking on
the LEFT or RIGHT button You are not asked to make choices now! Please
have a careful look.

Determination of earnings

Your earnings as active person in this part are determined as follows: At
the end of the experiment, one of the 10 decision situations will be randomly
chosen and the alternative chosen in this decision situation will be actually paid
out. To determine the decision situation that is relevant for your earnings you
will throw dice at the end of the experiment. If, for example, the randomly
chosen decision task was the one shown above, and if in this task you had
chosen Alternative RIGHT, then you as active person would receive 2.50 Euro,
while the passive person you are matched with would receive 2.50 Euro. You
will throw dice under supervision of an experimenter.

Recall that you have not interacted before with the passive person you
are matched with in this part. Note also that each decision situation is
equally likely to be relevant for your earnings and the earnings of the passive
person. Therefore you should view each decision situation as the one that
counts.

[PASSIVE ROLE]

[Page 1]

PART C, Instructions (continued)

You just made 10 choices as active person. The other participants also made
choices in the same 10 decision situations. In addition to your earnings as
active person, you will also earnings as passive person.

Your earnings as passive person in this part are determined as follows: In
the exact same manner that the passive person you are matched with receives
earnings from your decision, without having taken any action, you receive
earnings from another participant without doing anything. That is you are the
passive person of this other participant. This active person you are matched
with as passive person is not the passive person you are matched with as
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active person. Moreover, you did not interact before with the active person
you are matched with as passive person.

To determine the decision situation that counts for your earnings as passive
person, the active person you are matched with will throw dice the same as you
do as active person. In summary, your earnings from PART C are determined by
your earnings from the randomly selected decision task as active person plus
your earnings from the randomly selected decision task as passive person.
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Chapter 5

Conclusion

This dissertation presents three experimental studies in competition and
bargaining behavior. In particular, the first two studies focus on the discussion
about whether preferences for competition exists, while the last study
investigates the role of the menstrual cycle on women’s bargaining behavior.
Below I summarize the findings of each study.

Chapter 2, Is there a Preference for Competition? describes an experimental
study where we build up on previous work to test whether a preference for
competition exists by controlling for the role of risk preferences by design and
measuring overconfidence carefully. We provide strong evidence for a
preference for competition that it is highly consistent at the individual level
and exists irrespective of risk attitudes. In addition, the results indicate that
most of the participants have a defined preference for competition, as 45% are
competition seeking and 30% are competition averse, and such preferences for
competition have a small variation when confronted with different
competition stakes. Our findings also reveal two more interesting patterns.
First, people are more competition seeking in bigger groups as we observe that
51% of participants in a group of six people are competition seeking in
contrast to 36% of participants that are competition seeking in a group of
three people. Second, similar to Gillen et al. (2019) and van Veldhuizen
(2017), we do not find gender differences in the willingness to compete. This
last finding suggests that the common finding that men are more competitive
seeking than women (Gneezy et al., 2003; Booth and Nolen, 2012; Dariel
et al., 2017; Saccardo et al., 2018) vanishes when we control for risk
preferences by design and confront participants with different competition
stakes.

In Chapter 3, Estimating Preferences for Competition from Convex Budget
Sets we conduct a laboratory experiment to test whether preferences for
competition can be rationalized by a utility function and develop a framework
for the joint treatment of preferences for competition and risk. This study
provides the first evidence of consistency of individual choices with GARP in a
competitive environment and provides structural individual-level estimates of
preferences. Thanks to the features of our experimental design, we generate a
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rich data set that allows us to test for consistency of individual choices
between a competitive and non-competitive environment, and to map such
individual choices into a utility function that captures preferences for
competition with two different interpretations. The first one assumes that
preferences for competition affect directly payoffs in the utility function, and
the second one allows preferences for competition to affect the utility function
through risk preferences.

The estimates from our two interpretations suggest that participants are on
average risk and competition averse. Interestingly, participants display less
risk aversion behavior once we allow for an effect of preferences for
competition on risk preferences. That is, when we account for the structural
relation between risk and competitiveness simultaneously. This finding
suggests that risk preferences differ between an environment with and without
competition, and ignoring this relation might overestimate the level of risk
aversion in the population. Lastly, in line with the literature in gender
economics, we find that women are more risk and competition averse than
men (Gneezy et al., 2003; Booth and Nolen, 2012; Dariel et al., 2017;
Saccardo et al., 2018). Interestingly, the gender differences in risk aversion
disappear once we allow for an effect of competition on risk preferences.

From the results discussed in Chapter 2 and Chapter 3, we conclude that
the gender gap in competition and risk preferences is shaped by the
relationship between these two traits. For instance, in Chapter 2 where we
control for risk preferences by design, we do not observe gender differences in
competition. In contrast, in Chapter 3, we observe gender differences in
preferences for competition when we account for the structural relationship
between risk and competition. This suggests that when studying situations
that involve competitive and risky behavior, one should carefully account for
both preferences for competition and risk, and also for their interactions.

In Chapter 4, The Impact of the Menstrual Cycle on Bargaining Behavior I
discuss a study where we experimentally examine the relationship between
the menstrual cycle and bargaining behavior and outcomes. After a three
months tracking period of the menstrual cycle, participants play in pairs a
variation of the dynamic unstructured bilateral bargaining game with private
information in Camerer et al. (2019). While the distribution of the pie size is
common knowledge, only one informed partner knows the actual pie size. We
find that the information setting plays an important role as only the
bargaining behavior of informed women does vary across the menstrual cycle.
Specifically, during the ovulation phase, informed women are less willing to
compromise with the other bargaining partner compared to the other
menstrual phases, and especially compared to the premenstrual phase.
Furthermore, such a decrease in compromising behavior translates into
significantly higher final payoffs during the ovulation phase. Lastly, although
the bargaining behavior of uninformed women does not change over the
menstrual cycle, their bargaining consequences captured by final payoffs and
deal rates improve during ovulation.
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Chapter 6

Impact Chapter

In this dissertation, I use behavioral economics and rigorous experimental
methods to study competitive and bargaining behavior. I also integrate
insights from other disciplines such as psychology and biology. In addition to
contributing to the academic discussion, my work also addresses important
societal issues, especially in the context of labor markets and public policy.
The research and findings presented in this dissertation can inform scientists
and policymakers interested in (1) understanding competitive behavior, (2)
making use of the portable tools to measure competitiveness (Chapters 2 and
3), (3) analyzing women’s bargaining behavior and their biological
foundations (Chapter 4), (4) as well as increasing the participation of women
in top-level positions (Chapters 2, 3 and 4).

The studies "Is there a Preference for Competition?" covered in Chapter 2 and
"Estimating Preferences for Competition from Convex Budget Sets" in Chapter 3,
attempt to understand whether it is possible to conceptualize an individual
preference for competition that is irrespective of risk attitudes. The findings
from both studies suggest that individuals derive a direct taste from being in a
competitive environment and that for a sizeable part of them this taste is
negative (i.e., most individuals dislike taking part in a competitive
environment compared to a non-competitive environment). There are two
aspects that can be derived from this finding. First, there are agents who are
forced to perform in competitive environments despite the discomfort they
obtain from it, which can impair their accomplishments under this
environment. Second, competitive environments have a selection of agents
that like competition but not necessarily are the most qualified ones for it. In
the labor market situation, both scenarios create inefficiencies, suggesting that
policies that tackle competitive environments need to acknowledge and act
upon them.

The findings from "Estimating Preferences for Competition from Convex Budget
Sets" in Chapter 3 suggest that individuals experience different levels of risk
aversion in a competitive and in a non-competitive environment. This variation
across competitive environments can inform research on risk preferences, and
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more specifically, on the potential sources of variation of risk attitudes within
individuals. Understanding the source of systematic changes in risk preferences
is crucial, as such variations in risk behavior can have consequences in real-
life situations. For instance, in labor market and health outcomes, migration
decisions, addictive behavior, and investment (for review, see, e.g., Schildberg-
Hörisch, 2018).

The methodologies used in Chapter 2 and in Chapter 3 come from the
literature in experimental economics around gender differences in
competitiveness. The findings from this literature propose that women are less
willing to select into a competitive environment than men because they dislike
competition more than men (for reviews, see, e.g., Niederle, 2014; Dariel
et al., 2017). Although in both studies we observe that women on average
dislike competition, it is not entirely clear whether the gender gap in
competition is due to this distaste. Our results suggest that when risk is
present in both a competitive and a non-competitive environment, men and
women do not significantly differ in their aversion to competition. I consider
that this finding can help to inform policies oriented to increase the
representation of women in competitive environments and top-level positions.
The fact that men and women seem to have similar preferences for
competition, in general, suggests that other factors could play a more
important role in gender differences in competitiveness. This could also
explain why policy interventions such as information provision are so
successful to reduce the gender gap in competition (Wozniak et al., 2014;
Brandts et al., 2015; Balafoutas and Sutter, 2019). In addition to this type of
policy intervention, targeting other traits such as risk attitudes,
overconfidence, and other factors not present in my research (e.g., reputation
and feedback aversion), could be more effective than targeting the trait of
competition itself to increase women’s participation.

Chapter 4, "The Impact of the Menstrual Cycle on Bargaining Behavior"
proposes that the variation of bargaining behavior is conditional on the
informational setting present in the negotiation process. Given the persisting
gender gap both in terms of selection into negotiation and outcomes obtained
from negotiations, I consider my findings can be informative to address this
problem. In particular, the results in this chapter suggest that there are two
forces influencing women’s bargaining behavior: an environmental one and a
biological one. The first force suggests the need for institutional changes that
create better environmental conditions for women to negotiate. This is similar
in the spirit to many other gender policies aiming to increase participation of
women in the labor force such as quotas, prizes benefiting one’s offspring,
preferential treatments, and incentives based on cooperation. The second
force highlights the need of creating awareness of the role that female sex
hormones have in economic behavior. Scientific research analyzing the impact
of the menstrual cycle on behavior is scarce not only in medical literature but
also in behavioral studies. As a female young researcher it is shocking to see
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how little is known about internal processes that constantly shape women’s
bodies, and behavior in different social and economic domains. I think this
study is not only informative for women to understand better how hormones
can influence their negotiation decisions but also highlights the need for more
research on this topic.

Public debate and promotion of Maastricht University

The research covered in this dissertation has been presented and discussed in
several places such as Pittsburgh University (2020), New York University Abu
Dhabi (2017-2019), New York University Shanghai (2019), and Universidad
del Rosario (2017). In addition, my work has been presented in many
prestigious behavioral and experimental conferences such as the ones hosted
by the Economic Science Association (ESA) in Europe, America, and Asia, and
other well-known conferences such as the International Meeting on
Experimental and Behavioral Social Sciences (IMEBESS 2019), Gender
Economics and The Workplace (IAB and FAU Erlangen-Nurenberg, Germany
2018), Maastricht Behavioral and Experimental Economics Symposium
(M-BEES 2017) and Behavioral Economic Policy Symposium (M-BEPS 2017)
and the Conference of Experimental Economics (BEEC, Bogota 2017).

Software and Data analyses

I used the software tool z-Tree to program all the experiments presented in this
dissertation and the software STATA to perform the data analyses. The codes
are available upon request to the author.
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