ScholarWorks@GSU

Gender Differences in Contests with
Applications to Labor and Marriage Markets

ltem Type Dissertation
Authors Jeon, Ga Hye
Citation Jeon, Ga Hye. "Gender Differences in Contests with Applications

to Labor and Marriage Markets.” PhD diss., Georgia State
University, 2025. https://doi.org/mmpr-3w84

DOI https://doi.org/10.57709/mmpr-3w84

Download date 2026-07-17 07:50:12

Link to ltem https://hdl.handle.net/20.500.14694/15783



http://dx.doi.org/https://doi.org/10.57709/mmpr-3w84
https://hdl.handle.net/20.500.14694/15783

ABSTRACT
GENDER DIFFERENCES IN CONTESTS WITH APPLICATIONS TO
LABOR AND MARRIAGE MARKETS
By
GA HYE JEON

August, 2025
Committee Chair: Dr. James C. Cox
Major Department: Economics

The central theme of this dissertation is understanding the role of individual differences

in competitiveness on labor and marriage market outcomes and gender differences therein. The

three chapters in this dissertation use economic experiments and surveys to study this question.

The first chapter uses a laboratory experiment to study gender differences in
competitiveness in terms of entry and effort decisions. Using a novel stated-effort tournament
entry experiment that directly observes both entry and efforts, this chapter extends prior literature

which has focused on gender differences in competitive entry.

The second chapter uses a representative household survey to study the relationship
between individuals’ competitiveness and their own and spousal labor market outcomes.
Strongly gendered results are found where women’s competitiveness influences the male
partner’s income while men’s competitiveness does not correlate with the female partner’s

income.

The third chapter uses an experiment and a student survey to study how competitiveness

and gender-role attitudes jointly shape students’ labor and marriage market expectations. I study



two culturally distinct samples, graduate students at a business school in China and
undergraduate students at a large U.S. university, and document significant heterogeneity across

gender and culture.
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Introduction

Competitive mechanisms determine how economic and social rewards are allocated.
Many examples are found in education, workplace, and mating. With the ubiquity of
competitions, economic and psychology research is interested in individual differences in
competitiveness and how they relate to socioeconomic outcomes. In this literature,
competitiveness refers to individual characteristics that induce competitive behaviors
independently of the person’s skills and ability. This dissertation presents three chapters that
studies gender differences in competitiveness and their role in labor and marriage market

outcomes.

The first chapter studies gender differences in competitiveness across two stages of
competition: prior to entry and post entry. I examine two experimental measures, willingness to
compete and efforts conditional on entry, using a stated-effort tournament entry experiment. A
within-subject randomizing computer-opponent control is employed to distinguish competitive
behaviors from those arising from factors unrelated to social competition yet tied to the
underlying auction mechanism. Contrary to prior research that uses real-effort tournaments, I
find no systematic gender differences in entry. However, while in competition, women exert
significantly higher efforts than men, but only against other humans and not computer
opponents. These gender differences are not explained by risk aversion, beliefs about opponents,

mistakes in instruction quizzes, and majors.

The second chapter examines how self-reported competitiveness relates to individuals’
own and their partners’ incomes using data from a representative Dutch household survey. I show
a positive association between individuals’ competitiveness and their own future incomes.

Significant gender differences emerge for partners’ income. Women’s competitiveness increases

1



their male partner’s income, but men’s competitiveness has no effect on their female partner’s
income. The effect of women’s competitiveness on partner income is independent of men’s own
competitiveness and the couple’s past labor market outcomes. These findings are consistent with
competitive women matching with higher income men and exerting positive influence on the
men’s future labor market success. To my knowledge, this is the first study to highlight the

influence of competitiveness on household outcomes.

The fourth chapter combines an economic experiment with a survey to examine how
competitiveness and gender-role attitudes jointly shape students’ subjective expectations about
their own and spousal labor market outcomes. We examine two culturally distinct samples,
graduate students at a top business school in China and undergraduate students at a large U.S
university. In China, women’s competitiveness increases their expectations about spousal
income. Moreover, for women with traditional gender-role attitudes, competitiveness decreases
their own expected work hours, consistent with expectations for household specialization. In
contrast, GSU women display no systematic correlation among competitiveness, gender-role
attitudes, and their expectations. For GSU men, competitiveness is positively correlated with
their own expected earnings, while their traditional gender-role attitudes and fertility
expectations predict salaries and work hours for their future female spouses. Taken together,
these results reveal that the influence of competitiveness and gender-role attitudes on labor and

marriage market expectations can be highly contingent on cultural and institutional contexts.

Finally, Discussion and Conclusion provides an extended discussion on the various
competitiveness measures employed across research and situates my dissertation within the
broader literature, offering insights into how my findings may contribute to understanding the

persistence and the structure of gender gaps in the labor market.



Chapter I: Gender Differences in Competitiveness in a Stated-Effort Tournament Entry

Experiment!

1.1. Introduction

Many economic and social rewards are allocated through competitive mechanisms,
rendering individual differences in competitiveness a potentially important driver of economic
success. More competitive individuals may enter a greater number of contests and secure more
chances to win. Once entering the competition, they may exert higher efforts, increasing their
probability of success. In this paper, I use the term competitiveness to mean a person’s
willingness to enter and exert effort in a competition, rather than any measure of skill, talent, or
ability. Indeed, prior experimental studies that examine competitiveness in terms of willingness
to compete show that competitiveness correlates with higher educational choices and labor
market outcomes (Buser et al., 2014, 2017, 2022, 2024; Flory et al., 2015; Kamas & Preston,

2018; Reuben et al., 2017).

With a few exceptions, prior research has focused on studying competitiveness in terms
entry into competition following Niederle and Vesterlund (2007). In these experiments, subjects
choose between entering a winner-take-all tournament or receiving a piece-rate pay, based on
their performance in a specific task. The typical real-effort task that is used in these experiments
is solving a sequence of math problems. A seminal experimental result found in these
experiments is that women are significantly less likely to enter tournaments than men accounting

for performance, confidence, and risk preferences.

! This chapter has been supported by Competitive Small Grant for Research in Labor Studies by Dr. Tim Sass from Georgia State University. The
experiment is pre-registered on the AEA registry under AEARCTR- 0011930.
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While many studies confirm that there is a significant gender difference in willingness to
compete in math-based settings, growing studies documents mixed results in different contexts.
The gender gap in entry disappears when the real-effort task is less stereotypically male, such as
letter-based tasks and emotion recognition task (Dreber et al., 2014; Halladay & Landsman,
2022; Shurchkov, 2012). The gender gap in entry also disappears even in math contests when
subjects are informed about their relative performances (Wozniak et al., 2014). These findings
suggest that task stereotypes and beliefs regarding relative performance may play a critical role

in individuals’ decision to compete.

To address this issue, this study extends Niederle and Vesterlund’s (2007) tournament
entry experiment and replaces a real-effort task with a stated-effort task, removing performance-
related confounders by design. Specifically, participants make an entry decision facing an all-pay
auction, where subjects simply need to submit a higher number to win, rather than produce better
performance than others in a specific task. Moreover, using an induced value method, subjects’
production and cost functions are held constant and made common knowledge, further

eliminating the role of relative abilities on subject’ decisions.

While prior research has focused on competitiveness in terms of entry decisions, this
paper also investigates competitiveness in terms of effort decisions while in competition. This is
facilitated using the stated-effort auction. Unlike a real-effort environment where efforts are
unobserved and must be inferred from performance, subjects’ effort choices can be directly
observed in a stated-effort setting (Charness et al., 2018). In sum, using a stated-effort auction,
this experiment examines gender differences in competitiveness in terms of both entry and effort
decisions by creating an environment where performance factors can be controlled by the

experimenter and effort choices can be directly observed.



To distinguish choices driven by competitiveness from those driven by factors unrelated
to competition, I employ a within-subject randomizing computer opponent control. In this
treatment, subjects make entry and effort decisions against a computer that draws a random bid.
As the outcome is purely determined by chance and element of social competition is removed,
choices in this treatment serve as a control for factors that are tied to the auction mechanism but
are independent of competitiveness. For example, if women’s reluctance to compete stems from
risk aversion rather than lower competitiveness, examining gender differences in this non-
competitive yet otherwise identical risky environment helps identify the true effect of
competitiveness on gender differences in entry and effort decisions. Along with the computer
control, I also measure risk preferences using a gamble selection task adapted from Eckel and

Grossman (2008) and a survey question based on Dohmen et al. (2011).

In contrast to prior findings, I find that women and men are equally likely to enter the
competition. In addition, women spend significantly higher efforts than men, but only against
other humans and not computer opponents. This asymmetric gender effect persists even after
controlling for risk preferences, beliefs about the opponents, mistakes in instructions quiz, and
majors. Consistent with equilibrium predictions, risk preferences are correlated with entry but
not effort decisions, and beliefs about opponent’s risk tolerance increases bids. These findings
are aligned with model predictions where women have higher competitiveness during the

competition, but not at the entry stage.

The experimental design closely follows Niederle and Vesterlund’s (2007) tournament
entry game, but subjects compete in a stated-effort two-player all-pay auction rather than a real-
effort competition. Among various stated-effort competitions, an all-pay auction is employed for

two reasons. First, it preserves the payoff structure of a real-effort competition where only the



highest performer (bidder) wins and receives the prize, while all players’ efforts are sunk.
Second, among various contests, the two-player all-pay auction predicts that bids are
independent of bidder’s own risk preferences in equilibrium (Z. C. Chen et al., 2015). This a
priori exclusion simplifies the comparative statics analysis of my all-pay auction model which

incorporates additively separable factors of competitiveness.

While economic research has focused on competitiveness in terms of individuals’
willingness to compete, the psychology literature suggests a more nuanced, multidimensional
perspective. Urbig et al. (2021) identifies three dimensions of competitiveness in particular:
Enjoyment of Competition (EC), Desire to Win (DW), and Personal Development
competitiveness (PD). In a survey of 1,520 individuals, they find significant gender differences
in EC, but not in DW or PD. Buser and Oosterbeek (2023) extend this framework by introducing
a fourth dimension, Challenge Seeking (CS), in a representative household survey. With 1,150
individuals, they find the largest gender differences in EC, followed by DW, PD and CS. They
also report that the laboratory measure of willingness to compete is strongly correlated with EC
and DW, but not with PD and CS. While these studies broaden the general competitiveness
research, they rely on psychological constructs and use survey methodologies rather than

incentivized experiments.

This paper contributes by adopting the multidimensional approach to competitiveness
within experimental economics research. Specifically, I develop a theoretical model for Niederle
and Vesterlund’s (2007) tournament entry game which incorporates two dimensions of
competitiveness: EC and Utility of Winning (UW). Drawing on Urbig et al (2021), EC reflects
individuals’ affective response to participating in the competitive process itself, independent of

the competition outcomes. In contrast, UW captures the psychological value acquired when



winning the competition, as modeled in previous auction and contest literature (Cox et al., 1988;
Sheremeta, 2013). In my model, both EC and UW influence entry decisions, whereas only UW
influences effort decisions. Specifying two distinct dimensions of competitiveness, I bring
together gender differences in competitiveness and auctions and contests literature and develop a
flexible framework that can examine competitiveness across the two decision stages of

competition, prior to entry and post entry.

My experimental findings are consistent with women having a higher competitiveness
during the competition, but not at the entry stage. The result that women do not enter competition
more than men but spend greater efforts conditional on entry mirrors real-world observations.
For example, despite significantly lower representation, women attain higher grades conditional
on being STEM-ready (Card & Payne, 2021) and earn as much as men at the CEO level (Gupta
et al., 2018). Moreover, there are significantly fewer female economists, but they are 25% more
likely to be cited conditional on referee evaluations (Card et al., 2020), and women significantly
outperform men in academia, but more than 50% is due to unobserved inputs (Castagnetti &
Rosti, 2009). Aligned with these findings, this paper offers fresh insights into competitiveness
literature by showing that gender differences in competitiveness may vary across different stages

of the competition.

This paper proceeds as follows. Section 1.2 reviews related literature. Section 1.3
presents the theoretical framework. Section 1.4 describes the experimental design and

hypotheses. Section 1.5 reports the results. Section 1.6 concludes.



1.2. Related Literature

Gender differences in willingness to compete found in Niederle and Vesterlund (2007)
have been suggested as an important explanatory factor for gender differences in educational and
labor market outcomes. Specifically, individuals’ willingness to compete predicts participation in
competitive college entrance exams (Zhang, 2013), enrollment in more challenging high school
courses (Buser et al., 2017, 2022), college major selection (Buser et al., 2014), expectations of
post-graduation earnings (Reuben et al., 2017), and actual earnings for college graduates (Kamas
& Preston, 2018), MBA graduates (Reuben et al., 2024), and large representative population in
the Netherlands (Buser et al., 2024). Gender differences in competitiveness partially explains

gender differences in these economic outcomes.

However, an important unobserved factor that may confound subject choices in Niederle
and Vesterlund’s (2007) tournament entry experiment and the observed economic outcomes is
individual differences in STEM abilities and their beliefs about relative abilities. Niederle and
Vesterlund’s (2007) experiment examines subjects entry decisions into a math-based real-effort
task. However, women tend to have lower academic self-concept in math (Skaalvik & Skaalvik,
2004) and are believed to perform worse in math (Bohnet et al., 2015), which may affect
subjects’ entry decisions. To assess whether gender differences in competitiveness persist beyond
STEM-related contexts, growing research studies a variety of competition settings. Findings
show that gender difference in competitiveness is reduced in more female oriented tasks such as
letter-based problem solving (Dreber et al., 2014; Grosse & Riener, 2010; Shurchkov, 2012),
facial emotion recognition (Halladay and Landsman 2022), and collecting beads (Apicella &
Dreber, 2015). Additional institutional factors such as group position, information, and reward

mechanism are also found important. Women compete as much as men in same-sex settings



(Geraldes, 2020), when informed about relative performances (Wozniak et al., 2014), in
competition against their own past performances (Apicella et al., 2017), and when there is an

option to share the rewards with the losers (Cassar & Rigdon, 2021).

This paper contributes by testing gender differences in an abstract stated-effort, rather
than a real-effort, competition. In this auction, instead of performing a specific real-effort task,
subjects submit a number to compete. By eliminating the need for real effort, the stated-effort
design reduces the influence of performance factors on subject decisions. Among various auction
formats, all-pay auction is employed as it models the real-effort competition where all subjects’
efforts are sunk regardless of the outcome. An important advantage of a stated-effort competition
is that effort choices can be directly observed. This is difficult in real-effort settings because real-
efforts are unobserved to the experimenter (Charness et al., 2018). Moreover, while performance
is often used as a proxy for effort, the elasticity between effort and performance is not always
clear across different tasks (Niederle, 2017). Therefore, by using a stated-effort auction, I hold
constant various environment variables with an induced value method and directly observe and
examine subjects’ effort choices. In particular, subjects’ production and cost functions are held
constant, explicitly stated, and made common knowledge, which is not possible in a real-effort

environment where relative productivities are inferred from realized performances.

There is a long line of literature on stated-effort competitions in terms of auctions and
contests. A consistent finding in this literature is that women bid higher than men, exhibiting
more competitive behavior (Sheremeta, 2013). However, this pattern stands in contrast to studies
in competitiveness literature which suggest that women have lower competitiveness.
Experimental studies in auctions and contests show that women’s high bidding is not explained

by risk aversion (Price & Sheremeta, 2015), mistakes in instruction quizzes (Jeon & Ong, 2021),



CRT scores (Breaban et al., 2020), and SAT/ACT scores (Casari et al., 2007). While women’s
high bidding may stem from their lack of experience in competitive environments (Casari et al.,
2007), there is also evidence that it may be strategic and competitively driven. Women bid higher
than men only against other women and not against men (Z. C. Chen et al., 2015; Mago &
Razzolini, 2019) and in first price but not in second-price auctions (Y. Chen et al., 2013).
Women’s high bidding also intensifies when they receive feedback about the winning bid

(Hyndman et al., 2012).

This paper contributes by further investigating why women might bid higher than men. I
use a novel computer opponent treatment to control for factors that are related to the auction
mechanism but not competitiveness. If women’s high bidding is driven by factors unrelated to
the aspects of social competition, I should find similar gender effects across the human and
computer treatments. For example, if women’s high bidding is due to their misunderstanding of
the rules of the auction, women’s high bidding will persist across the human and computer
opponent auctions. My experiment shows that this is not the case. Women bid significantly
higher than men only against other humans but not in the computer control. In addition, risk
preferences, beliefs about others risk preferences, mistakes in instruction quiz, and opponents’

bids in practice sessions do not explain women’s high bidding.

While economic research has focused on competitiveness in terms of willingness to
compete, psychology literature suggests a more nuanced, multidimensional perspective. Urbig et
al. (2021) identifies three dimensions of competitiveness in particular: Enjoyment of
Competition (EC), Desire to Win (DW), and Personal Development competitiveness (PD). The
dimension of EC captures individuals’ affective responses to the competitive process itself rather

than outcomes. DW captures the need to win more than others and may even strive to win for its
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own sake, independent of associated rewards. In contrast, PD do not focus on wining the
competition but mastery of a given task. With a survey of 1,520 individuals in Columbian
universities, the authors find significant gender differences in EC, but not DW or PD. Buser and
Oosterbeek (2023) extend this framework by introducing a fourth dimension, Challenge Seeking
(CS), to capture the drive to seek new challenges, whether competitive or not. In a representative
household survey in the Netherlands with 1,150 individuals, they find the largest gender
differences in EC, followed by DW, PD, and CS. They also find that the laboratory measure of
willingness to compete is strongly correlated with EC and DW, but not with PD and CS.
Moreover, EC and DW are strong predictors of labor market success, and EC explains part of the
gender gap in income. However, these studies examine competitiveness using survey methods
without an incentivized experiment. This paper contributes by introducing a multidimensional
approach to competitiveness in experimental economic research by introducing two specific

decisions stages through which different competitiveness dimensions can manifest.

Individuals’ non-monetary utility of winning has been modelled in auction literature as a
possible driver of high bidding. In first-price auction, Cox et al. (1988) introduces a (monetary
equivalent of) utility of winning that is independent of the monetary surplus, which rationalizes
overbidding above the Nash equilibrium. Cooper and Fang (2008) show in second-price auction
that subjects’ patterns of overbidding are consistent with the joy of winning as overbidding
intensifies when rivalry is heightened. Sheremeta (2013) incorporates utility of winning in
Tullock contest and also show that subjects have inherent utility of winning as they make bids in
contests even when there are no monetary prizes. Moreover, Van den Bos (2008) show that
subjects exhibit winner’s curse when they are playing against other participants but not against

computers, even when subjects are informed about the correct equilibrium strategies. Studies in
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psychophysiology also offers findings consistent with utility of winning. Delgado et al. (2008)
show that fMRI responses are higher when subjects are bidding against humans rather than
computers. Astor et al. (2013) show that skin conductance responses are stronger when winning
rather than losing the auction. However, these papers do not report gender differences. I
contribute to this literature by showing that women’s higher bidding is only observed against

humans rather than computers.

There is growing literature that studies stated-effort contests in the laboratory. Three
canonical model of contests that were developed in the mid-seventies to early eighties are oft
examined: the Tullock (2008) model of rent-seeking, the Lazear and Rosen (1981) rank-order
tournament model, and the all-pay auction. These models historically developed independently
but represent special cases of a general contest model that can be formulated in a unified
framework (Dechenaux et al., 2012). A general model of contest assumes that that (i) players
exert costly irreversible efforts while competing for a prize and (ii) an individual player’s
probability of winning the prize depends on the players’ relative expenditures. A contest success
function maps player expenditures to probability of winning, which differs across the three
contest models. In the all-pay auction, the player exerting the highest effort wins the prize with
certainty. In the rank-order tournament, the player with the highest performance, modeled as the
sum of effort and a random component, wins the prize with certainty. In Tullock contest, the
probability of winning equals the ratio of a player’s effort to some power r, with a special case

where r = 1 in lottery contest.

Different assumptions in the three canonical models of contests lead to different
equilibrium behaviors. Tullock contests and rank-order tournaments usually have pure strategy

equilibria, whereas all-pay auctions have only non-degenerate mixed strategy equilibria.
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Consider a two risk-neutral player case. In Tullock contest with linear cost functions, the
equilibrium effort is L For rank-order tournament, the equilibrium depends on the prize spread

and the distribution of the performance shock. In a common value all-pay auction, there is mixed

strategy equilibria where each player randomizes their bids from 0 to the value of the prize.

This chapter adopts the two-player all-pay auction model for three reasons. First, the
auction simplifies the competition environment for subjects by eliminating the need to explain
complex mechanisms such as contest success functions or stochastic performance components.
Participants need only understand that the higher bid wins, making the rules intuitive and
reducing potential confusion. Second, the all-pay auction represents an extreme form of
competition in that outcomes are deterministic on relative bids. An epsilon higher bid secures the
prize rather than any exogenous randomness. Lastly, the two-player all-pay auction predicts that
bids are independent of bidders’ own risk preferences because equilibrium is in mixed strategies
(Z. C. Chen et al., 2015). In rank-order tournaments, risk aversion leads to lower equilibrium
efforts and experimental evidence supports this finding (Eriksson et al., 2009; List et al., 2020).
In Tullock contests, although there is no general theory (Konrad & Schlesinger, 1997),
experimental studies have found that risk aversion decreases efforts (Sheremeta, 2013). A two-
player all-pay auction provides an advantage in this context as it allows for an a priori exclusion

of risk preferences, simplifying the comparative static predictions of competitiveness on bids.

Similar to auction literature, contest experiments also find that women bid higher than
men, but there are few studies that report gender difference in entry decisions. Eriksson et al.
(2009) studies rank-order tournament and Anderson and Stafford (2003), Morgan et al. (2012),
and Boosey et al. (2020) studies Tullock contests. These studies find no gender differences in

entry facing endogenous contest settings. This chapter contributes by studying entry and effort
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decisions in an all-pay auction and within the experimental framework of Niederle and
Veterlund’s (2007). Prior contest experiments with endogenous entry use a design where subjects
who enter the tournament compete against other participants who have also selected to enter,
focusing on strategic entry. In contrast, in the Niederle and Vesterlund’s (2007) tournament entry
game, subjects who choose to enter compete against a fixed pool of opponents and their past
performances in a prior competition. In this way, subjects’ entry decisions are made independent

of their competitors’ entry decisions.

The employed independent entry design following Niederle and Veterlund (2007) has
several advantages in examining gender differences in competitiveness. First, since subjects’
entry decisions do not influence the payoffs of others, this design eliminates the possibility that
women might shy away from competition due to social preferences, such as avoiding the
imposition of negative externalities on others. Second, others’ entry decisions do not affect
subjects’ probability of winning. By keeping the opponent pool constant, this design removes the
need for participants to form beliefs about who else might enter and the characteristics of those
self-selected entrants for strategic considerations. Therefore, this design helps to ensure that
individual’s own competitiveness, rather than beliefs about relative competitiveness, is a primary
factor driving subjects’ entry and effort decisions. Third, adopting this design aligns my study
with the existing gender differences in competitiveness literature, facilitating direct heuristic

comparisons with prior research that builds on Niederle and Vesterlund (2007).

A robust finding in economics and psychology literature is that women are more risk
averse than men (Croson & Gneezy, 2009). Therefore, it is important to ensure that gender
differences in risk preferences do not confound the identification of gender differences in

competitiveness. Prior experiments that build on Niederle and Vesterlund (2007) shows that
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subjects’ risk preference is an important factor for competitive entry decisions (Markowsky &
Beblo, 2022). These studies use an independent risk elicitation method and show that gender
differences in entry persists even after controlling for risk choices. However, prior research
suggests that subjects’ risk preferences may vary significantly across different elicitation
methods (Filippin & Crosetto, 2016; Isaac & James, 2000). Gillen et al. (2019) also showed that
the size of gender difference in competitiveness is sensitive to how risk preferences are measured

and controlled.

To empirically account for the effect of risk preferences on subjects’ entry and effort
decisions, [ use two distinct controls. First, I use a within-subject randomized computer control
treatment to capture factors that are inherent to the auction mechanisms but independent of
competitiveness. Since the only distinction between the human and computer treatments is the
absence of social competition, controlling for choices in this non-competitive yet otherwise
identical risky environment helps to control for behaviors driven by risk preferences. In addition,
I employ two independent risk elicitation methods, an adaptation of game Eckel and Grossman’s
(2008) gamble selection method and Dohmen et al.’s (2011) unincentivized survey question. To
address potential measurement error in risk elicitation methods, Gillen et al. (2019) introduces an
obviously related instrumental variable approach where the predicted coefficients from IV
regressions among risk variables is used as the independent variable. In spirit of this method, I
use a standardized predicted coefficient from the regression of subject’s gamble choice on the

self-assessment of risk as the measure of risk tolerance.

Women’s lower competitiveness in terms of entry decisions is consistent with women’s
lack of representation in high-earning labor market positions (Bertrand, 2011a; Blau & Kahn,

2017a; Niederle, 2017; Shurchkov & Catherine C. Eckel, 2018). However, findings of women’s
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higher efforts conditional entry are also consistent with real-world observations. Despite
significantly lower representation, women attain higher grades conditional on being STEM-ready
(Card & Payne, 2021) and earn as much as men at the CEO level (Gupta et al., 2018). In finance
industry, women are a small minority, but there is no gender difference in asset management
performance and women outperform men in terms of Sharpe ratios (Niessen-Ruenzi & Ruenzia,
2019). Moreover, there are significantly fewer female economists, but they are 25% more likely
to be cited conditional on referee evaluations (Card et al., 2020). Women significantly
outperform men in academia, but more than 50% is due to unobserved inputs (Castagnetti &
Rosti, 2009). Competitive efforts are difficult to measure and separate from other endowments in
the real-world and real-effort settings. This paper contributes by examining gender difference in
a laboratory competition where efforts can be directly observed and relative productivities can be

held constant across subjects.

1.3. Model and Hypotheses

1.3.1. Theoretical Model

This section introduces a theoretical model of two-player all-pay auction entry game
designed to examine how individual differences in competitiveness affects subject’s entry and
effort decisions. Beyond monetary payoffs, subjects are assumed to derive utility from non-
monetary components associated with competitive interactions. The model is employs expected
utility theory and assumes that subjects’ preferences satisfy the reduction and independence
axioms, thereby ensuring strong incentive compatibility and isolation of laboratory payofts (Cox

etal, 2015).
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Competitiveness is modeled as arising from two distinct non-monetary utilities derived
from competitive behavior within the laboratory setting. First, Enjoyment of Competition (EC)
captures individuals’ affective responses to the competitive process itself and are independent of
competition outcomes (Urbig et al., 2021). Second, Utility of Winning (UW) reflects non-
monetary value placed on the winning outcome beyond the value of the prize (Cox et al., 1988;
Sheremeta, 2013). In this framework, EC is realized whenever a subject participates in a
competition, while UW is realized only upon winning. These components are incorporated into
the model using their monetary equivalents, E C;and UW;, to quantify individual heterogeneity in

competitiveness.

The game consists of two stages. First, players independently decide whether to enter or
exit a two-player contest. If the player decides to exit, she receives an outside option of a fixed
positive payment w. If the player decides to enter, she participates in the two-player auction.
Expected utility from the tournament depends on the probability of winning and the associated
payoffs in each outcome. The model is based on income payoffs from the auction and not
terminal wealth. Section 1.4 Experimental Methods further describes the pay-one-randomly
payoff mechanism employed, which ensures incentive compatibility and truthful revelation of

preferences (Cox et al., 2015).

Total expected monetary and non-monetary utility from entering the auction determines
the player’s decision to compete. Players enter the tournament if the sum of their EC and

expected utility from the auction is larger than her utility from the safe outside option:

EU, + u(EC) = u;(w) (1)
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In the auction, players have an endowment w, production function f;, and cost function
c;. Players choose effort e;, and the one with the higher output f;(e;) wins. The winner receives
her prize V and also realizes her UW;, which is non-negative. Both the winner and the loser pay
their costs c¢;(e;), reflecting the real-effort environment. The production and cost functions are
the same for all players, f(e) = e and c(e) = e, eliminating heterogeneity in individual abilities.
In the case of a tie, the winner is chosen at random. Players realize their E C; regardless of the

outcome. Assuming risk neutrality for simplicity, the utility function of the tournament is

_ (w+V+UW; —e; +EC; if win
ui(ene) = {a) — e+ EC; if lose 2)

which is a two-player all-pay auction with a unique mixed strategy Nash equilibrium (Baye et
al., 1996; Hillman & Samet, 1987). Letting the high and low players have asymmetric utility of
winning UWy > UW,, and letting V; = V + UW,, the mixed strategy equilibrium is characterized

by the following two equations,
Gue)(w+V,—e)+(1-Gyle))lw—e)=w 3)
GL(e)(a)+VH—e)+(1—GL(e))(a)—e) =w+Vy—-V 4)

with the support e, € [0,V,] and ey € [0,V, + €], where G;(e) denotes the cdf of the
equilibrium strategy for player i. The high-player employs Gy (e) to make the low-player
indifferent between bidding some e; and bidding zero with a sure payoff of w. The low-player
mixes to make the high-player indifferent between bidding some ey and bidding V; + ¢ and
guaranteeing a payoff of w + Vy — V;. In equilibrium, the bidding functions for the two players

arc

Gy(e) = (5)
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Gy(e) = =1 (6)

Since, Vy — V,is positive, G, (e) first-order stochastically dominates Gy (e), and the average bid

V-V
H 2

is lower for the low player. Probability that the low-player bids less than or equal to 0 is

while the high-player has 0 probability of bidding zero. The expected utility of the tournament

for the two players are

EU, = w (8)

Replacing the expected utility in Equation 1, the entry conditions for the two players are

EC,+ w = w. (10)

From this model, I form the following conjectures based on UW and EC:

Conjecture 1. Utility of Winning (UW) increases average efforts.

Conjecture 2. Utility of Winning (UW) decreases the probability of bidding zero.

Conjecture 3. Utility of Winning (UW) increases entry.

Conjecture 4. Enjoyment of Competition (EC) increases entry.

To help empirically identify the effect of competitiveness on observed entry and effort
choices, I introduce a within-subject computer control treatment. In this control, the game
mechanics of the two-player all-pay auction remains the same except that subjects face a

computer opponent whose bid is randomly drawn from a uniform distribution between 0 and V.
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Because the outcome is determined by chance, the competition element is absent in this auction
and the influence of EC and UW is removed from subject decisions. Hence, observed entry and
effort choices in this computer treatment is used as controls for behavioral factors that may arise
from the auction mechanism independent of competitiveness. For example, if previous findings
of women'’s higher bidding are attributable to a misunderstanding of the auction rules, we would
expect similar bidding patterns to emerge in the computer-control setting. Similarly, if women’s
aversion to competition entry is driven by risk aversion, comparing how they behave in a non-
competitive, yet otherwise identical risky setting helps to identify gender differences driven by
competitiveness. Accordingly, I posit that subject behaviors in these two settings will be

correlated.

Conjecture 5. Behaviors in the computer opponent control correlates with behaviors in the human

treatment.

Next, consider risk averse players. Among various contests, the two-player all-pay
auction predicts that bids do not depend on bidders’ own risk preferences (Z. C. Chen et al.,
2015). Bidders each adopt a mixed strategy that makes her opponent indifferent from bidding
some positive e and bidding zero (or V;, + € in case of high player). As players make the
opponent indifferent, in equilibrium, the bidding only depends on the opponent’s and not the
bidder’s own risk preferences. An increase in the opponent’s risk tolerance increases the first-
order stochastic dominance of the player’s bidding function and decreases the average bids (Z. C.
Chen et al., 2015). At the entry stage, risk aversion lowers the expected utility from entering the
competition relative to the safe exit option, which does not involve any risk. Based these results,

I derive the following propositions based on risk aversion:

Conjecture 6. Player s risk preferences do not affect efforts.

20



Conjecture 7. Opponent s risk aversion decreases efforts.

Conjecture 8. Player s risk aversion decreases entry.

1.3.2. Hypotheses

This section presents hypotheses built on prior findings in the literature combined with
the conjectures and propositions from the model. The first set of hypotheses pertains to entry
choices. Prior literature in gender differences in competitiveness suggest that women are less
likely to enter tournaments and have lower preference for competition. Following this literature,
I hypothesize that women have lower EC and are less likely to enter the auction. I posit that UW
increases efforts (Conjecture 1) and entry (Conjecture 4), risk aversion decreases entry
(Proposition 3), and that entry in the computer control explain entry in the human treatment
(Conjecture 5). However, I expect that these factors do not explain gender differences in entry

given that women have a lower EC as suggested by previous research.

Hypothesis 1-1: Women are less likely to enter all-pay auction than men, showing lower EC.

Hypothesis 1-2: Gender differences in entry is not explained by differences in effort, risk

aversion, and behaviors in the computer control.

Hypothesis 1-3: Risk aversion decreases entry and average effort increases entry. Entry into the

computer control is positively correlated with entry into human treatment.

The second set of hypotheses pertains to effort choices. Many prior studies in auctions
and contests find that women bid significantly higher than men. These differences are
hypothesized to be driven by factors other than competitiveness. Hence, in this experiment,
women’s high bidding is expected to be captured by their behaviors in the computer control.

Consistent with the competitiveness literature, I hypothesize that women have a lower UW,

21



which will be expressed through lower efforts (Conjecture 1) and higher probability of bidding
zero (Conjecture 2). Moreover, bids are expected to follow equilibrium predictions based on risk

preferences (Conjecture 5 and 6).

Hypothesis 2-1: Women s high bidding is explained by behaviors in the computer control.

Hypothesis 2-2: Women have lower average bids and more zero bids when controlling for

behaviors in the computer control, suggesting lower UW.

Hypothesis 2-3: Effort decreases with beliefs about opponent’s risk aversion but not own risk

aversion.

1.4. Experimental Design

The experiment was conducted at the Experimental Economics Center laboratory at
Georgia State University (GSU) in September-October 2023. A total of 160 subjects (56%
female) participated in the experiment over the course of eleven sessions. Subjects were recruited
using an automated system that randomly invited participants from a pool of around 1,000
students who signed up to participate in economic experiments. Undergraduate students were
invited to participate in this experiment via email. Upon arriving at the lab, subjects were
randomly assigned to a laboratory computer. The experiment was programmed using o-Tree (D.
L. Chen et al., 2016). Each session lasted for around 50 minutes. The average payment per
subject was $22.66 including a $3 show-up fee. I do not find significant gender differences in

payments, women earned $21.77 in final pay and men earned $23.54 (p-value = 0.12).

The experiment consisted of three parts: Risk elicitation, Stated-effort Tournament Entry,
and a Survey. There were five decision tasks in total for the first two parts of the experiment, one

for risk elicitation part and four for the tournament entry part. At the beginning of the
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experiment, subjects were informed that one of the five decision tasks will be randomly selected
for payment at the end of the experiment. Subjects were given no feedback of the results until
they completed the entire experiment, including the survey. Hence, the payoff mechanism for the
five decision tasks is consistent with the Pay-One-Randomly (POR) method and aligned with the
assumptions of expected utility theory (Cox et al., 2015). The last part of the experiment, the
survey, also included incentivized belief questions; however, subjects did not know that the
survey part also had earnings opportunity until they reached the survey questions. Therefore,
while the first two parts, Risk elicitation and Stated-effort Tournament Entry, is POR, the over
payment protocol is not POR. In the next sections, we describe each part in detail. See Appendix

A for screenshot of instructions.

1.4.1. Risk Elicitation

Subjects’ risk preferences were measured using an adaptation of Eckel and Grossman
(2008) elicitation method. Subjects were presented with five different gambles and were asked to
choose which gamble they wish to play. All of the five gambles had a 50 percent chance of two
possible outcomes, heads and tails. The gamble choice increased in its degree of risk tolerance
measured by the standard deviation in expected payoffs. The expected payoff for the whole

gamble was 20 USD.

1.4.2. Stated-Effort Tournament Entry Experiment

Subjects were informed that this part will involve an auction. Subjects were first required
to read the auction instructions, complete a quiz on instructions, and participate in a practice
session to ensure their understanding of the rules. In the auction, subjects were endowed with
$20, and the prize was $10. There are two bidders and only the highest bidder wins the prize but

both bidders must pay their bids regardless of the outcome. Subjects could bid from zero up to
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the endowment of $20 in increments of $0.01. In the case of a tie, a winner was chosen at

random.

In the quiz, subjects were presented with two questions which asked them to calculate the
exact payoffs for two auction scenarios, one winning and one losing, but with the same bid
amount. The questions asked “Suppose you bid $K and you WIN. What are your earnings?” and
“Suppose you bid $K and you LOSE. What are your earnings?”. The amount $K was kept
constant across two questions to highlight the mechanism that subjects must pay their bids
regardless of the outcome. The variable $K was randomized between $0.01 and $10.00 for each
subject. Subjects were provided with a calculator on their experimental interface. They had to
answer both questions correctly to continue the experiment. If they answered any question
incorrectly, the correct answers were shown, and a new set of questions were presented. No

subject attempted the quiz more than three times.

After completing the preliminary quiz, subjects participated in five unpaid practice
rounds to familiarize themselves with the auction mechanism. In each practice round,
participants were paired with a different opponent, who was also a participant. Following every
round, feedback was provided, including each participant’s bid, their opponent’s bid, the
outcome of the auction, and the resulting payoffs. This feedback was designed to ensure that all
subjects fully understood the auction mechanisms. Upon completing the five practice rounds, a

results page was shown, summarizing their performance across all rounds.

Subsequently, subjects proceeded to the incentivized portion of the tournament entry
game, which comprised of four tasks. They were informed that the results from each task would
be disclosed at the end of the experiment. The experiment incorporated within-subject

treatments: human opponent and computer opponent. The order in which subjects encountered
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these treatments was randomly assigned across sessions, with 51% of participants facing the

human treatment first.

Each treatment included two competition tasks following the tournament entry game of
Niederle and Vesterlund (2007). In the first task, subjects participate in a two-player all-pay
auction. In the second task, they first decide whether to exit or enter the auction. If they choose
to exit, they receive their endowment and proceed with the experiment. If they choose to enter,
they submit a bid against their opponent’s previously submitted bid from the first competition
task. This design holds constant the opponent pool, ensuring that subjects’ entry decisions are
exogenous to others’ entry decisions. The two competition tasks were repeated for human and
computer treatment. In the computer opponent control, subjects were informed that their
opponent is a computer who makes a random bid from $0 and $10 in increments of $0.01 with
equal probabilities. The following describes a treatment in which the human auction is presented

first2.

Task 1 — Human auction: Subjects are paired with an opponent who is also a participant, and

they compete in a pairwise all-pay auction.

Task 2 — Human auction with entry: Subjects are paired with a new opponent who is also a
participant. Subjects are asked to decide whether to exit or enter the auction. If they choose to
exit, they received endowment of $20 and continued the experiment. If they choose to enter, they

bid against the new opponent’s already submitted bid in Task 1.

2 Task 1 — Task 4 refers to Task 2 — Task 5 in subject instructions as Task 1 was always the risk elicitation task. The actual auction order for each

subject across Task 2 — Task 5 depend on the order treatment. However, to simplify exposition in the paper, I always refer to Task 1, Task 2, and
Task 3, Task 4 as follows: Human auction, Human auction with entry, and Computer auction, and Computer auction with entry.
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Task 3 — Computer auction: Subjects are paired with a computer opponent who makes a random
bid between $0 and $10 in increments of $0.01 with equal probabilities. Subjects bid against the

computer opponent and auction outcome is realized.

Task 4 — Computer auction with entry: Subjects are paired with a new computer opponent who
makes a random bid between $0 and $10 in increments of $0.01 with equal probabilities. They
are first asked to decide whether to exit or enter the auction. If they choose to exit, they received
the endowment of $20 and continued the experiment. If they choose to enter, they bid against the

computer opponent.

1.4.3. Survey

The survey consisted of three parts: demographic questions, incentivized beliefs
elicitation, and unincentivized self-assessments of competitiveness and risk preferences.

Demographic questions included gender, age, ethnicity, grade-year, and major.

The incentivized beliefs elicitation consisted of two questions. First, I elicited subjects’
beliefs about the auction outcome in exogenous competitions (Task 1 and Task 3). Subjects were
reminded of their bids and asked to predict whether they won or lost the auction. Subjects
received $1 for each correct answer. Second, I elicited beliefs about their opponent’s risk choice.
The risk elicitation page was presented, and subjects were asked to guess which gamble their

opponent from Task 1 has selected. Subjects received $2 for a correct prediction.

Self-reported competitiveness and risk questions followed Buser et al. (2024) and Buser
and Oosterbeek (2023). The former questions included a self-assessment of general
competitiveness and risk preference and hypothetical questions of Niederle and Vesterlund

(2007) experiment. The latter questions included a set of 15 questions with 7 Likert scale that
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measured Enjoyment of Competitiveness, Desire to Win, Development Competitiveness, and

Challenge Seeking.
1.5. Results

1.5.1. Gender Differences in Entry

Figure 1. Average Entry in Task 2 and Task 4 Human and Computer Auctions by Gender
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This section reports gender differences in entry decisions in Task 2 and Task 4, the human
and computer auctions with entry. The main hypotheses were that women enter competition at
lower rates than men, and that this gender difference is not explained by risk aversion, efforts in
competition, and behaviors in the computer control. Figure 1 shows average entry choice by
gender and task. In the human auction, 50% of women and 47% of men decide to enter, and this

difference is not statistically different (p-value = 0.72)2. In the computer auction, 57% of women

Unless specified, two-way statistical test p-values are from Mann Whitney U Test.
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and 49% of men decide to enter, and this difference is not statistically different (p-value = 0.31).
The within-gender difference is also not significant for women (p-value = 0.37) nor for men (p-
value = 0.86). Testing for possible order effects, there are no differences in entry whether
subjects encounter the human auction first (p-value = 0.59) or computer auction first (p-value =
0.83) for both women (p-value = 0.68; p-value = 0.93) and men (p-value = 0.71; p-value = 0.72).
These results suggests that there are no average differences in entry decisions for men and
women across the human and computer auctions. Next, we turn to regression analyses to account

for factors that may confound gender differences in entry decisions.

Table 1 reports Probit regressions of Task 2 human auction entry choice on gender and
other explanatory variables. Contrary to prior findings, I do not find any gender difference in
entry decisions. The lack of gender difference does not change when controlling for risk
preferences, efforts in prior competitions, and entry behaviors in the computer control. These
results align with more recent findings in the literature which show that women enter
tournaments as much as men when facing gender-neutral or female stereotypical tasks (Halladay

& Landsman, 2022).

Result 1: Hypothesis 1-1 and Hypothesis 1-2 is not supported. Women are not less likely to enter
stated-effort all-pay auction than men. This lack of gender differences is not explained by risk

aversion, efforts in prior auction, and entry into the computer control.
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Table 1. Probit Regressions of Task 2 Human Auction Entry Choice on Gender

Entry
@) 2 (©) “
Female 0.0912  0.276 0.133 0.0939
(0.211) (0.225)  (0.236) (0.241)
Player's risk tolerance 0.337%** 0.306***  (0.293**
(0.113)  (0.116) (0.120)
Effort in human auction 0.0596*** 0.0568***
(0.0165)  (0.0169)
Entry into computer auction 0.586%**
(0.225)
Observations 159 158 158 158
Pseudo R2 0.0499  0.0905 0.153 0.184

Controls: Treatment order, Majors, and Mistakes

Notes: The dependent variable is entry decision into the Task 2 human auction which equals 1 if the subject entered
and 0 otherwise. Female is a dummy variable that equals 1 if female and 0 otherwise. Player’s risk tolerance is
subject’s standardized risk tolerance measure constructed from the predicted value of subject’s gamble choice on the
survey assessment of risk. Effort in human auction is subject’s effort in Task 1 human auction. Entry into computer
auction is subject’s entry decision into Task 3 computer auction which equals 1 if the subject entered and 0
otherwise. Treatment order is a dummy variable that equals 1 if subject faced computer auctions first and 0
otherwise. Majors is a fixed effect with 6 categories (Arts, Business-Finance-Management, Nursing-Health, Public-
Social-Science, STEM, and Other). Mistakes is number of mistakes made in the instructions quiz. Table reports
coefficients from a Probit Regression; standard errors in parentheses *** p<00.01, ** p<0.05, * p<0.1.

Table 1 regression results confirm previous research and show that player’s risk
preferences are significantly correlated with entry decisions. The positive and significant
coefficient on the variable show that risk averse individuals are less likely to enter the auction.
Moreover, as predicted, efforts in human auction also increases entry, suggesting that individuals
with higher UW who spend more efforts in the competition are more likely to enter the

competition.

Entry into the computer control is highly and positively correlated with entry into human
auction. This result suggests that individuals who tend to enter a non-strategic game against
computers also tend to enter the strategic game, showing that factors unrelated to social

competition may have significant influence on entry decisions. Moreover, inclusion of the
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computer control does not change the influence of risk preference nor efforts on entry, indicating

that the computer control may capture additional factors that are not directly related risk nor UW.

Result 2: Hypothesis 1-3 is supported. Risk aversion decreases entry, efforts increase entry, and

computer control treatment is positively correlated with entry into all-pay auction.

My tournament entry game with stated-effort task do not find any gender differences in
entry. These results suggest that prior findings of gender differences in entry may pertain to
competitions with real-effort tasks, especially those involving math. In this experiment where
subjects’ effort and cost functions are made known and held constant, women and men are
equally likely to enter the competition. Risk preferences, efforts in auctions, and behaviors in
computer auctions are found to be important explanatory factors for competitive entry decisions
independently of gender. These findings add to prior literature showing that gender differences in

preference for competition, or EC, may be smaller than previously suggested.

1.5.2. Gender Differences in Efforts

This section reports gender differences in efforts in Task 1 and Task 3 human and
computer auctions without entry. Figure 2 depicts the average efforts by gender and task.
Women’s average effort in human auction is 11.10 and men’s is 8.95, and this difference is
statistically different (p-value = 0.04). In contrast, I do not find gender differences in efforts in
the computer control. Women’s average effort in the computer auction is 8.52 and men’s is 7.91
(p-value = 0.55). The within-gender difference across the treatment is significant for women (p-
value < 0.01) but not for men (p-value = 0.50). While I replicate prior results that women bid
significantly higher than men, they do so only against human opponents and not against

computers. These results suggest that women’s high bidding is driven by elements of social
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competition. In the regression analysis, I test whether gender differences can be further explained
by factors such as risk preferences, beliefs about others’ risk preferences, and experiences in

practice sessions.

Figure 2. Average Efforts in Task 1 and Task 3 Human and Computer Auctions by Gender
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The observed gender differences in human treatments are not attributable to selection
since these efforts are from Task 1 and Task 3 in which subjects were exogenously put into the
auction. I discuss efforts conditional on endogenous entry in Section 1.5.4. In testing the order
effect, for men, I find no differences in average efforts based on whether subjects enter the
human auction or computer auction first (p-value = 0.44; p-value 0.67). For women, no order
effect is found for the human auction (p-value = 0.30), but subjects who face the computer
auction first bids higher in the computer auction (p-value = 0.02). Hence, in my analysis, |

continue to include the treatment control to account for order effects influencing my analysis.
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Table 2 reports OLS regressions of efforts in the human auction on gender. These results
replicate previous findings that women bid significantly higher than men. Women’s high bidding
persist and becomes more significant as more control variables are included. Column 4 shows
that effort in the computer control is highly and positively predictive of effort in the human
auction. This result shows that individuals who behave aggressively in a non-strategic setting
also do so in a strategic setting, showing that factors unrelated to social competition have
significant influence on individual differences in bidding. Nonetheless, the female dummy

remains significant controlling for efforts in the computer control.

Result 3: Hypothesis 2-1 is not supported. Women bid higher than men and this difference is not

explained by behaviors in the computer control treatment.

As predicted by the model, player’s own risk tolerance does not influence effort
decisions. The model also predicts that opponent’s risk tolerance increases efforts. To test this, I
use subject responses from an incentivized question about their beliefs about their opponents’
choice in the risk task. Column 4 reveal that this variable is significantly and positively
correlated with effort, showing that players bid higher when they believe their subjects to be
more risk tolerant. Interestingly, this relationship is revealed only once controlling for behaviors
in the computer treatment. This result suggests that accounting for behavioral tendencies related

to the game mechanism may be important in revealing equilibrium behaviors in experiments.
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Table 2. OLS Regressions of Efforts in Task 1 Human Auction on Gender

Effort
M ) 3) (4) ()
Female 2.185%  2.539%* 2.473%*% 2306%* 2.113%*
(1.119)  (1.147) (1.148) (0.981) (0.982)
Player's risk tolerance 0.905  0.892 0.796 0.806*
(0.568) (0.568) (0.485) (0.482)
Beliefs about opp.'s risk tolerance 0.530 0.872*%*  (0.875**
(0.500) (0.430) (0.427)
Effort in computer auction 0.732%** (.710%**
(0.0983) (0.0986)
Opponent effort in practice session 0.290
(0.175)
Mistakes 2.391%** 2.223%*% 2.158**  0.964 0.945
(0.903) (0.904) (0.905) (0.790)  (0.785)
Observations 159 158 158 158 158
Adjusted R-squared 0.0440 0.0511 0.0519  0.308 0.316

Controls: Treatment and Majors

Notes: The dependent variable is efforts in Task 1 human auction. Female is a dummy variable that equals 1 if
female and 0 otherwise. Player’s risk tolerance is subject’s standardized risk tolerance measure constructed from the
predicted value of subject’s gamble choice on the survey assessment of risk. Beliefs about opp.’s risk tolerance is
subject’s belief about her opponent’s choice in the incentivized risk elicitation task which takes integer values from 1
to 5. Effort in computer auction is subject’s effort in Task 3 computer auction. Opponent effort in practice session is
the average of the five opponents’ efforts in the unincentivized practice session. Treatment is a dummy variable that
equals 1 if subject faced computer auctions first and 0 otherwise. Majors is a fixed effect with 6 categories (Arts,
Business-Finance-Management, Nursing-Health, Public-Social-Science, STEM, and Other). Mistakes is number of
mistakes made in the instructions quiz; Standard errors in parentheses *** p<00.01, ** p<0.05, * p<0.1.

Result 4: Hypothesis 2-3 is supported. Efforts increase with beliefs about opponent’s risk

tolerance but not own risk tolerance.

Subjects’ beliefs about opponent’s risk tolerance are correlated with their bidding
behavior but the female dummy remains positive and significant. To further explore how other
aspects of subjects’ beliefs may influence efforts, I incorporate experiences from the
unincentivized practice session in the analysis. In the practice session, subjects bid against five

randomly selected human opponents and, after each round, receive feedback about the auction
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outcomes and the opponent’s efforts. Since experiences and information gained from the practice
session may have shaped subjects’ beliefs about the opponent pool, Table 2 Column 5 includes a
variable for the average opponent efforts encountered in the practice session. However, this
variable is not significant in the regression and the female dummy remains positive and

significant.

Prior literature suggests that women’s high bidding may stem from confusion (Casari et
al., 2007). Regressions in Table 2 report that mistakes made in the instructions quiz are positively
and significantly associated with higher bids. This result shows that confusion can indeed lead to
higher bidding. However, in Column 4, once controlling for subject efforts in the computer-
control, the coefficient on mistakes becomes insignificant. This result shows that any confusion
about the auction mechanism is fully captured by behaviors in the computer-control as
hypothesized. However, women’s higher bidding is left unexplained, showing that confusion is

unlikely to be the driver of the gender differences in bids.

I replicate previous findings in auctions and contests literature that women spend
significantly higher efforts than men. In addition, I contribute by showing that women’s high
bidding is not explained by factors such as risk preferences, beliefs about opponents, bidding
behaviors in the computer control treatment, and mistakes. Importantly, contrary to the
hypothesis that women’s high bidding is driven by factors unrelated to competitiveness, women’s
efforts are higher than men’s only when there is an element of social competition. Contrary to the
hypotheses in Section 1.3, my results are consistent with predictions where women have a higher

UW than men.

While women are more likely to win in the human auction (p-value = 0.09) they do not

earn more than men in terms of monetary payoffs. In Task 1 human auction, women earn an
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average of $14.45 while men earn $15.22, and this difference is not statistically significant (p-
value = 0.19). In the computer auction, women do not win more than men (p-value = 0.20) and

do not earn more than men ($18.55 for women and 18.92 for men; p-value = 0.51).

1.5.3. Gender Differences in Zero Bids and Exiting

In this section, I test hypotheses for zero bids where individuals with higher UW is
expected to have lower probability of bidding zero. Based on findings from prior analysis, I test
whether women exhibit lower probability of bidding zero. Table 3 reports Probit regression
results of zero bidding in Task 1 human auction on gender. I find that women are significantly
less likely to place zero bids than men. Bidding zero efforts in the computer control is highly
correlated with bidding zero in the auction but does not explain the gender difference. In my
model with asymmetric UW, the probability that the player bids less than or equal to zero
decreases with UW. Women'’s higher average efforts and lower probability of bidding zero

together support the hypothesis that women have higher UW than men.

Result 4: Hypothesis 2-3 is not supported. Women bid higher than men and are less likely to bid
zero than men, showing a higher rather than lower UW. This gender difference is not explained

by choices in the computer control treatment.
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Table 3. Probit Regressions of Zero Bidding in Task 1 Human Auction on Gender

Zero bid
) 2 (©) 4
Female S1.513%%* J1 737F*F _1707FF* -1.476%*
(0.495)  (0.539) (0.540)  (0.585)
Player's risk tolerance -0.319**  -0.303* -0.412**
(0.163) (0.166)  (0.193)
Beliefs about opp.'s risk choice -0.0724  -0.298
(0.166)  (0.222)
Zero bidding in computer auction 2.987%**
(0.911)
Mistakes -0.0869  -0.0408  -0.0497  -0.143
(0.334)  (0.357) (0.366)  (0.445)
Observations 157 156 156 156
Pseudo R2 0.196 0.242 0.244 0.406

Controls: Treatment order and Majors

Notes: The dependent variable is zero bid decisions in Task 1 human auction which equals 1 if the subject bid zero
and 0 otherwise. Female is a dummy variable that equals 1 if female and 0 otherwise. Player’s risk tolerance is
subject’s standardized risk tolerance measure constructed from the predicted value of subject’s gamble choice on the
survey assessment of risk. Beliefs about opp.’s risk tolerance is subject’s belief about her opponent’s choice in the
incentivized risk elicitation task which takes integer values from 1 to 5. Zero bidding in computer auction is zero bid
decisions in Task 3 computer auction which equals 1 if the subject bid zero and 0 otherwise. Mistakes is number of
mistakes made in the instructions quiz. Treatment order is a dummy variable that equals 1 if subject faced computer
auctions first and 0 otherwise. Majors is a fixed effect with 6 categories (Arts, Business-Finance-Management,
Nursing-Health, Public-Social-Science, STEM, and Other). Table reports coefficients from a Probit Regression;
standard errors in parentheses *** p<00.01, ** p<0.05, * p<0.1.

The two-player all-pay auction predicts that bidder’s own risk preferences do not affect
their equilibrium bidding since subjects’ bidding function solely depends on the opponent’s
utility in mixed strategy. The analysis in Section 1.5.2. support these results and show that
subjects’ own risk tolerance does not affect subjects’ average effort levels. However, in terms of
zero bidding, I find that risk averse players are significantly more likely to bid zero. Risk
aversion has a significant effect where one standard deviation of risk increases the probability of

bidding zero by 3.6 percentage points.

Result 5: Player’s risk aversion increases the probability of bidding zero.
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In Task 1, there were no explicit entry and exit options and subjects were exogenously
placed into the auction. However, although bidding zero is part of the equilibrium support
conditional on entry, participants may have perceived bidding zero as an “exit” rather than a
strategic bid. In this case, risk-averse subjects may be more inclined to bid zero and exit rather
than participating in the risky auction at all. This formulation is made clear in Task 2 with
explicit entry and exit option. Although the monetary payoffs in Task 1 and Task 2 are chosen to
render the payoffs from exiting and bidding zero the same, the explicit entry/exit option clearly
alters participants’ behavior. Experimental results show that while only 8% of subjects bid zero
in Task 1 exogenous auction, 50% of subjects choose to exit when provided with the explicit

option in Task 2.

Result 6: Players choose to exit at higher rates with explicit exit option compared to bidding

Z€10.

I find that subjects are significantly more likely to choose to exit when explicitly given
the option, and no subjects who enter the auction choose to bid zero. While the payment for
exiting the auction is fixed at $20, the expected monetary payoff from entering and bidding $0 is
$20 + $10 X Pr (win). Under a purely monetary framework, it is therefore strictly better to
enter and bid zero. However, my model introduces a non-monetary component, Enjoyment of
Competition (EC), altering the expected utility from competition. Once a participant enters the
auction, they can experience utility or disutility from the competitive interaction. In the
theoretical framework, exiting the auction entirely avoids any competitive engagement and the
realization of EC, whereas entering and submitting a zero bid still entails the exposure to
competition. If subjects have sufficiently negative EC, opting out may outweigh the expected

gain from the chance of winning $10. Moreover, bidding zero may be associated its own
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psychological disutility. For example, subjects may associate bidding zero akin to surrender, as
they offer no effort while accepting a high likelihood of losing. This passive strategy may be

perceived as less desirable in competition than opting out.

1.5.4. Gender Differences in Efforts Conditional on Self-Selected Entry

Figure 3. Average Efforts in Human Auctions Conditional on Self-Selected Entry
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This section examines gender differences in effort among participants who self-select into
the human auction in Task 2. As noted in Section 1.5.1, 50% of women and 47% of men choose
to enter, and this difference is statistically not significant. Recall that the experiment follows
Niederle and Vesterlund (2007) where subjects who choose to enter compete against a randomly
selected opponent’s already submitted bid from Task 1. By fixing the opponent pool,
participants’ choices are unaffected by beliefs about who else might enter or the characteristics of
the self-selected opponents. This design thus helps to identify individual’s own competitiveness
as a prime factor that influences subjects’ decisions.
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Figure 3 plots average effort of subjects who chose to enter. As expected, since opponent
pool is held constant, there is no significant difference in average bids between Task 1 and Task 2
for either gender (p = 0.42 for women; p = 0.79 for men) conditional on self-selection. However,
a persistent gender gap is observed. Women’s average effort is 14.52 and men’s is 11.13 (p-value
=0.02). Table 4 regressions confirm these findings, showing that women continue to bid
significantly higher even after accounting for risk preferences and behavior in the computer-
control. As observed in Task 1, neither the average opponent’s effort during the practice session

nor mistakes in instructions quiz explain women’s higher bidding.

In the full-sample human auction of Task 1, mistakes are initially found to have a
significant positive effect on effort, as shown in Column 1 of Table 2. However, once effort in
the computer auction is controlled for, the coefficient on mistakes diminishes substantially and
loses statistical significance. This suggests that the effect of mistakes is fully mediated by
subjects’ general propensity to bid. In Task 2, where participants have the option to opt out, only
48% (77 out of 159) choose to enter, effectively halving the sample size. Among this self-
selected group, the coefficient on mistakes is not significantly different from zero, even before
controlling for computer auction effort. While the reduced sample size in Task 2 may limit
statistical power, the broader pattern holds. Table 4 column 1 shows that the coefficient on
mistakes is 0.54, and after controlling for computer auction effort, it drops to -0.00135, closely

mirroring the full mediation pattern observed in Task 1.
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Table 4. OLS Regressions of Task 2 Auction Effort on Gender

Effort decision
1) 2) A3)
Female 3.382%*%  2.640%* 2.568%*
(1.545) (1.238) (1.234)
Player's risk tolerance -0.0266 -0.432 -0.511
(0.801) (0.642) (0.642)
Effort in computer auction 0.756*** (.726***
(0.121)  (0.123)
Average opponent effort in practice session 0.271
(0.214)
Mistakes 0.541 -0.00135 0.0415
(1.071) (0.858)  (0.855)
Observations 77 77 77
Adjusted R-squared 0.0293  0.376 0.275

Controls: Treatment and Majors

Notes: The dependent variable is efforts in endogenous human auction. Female is a dummy variable that equals 1 if
female and 0 otherwise. Player’s risk tolerance is subject’s standardized risk tolerance measure constructed from the
predicted value of subject’s gamble choice on the survey assessment of risk. Effort in computer auction is subject’s
effort in the Task 3 computer auction. Opponent effort in practice session is the average of the five opponents’
efforts in the unincentivized practice session. Mistakes is number of mistakes made in the instructions quiz.
Treatment is a dummy variable that equals 1 if subject faced computer auctions first and 0 otherwise. Majors is a
fixed effect with 6 categories (Arts, Business-Finance-Management, Nursing-Health, Public-Social-Science, STEM,
and Other); Standard errors in parentheses *** p<00.01, ** p<0.05, * p<0.1.

Women’s higher bidding even among self-selected participants indicate that women are
likely to bid higher through strategic decision making rather than confusion. In this experiment,
participants were presented with a clear option to exit, enabling anyone uncertain about the rules
or their strategy to opt out and receive a sure payoff. Yet, these women choose to enter and
continue to expend higher effort to win, suggesting that they are motivated to enter and compete
in the auction. | posit that these entrants are likely well-informed about the auction mechanism
since they were required to pass a quiz about the instructions as well as participate in practice

rounds with feedback. Overall, these findings align with the hypothesis that women have a

40



higher UW once in the competition, regardless of whether they self-select into the auction or are

assigned to it exogenously.

Table 5. OLS Regressions of Re-coded Efforts in Task 2 Human Auction on Gender

Effort
1) () 3) 4
Female 2.130  3.032%* 2.955%* 2.677**
(1.296) (1.312) (1.264) (1.253)
Player's risk tolerance 2.427%** 2 352%*k* D 116%*
(0.906) (0.873)  (0.868)
Effort in computer auction 0.447%** (.423%%*
(0.126)  (0.125)
. . 2.757**
Entry into computer auction
(1.223)
Observations 159 158 158 158
Adjusted R-squared 0.00166 0.0413 0.111 0.135

Controls: Treatment, Majors, and Mistakes

Notes: The dependent variable is efforts in human auction where exit options are re-coded as zero bids. Female is a
dummy variable that equals 1 if female and 0 otherwise. Player’s risk tolerance is subject’s standardized risk
tolerance measure constructed from the predicted value of subject’s gamble choice on the survey assessment of risk.
Effort in computer auction is subject’s effort in Task 3 computer auction. Entry into computer auction is subject’s
entry decision into Task 3 computer auction which equals 1 if the subject entered and 0 otherwise. Treatment is a
dummy variable that equals 1 if subject faced computer auctions first and 0 otherwise. Majors is a fixed effect with 6
categories (Arts, Business-Finance-Management, Nursing-Health, Public-Social-Science, STEM, and Other).
Mistakes is number of mistakes made in the instructions quiz; Standard errors in parentheses *** p<00.01, **
p<0.05, * p<0.1.

Result 5: Women bid higher than men regardless of whether they self-selected into the auction or

are assigned to it exogenously, showing a higher UW.

Although bidding zero is within the equilibrium support, no subject chooses to enter the
auction and bid zero. This suggests that subjects are replacing zero bid with exiting so as to avoid
additional decision steps. To test whether zero bids as exits affects the gender differences in
average effort, I re-code the exit choices as zero bids and re-estimate the model. Table 5 reports

these results. As expected, effort and entry decisions in the computer auctions are significant
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predictors of the human treatment. Moreover, once exit is treated as zero bidding, risk aversion
becomes significantly associated with bids, confirming that more risk-averse individuals are
more likely to exit. However, women’s bids are still significantly higher, reinforcing the

hypothesis that women have a higher value of winning than men.

1.5.5. Behaviors in Computer Treatment

This section examines participants’ behavior in the computer-control treatment. Overall, I
do not find significant gender differences in computer auctions. Women’s (8.52) and men’s
(7.91) average bids are not statistically different in Task 3 exogenous auction (p-value = 0.55). In
Task 4, women’s (57%) and men’s (49%) entry rates are similar (p-value = 0.31). Conditional on
self-selection, women bid 12.26 on average and men bid 11.15, again showing no significant

gender difference (p-value = 0.36).

However, a puzzling pattern emerges in the computer control. As shown in Figure 4
screenshot of instructions, participants were explicitly told that the computer opponent’s bid
would be uniformly randomized between 0 and 10. This instruction renders making any bid
above 10 as irrational since player’s monetary payoff would be higher by just keeping the
endowment of 20. Nevertheless, a substantial proportion of both men and women make bids that

exceed 10.
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Figure 4. Instruction Page of Computer Auction

Task 4

You are paired with a computer opponent. There is an auction between the two of you.

The computer opponent makes a random bid between $0.00 and $10.00 in increments of $0.01 with equal probabilities.

Your decision

Please now decide your bid. Please answer to the 100th cent.

Table 6 shows the share of men and women who overbid in computer auctions, where
overbidding is defined as any bid higher or equal to 11. Although bidding marginally above 10
would have guaranteed a win, a significant fraction of both men and women overbid in both the
exogenous and endogenous computer auctions. There are no significant gender differences in this
irrational behavior. Notably, overbidding is higher in Task 4, where participants first choose
entry into the computer auction. Among those who decided to enter (52% of the sample), 33% of

men and 49% of women overbid.

Table 6. Share of Subjects Overbidding in Computer Auction by Gender

Male Female p-value

Overbidding in Task 3 exogenous computer auction 0.17 0.20 0.68
Overbidding in Task 4 endogenous computer auction 0.33 0.49 0.16
Overbidding in any computer auction 0.28 0.39 0.14
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One explanation of such overbidding is that participants were influenced by the
competitive atmosphere of the experiment and did not fully internalize that the computer
opponent’s bids are randomized between 0 and 10. A fter multiple rounds of practice auctions
against other human participants, the mindset of “beating an opponent” may have persisted
throughout the computer control. If this is the case, subjects who encountered the computer
auction later in the experiment would have been especially prone to the heightened competitive
inertia. Table 7 presents the results of means test across the order of treatments. I find no
significant differences in overbidding based on whether participants faced the human or
computer auction first, showing that the order of the treatments does not appear to influence the

tendency of irrational bidding in the computer auctions.

Table 7. Share of Subjects Overbidding in Computer Auction by Treatment

Human First Computer First p-value

Overbidding in Task 3 exogenous computer auction 0.18 0.19 0.85
Overbidding in Task 4 endogenous computer auction 0.40 0.45 0.70
Overbidding in any computer auction 0.32 0.35 0.77

Next, [ examine additional predictors of overbidding in Table 8 with a Probit regression.
The dependent variable equals 1 if the subject ever overbids in the computer control and 0
otherwise. The regression results indicate that inattention may play a significant role. Subjects
who make more mistakes on the instructions quiz are significantly more likely to overbid. While
subjects were required to correct their answers and pass the quiz before proceeding to the

incentivized portion of the auction experiment, this forced attention does not seem to last
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throughout the experiment. The result of overbidding in computer treatment despite clear
instructions highlights the importance of ensuring that subjects understand and internalizes the
rules and treatments across the tasks in conducting laboratory experiments with undergraduate

students.

Table 8. Probit Regressions of Overbidding in Computer Auction on Gender

Overbidding
(€)) 2 (€)) 3
Female 0.284 0.257 0.254 0.250
(0.217)  (0.220) (0.227) (0.228)
Treatment 0.0704 0.0134 0.0231 0.0365
(0.209)  (0.213) (0.217) (0.229)
Mistakes 0.457%*%  0.453%**% (. 452%%%*
(0.173) (0.174) (0.174)
Player's risk tolerance 0.0384 0.0386
(0.160) (0.160)
Opponent efforts in practice session 0.00709
(0.0394)
Observations 159 159 158 158
Pseudo R2 0.0220 0.0573 0.0558 0.0560

Controls: Majors

Notes: The dependent variable is a dummy variable of overbidding in computer treatment which equals 1 if the
subject ever bids above 11 in computer treatment and 0 otherwise. Female is a dummy variable that equals 1 if
female and 0 otherwise. Treatment is a dummy variable that equals 1 if subject faced computer auctions first and 0
otherwise. Mistakes is number of mistakes made in the instructions quiz. Player’s risk tolerance is subject’s
standardized risk tolerance measure constructed from the predicted value of subject’s gamble choice on the survey
assessment of risk. Opponent effort in practice session is the average of the five opponents’ efforts in the
unincentivized practice session. Majors is a fixed effect with 6 categories (Arts, Business-Finance-Management,
Nursing-Health, Public-Social-Science, STEM, and Other). Table reports coefficients from a Probit Regression;
standard errors in parentheses *** p<00.01, ** p<0.05, * p<0.1.

In Section 1.5.3, I found that efforts in the computer control is a strong predictor of
behaviors in the human auction. Moreover, behaviors in computer control fully explains the
effect of mistakes on efforts and even reveals behaviors consistent with mixed strategy

equilibrium with respect to risk preferences. These findings suggest that subject behaviors in the
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computer treatment may capture factors such as inattentiveness as well as possible non-rational
behaviors related to the auction mechanism that may hinder equilibrium play. Consistent with

prior work showing that impulsivity predicts overbidding (Breaban et al., 2020), my results also
reveal the importance of participant attention in laboratory experiments. Moreover, these results
indicate that within-subject treatment with computers may be an effective method to control for

unexplained behavioral tendencies that may be found in auction settings.

Despite the high instances of overbidding, women do not bid higher than men in
computer controls. By contrast, women’s average bids are significantly higher, and they overbid
more than men in the human auction. These patterns suggest that women’s aggressiveness only
emerges when there are social elements of competition, providing further support for the
hypothesis that non-monetary utility of winning may be an important driver of gender differences

1n auctions.

I further test the robustness of the main results by examining possible effects of confusion
and report them in Appendix B. Specifically, Table B1 reports gender differences in human
auction while excluding potentially confused subjects. Columns 1 and 2 exclude subjects who
overbid in the computer auction (i.e., bid over 11) and Columns 3 and 4 exclude those who made
any mistake on the instruction comprehension quiz. These restrictions reduce the sample sizes. In
Columns 1 and 2, 20% of female and 18% of male participants are excluded for overbidding, and
in Columns 3 and 4, 20% of females and 15% of males are excluded due to mistakes, resulting in

samples of 129 and 131, respectively, reduced from the full sample of 159.

My main findings of significant gender difference in human auctions and the role of
computer controls remain qualitatively consistent. The coefficient on the female dummy remains

positive and marginally significant, with p-values of 0.103 and 0.167 in Columns 2 and 4.
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Compared to Table 2, these weaker results suggest that gender differences in bidding may be
particularly pronounced among subjects who overbid or make mistakes. However, the reduction

in statistical significance may also reflect reduced power from smaller samples.

Columns 2 and 4 confirm that bidding behavior in the computer auction continues to
significantly predict bids in the human auction, showing that bidding tendencies persist even
among participants who appear more rational. Additionally, Column 1 shows that the number of
mistakes is associated with higher bids, even among those who did not overbid. However, this
effect disappears once effort in the computer auction is controlled for, indicating a full mediation

of mistakes through general bidding behavior.

I also conduct quantile regressions to examine gender differences in bidding behavior
across the distribution of bids in the Human Auction. These results are presented in Appendix B,
Table 2, where I report estimates at the 25th, 50th, and 75th percentiles. The results are
qualitatively consistent with the main findings, particularly at the upper end of the bid
distribution. In Column 6, the female coefficient at the 75th percentile is positive and marginally
significant (p <0.10), suggesting that women bid significantly higher than men in the upper tail.
At the 25th and 50th percentiles, the female coefficient is initially significant but becomes

insignificant once controlling for effort in the computer auction.

These findings suggest that women tend to bid higher than men, with gender differences
particularly pronounced among high bidders. This pattern is consistent with labor market
observations showing that gender gaps decrease at the upper echelon of performance
distributions. For example, although women are underrepresented in STEM majors, they tend to

achieve higher academic performance than men when conditioning on STEM readiness (Card &
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Payne, 2021). Similarly, despite their low representation in executive roles, there is little

evidence of a gender pay gap among CEOs (Gupta et al., 2018).

1.5.6. Testing Mixed-Strategy Nash Equilibrium

Before making incentivized decisions, participants complete a short comprehension quiz
that test their understanding of the auction rules. Subjects only proceed to the next part if they
answer all questions correctly. They also bid in five practice rounds against other subjects with
full feedback to experience the competitive mechanism. Each subject then takes part in four
incentivized auction tasks with no feedback across rounds where pay-one-randomly payoff

mechanism is applied, ensuring that decisions are made in isolation and incentive compatible.

Although the chapter’s experimental design does not focus iterative play and equilibrium
convergence, mixed-strategy Nash equilibrium remains a natural theoretical benchmark to
examine subject behaviors. Under risk neutrality and zero non-monetary utility of winning, the

theoretical benchmark predicts a uniform distribution of bids over [0, 10]. Once we allow for a

positive non-monetary utility of winning, the equilibrium bidding strategies become Gy (e) = Vi
L
and G, (e) = @ (as outlined in Section 1.3.1), implying that high-valuation players
H

stochastically dominate low-valuation players (since Vy — V; is positive). One-sided
Kolmogorov—Smirnov (KS) tests show that both male and female bids deviate significantly from
uniformity on [0, 10] (p < 0.01 for each). Consistent with this prediction and hypothesis that
women have higher utility of winning, the left panel of Figure 5 (Human Auction) shows that
female bids first-order stochastically dominate male bids, with a marginally significant two-way

KS test (p = 0.092).
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Figure 5. CDF of Efforts in Human and Computer Auctions

T T T T
0 5 10 15 20
Human Auction Computer Auction

Male Female == == Male = === Female

In the computer auction (right panel of Figure 5), participants were explicitly told that the
computer’s bids are uniformly distributed. Although such information should in principle elicit
uniform bidding, Section 1.5.5 documents significant overbidding; indeed, both male and female

bid distributions still differ markedly from uniform using a one-sided KS test (p < 0.01 for each).

In mixed-strategy equilibrium, own risk preference does not affect bids, but an increase in
the opponent’s risk tolerance increases the first-order stochastic dominance of the player’s
bidding function and increases the average bids (Z. C. Chen et al., 2015). In Section 1.5.3, we
showed that own risk does not affect bids, but beliefs about opponent’s risk tolerance tend to
increase their bids. To further explore this, we classify subjects according to their own risk
choice and predictions of the opponent’s risk choice: a “Low” group (risk choice 1), a “Mid”

group (risk choice 2 or 3), and a “High” group (choice 4 or 5).
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Figure 6. CDF of Efforts in Human Auction by Own and Beliefs about Opponent's Risk Choice
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Figure 6 the left panel indicates little difference in the bidding distributions across the
three groups separated by own risk choices. The right panel based on beliefs about opponents’
risk shows some evidence that players who anticipate a high-risk opponent tend bid more. The
two-sided KS tests find no statistically significant differences across these grouped distributions.
Overall, our observations of distributions and patterns are broadly consistent with the predicted
stochastic ordering from the mixed-strategy equilibrium; however, the limited sample size after
splitting the total of 159 observations into gender and risk groups constrain the power of our

distributional tests.

1.6. Conclusion

This study provides fresh insights into gender differences in competitiveness by
examining both entry and effort decisions in a stated-effort tournament entry game. Contrary to
prior research that finds that women are less likely to enter competitions, my results reveal no
significant gender differences in entry decisions. However, once entered, women exert
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significantly higher efforts than men, but only when competing against human opponents, not
computer opponents. This gender effect persists even after controlling for risk preferences,
beliefs about opponents, mistakes, and majors. These findings are consistent with women having
higher competitiveness conditional on entry, but not at the entry stage, suggesting that gender
differences in competitiveness may be context-dependent and vary across different stages of

competition.

In my stated-effort experiment where performance related confounders are eliminated,
women and men enter the competition at equal rates. Independently of gender, I find that risk
preferences, efforts in competition, and behaviors in computer auctions are important
explanatory factors for entry decisions. Similar to prior experiments that use verbal tasks and
(Dreber et al., 2014; Shurchkov, 2012) and emotion recognition task (Halladay & Landsman,
2022), I find that women are equally likely to enter competition than men facing an abstract
auction task, suggesting that gender differences in preference for competition in terms of entry

may be context dependent and smaller than previously assumed.

This paper contributes by examining competitiveness in terms of efforts. Using a stated-
effort task, I directly observe subjects’ effort decisions while holding relative abilities constant
using an induced value method, which is difficult to achieve in real-effort settings. While
replicating prior contest literature that women spend higher efforts than men (Sheremeta, 2013), I
show that women bid higher only when competing against other humans and not computer
opponents. This result suggest that women’s high bidding may indeed be competitively driven

rather than related to other factors such as confusion.

Ambiguity aversion describes individuals’ tendency to prefer known probability

distributions over unknown probability distributions. While I suggest that women’s higher bids
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in Human auction and not Computer auction are driven by higher Utility of Winning, an
alternative explanation is that this observation reflects gender differences in response to
uncertainty. In the Human Auction, although subjects gain some experience with their opponents
during the practice session, the distribution of opponents’ bids is unknown. In contrast, the
Computer Auction presents a known and uniform bid distribution, characterizing the decision as

one under risk.

Recent experimental findings show that women may be more averse to ambiguity in
tournaments. Boosey et al. (2024), for example, find no gender gap in tournament entry in a real-
effort ball-catching task when performance noise is explicitly known to participants. However,
there is a significant gender gap in ambiguity treatments, where the distribution performance
noise is unknown, driven by the negative influence of ambiguity on entry for women.
Interestingly, in my experiment, I do not find gender difference in entry in both Human and
Computer auctions. My experimental environment using stated all-pay auction is distinct from
Boosey et al.’s (2024) in that subjects’ own performance is certain since subjects’ bids are not
affected by noise. The ambiguity in my Human auction pertains to the unknown distribution of
others’ performances, while in real-effort rank-order tournament setting, own performance is also

subject to risk and uncertainty.

In this experiment, while similar entry rates, women bid higher than men only in the
Human auction. One interpretation is that ambiguity averse women may bid more aggressively to
reduce uncertainty and ensure a winning outcome. However, existing research also shows that
women bid higher than men even when private value distributions are known (Casari et al.,
2007) and full feedback is provided (Hyndman et al., 2012). This chapter contributes to the

literature by showing that women do not bid higher than men against a computer with a known
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distribution and that women do not avoid uncertain environments more than men when facing an

all-pay auction.

Under the hypothesis that Utility of Winning differs by gender, we would expect the
bidding strategies of men and women to vary depending on beliefs about the opponent’s gender.
In this experiment, subjects were not told their opponent’s gender. Although participants may
have seen others in the waiting room, the gender composition of each session were maintained at
around 50% and physical partitions limited interaction while subjects’ opponents were
randomized. As a result, it is unlikely that participants formed strong beliefs about their
opponents’ identities. An interesting experimental extension would be to conduct same-gender
treatments, allowing for direct observation of how opponent gender influences bidding behavior

and entry decisions.

Applying a multidimensional approach to competitiveness, my model provides a flexible
framework that allows for divergence in competitiveness across different stages of the
competition. Bringing together the gender differences literature and auction literature, I show
results consistent with women’s higher utility of winning conditional entry, but not higher
enjoyment of competition. These asymmetric results of competitiveness may have important
economic implications. For example, women’s lower entry but higher efforts conditional on
entry may help explain why women do not enter STEM majors as much as men but attain higher
grades conditional on being STEM-ready (Card & Payne, 2021) or the absence of gender pay
gap at the CEO level despite women’s low representation (Gupta et al., 2018). Showing that
gender differences in competitiveness may differ across the different stages of the competition,
this study offers fresh insights into prior competitiveness literature that focused on gender

differences in entry decisions.
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Chapter II: Gender Differences in the Influence of Competitiveness on Individual and

Partner Incomes?

2.1. Introduction

A large and growing body of literature on gender differences in competitiveness has
primarily focused on the potential impact of the individual’s competitiveness on their own labor
market outcomes (Bertrand, 2011; Blau & Kahn, 2017; Buser et al., 2014, 2024; Niederle &
Vesterlund, 2007; Reuben et al., 2017). Yet, the possibility that an individual’s competitiveness
may also influence the labor market performance of their domestic partner remains largely

unexplored.

Becker’s (1973) seminal theory of marriage hypothesized that individual’s personal
characteristics can influence their partner’s labor market outcomes. In this theory, a couple’s
gains from marriage depends on the couple’s individual traits whether the trait is financial (like
income and property), genetical (like height and intelligence), or psychological (like
aggressiveness and tendency to nurture), which can affect nonmarket productivity as well as
market opportunities. Accordingly, we explore the potential influence of the individuals’

competitiveness on their own and their partner’s incomes.

To do this, we use a self-reported measure of competitiveness embedded within the Dutch
Longitudinal Internet Studies for the Social Sciences (LISS panel), a large representative survey
of the Dutch population that covers a rich set of individual and family characteristics. The
competitiveness survey was implemented in March 2017 by Buser, Niederle, and Oosterbeek’s

(2024) study of the association between individual competitiveness and contemporaneous

3 This chapter is co-authored with Dr. David Ong at the Jinan University-University of Birmingham Joint Institute.
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income. In this survey, participants were asked to rate their competitiveness by answering the
question, “How competitive do you consider yourself to be?” with an 11-point Likert scale.
Buser et al. report significant correlation between competitiveness and contemporaneous March

2017 income. We extend their study with the following key questions:

1. How does individual competitiveness influence future income after March 2017?

2. Does the competitiveness of one partner affect the future income of the other partner
within a household?

3. Are there gender differences in the effects of competitiveness on own and partner’s future

income?

By answering these questions, we aim to contribute to a more comprehensive understanding of
the role of competitiveness in shaping labor market outcomes, not just for individuals but also

within the context of households and across gender.

We examine the effect of competitiveness on future income in two ways. First, we
investigate the total effect by examining the association between competitiveness and future
income. Second, we use March 2017 income as a proxy variable to control for unobserved
heterogeneity in labor market ability. The use of lagged dependent variable, while less common
than the use of fixed effects or first differences, has the important advantage of not differencing
away individual’s competitiveness, which we regard as a time-invariant characteristic as

generally assumed by the literature and given the constraints of our data.

Including lagged income allows us to estimate the independent effect of competitiveness
on future income, conditional on individuals having similar past labor market outcomes. It also

helps address potential reverse causality that individuals with higher past earnings may be more
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likely to perceive themselves as competitive, potentially biasing self-reported measures. By
comparing results with and without the lagged income control, we gain a clearer understanding

of how competitiveness influences future labor market outcomes.

Regarding individuals’ own income, we show that competitiveness positively correlates
with future income, in line with Buser et al.’s findings with contemporaneous income. However,
we find nuanced outcomes across different relationship and gender groups. For single and
partnered women and partnered men, there is a significant and positive relationship between
competitiveness and future income; however, that association is fully mediated by the lagged
income control. For single men, competitiveness increases future income when the control is
introduced, suggesting that their competitiveness has an independent effect on future income

beyond what is expected by their past labor market outcomes.

For couples whom we have competitiveness and income information for both members of
the household, we find that women’s competitiveness is significantly and positively associated
with their male partner’s income conditional on his competitiveness. In contrast, men’s
competitiveness is not significantly associated with their female partner’s income. Once
controlling for the couple’s March 2017 income as a proxy for unobserved across-individual and
across-couple heterogeneity, we find that only women’s competitiveness remains significant and
positive in predicting men’s future income. A one standard deviation in women’s competitiveness

increases her partner’s future income by 2.1%.

Our results present significant gender differences in how competitiveness influences
partner’s income. Women’s competitiveness is positively associated with their male partner’s
income and independently increases the men’s future income conditional on the couple’s past

labor market outcomes. These results are consistent with competitive women matching with
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higher income men and exerting additional positive labor market influence. It is also possible
that competitive women are selecting men with higher income growth potential rather than
directly influencing the growth. However, our results suggest that such potential is not reflected
in men’s own competitiveness, but rather women’s competitiveness. In contrast, men’s

competitiveness is never correlated with women’s income.

We examined the most plausible potential channel through which women’s
competitiveness might increase only their male partner’s income within the Becker marriage
model framework: female specialization in household production, which would allow the men to
spend more time working, and thus, earn a higher income. The LISS dataset allows us to test for
the effect of competitiveness on reported work hours. An important limitation of this data is that
it is reported yearly rather than monthly. We find that single women’s and partnered men’s
competitiveness does increase their future work hours. However, crucially for explaining the
effect of women’s competitiveness on their partner’s income, women’s competitiveness does not

increase their male partner’s work hours?.

Our findings are robust across various conditions: averaging monthly income across the
years 2017 — 2021 or conducting yearly analysis, including or excluding of children, using 2017
or contemporaneous controls, allowing cohabitation status to vary annually or remain fixed for
all years, and including job types and risk preferences as additional controls. To our knowledge,

this is the first study the influence of competitiveness on partner’s future incomes.

4 We expect this lack of effect of women's competitiveness on men's work to be an upper bound among OECD countries. Part-time work, which

generally allows for greater flexibility in hours, is common in the Netherlands, even among men, who work part-time at twice the OECD average
(OECD 2022).
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This paper proceeds as follows. Section 2.2 reviews related literature. Section 2.3

describes the data. Section 2.4 reports the results. Section 2.5 concludes.

2.2. Related Literature

We employed a self-reported measure of competitive attitude introduced in a large
representative sample survey by Buser et al. (2024). In this survey, participants were asked to
rate their competitiveness by answering the question, “How competitive do you consider
yourself to be?”” using response from “not competitive at all” to “very competitive”. Buser et al.
(2024) show that this general competitiveness measure is a strong and consistent predictor of

income, occupation, completed level of education and field of study.

We extend Buser et al. (2024) by examining the predictiveness of individuals’ own
competitiveness on spousal labor market outcomes. First, we exploit the unique LISS data which
has competitiveness measure for both the female and male members of the household. Second,
we leverage the panel structure of the data and assess the association between competitiveness
and future income. Third, we employ a lagged income as a proxy variable of unobserved income-
earning ability and examine the effect of competitiveness on future income conditional on past
labor market success. Finally, we investigate how competitiveness relates to own and spousal
work hours, exploring potential mechanisms through which women’s competitiveness influences

spousal earnings.

Self-reported survey measures of competitiveness have been shown to predict outcomes
such as interest in entrepreneurship (Bonte & Piegeler, 2013) and managerial careers (Bonte et
al., 2017). These measures are build on the influential studies of Dohmen et al. (2011) on risk

preferences and Falk et al. (2022) on time and social preferences, which show that preferences
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derived from self-reported measures are strongly correlated with those derived from incentivized
experiments. Buser et al. (2024) also show that the survey measure of competitiveness is strongly

correlated with an online adaptation of the Niederle-Vesterlund (2007) competitiveness measure.

Large body of laboratory experiments study individual differences in competitiveness
using the Niederle & Vesterlund (2007) tournament entry design, which measures
competitiveness in terms of entry into incentivized real-effort tournaments. In these experiments,
women consistently exhibit lower competitiveness than men, as shown by their greater tendency
to opt out of competitions, especially when the competition is math oriented. The tournament
entry rates have been shown to predict participation in college entrance exams (Zhang, 2013),
enrollment in more challenging courses of study in high school (Buser et al., 2017), college
major choice (Buser et al., 2014), expectations of post-graduation earnings (Reuben et al., 2017),
and actual earnings for college graduates (Kamas & Preston, 2018), MBA graduates (Reuben et

al., 2019), homosexuals (Buser et al., 2018), and representative population (Buser et al., 2024).

However, as explored in Chapter 2 of this dissertation, the conditions under which gender
differences exists in these tournament entry environments is an on-going research question.
Experiments report reduced gender differences when the competition uses verbal tasks (Grosse et
al., 2010), when subjects are primed with professional rather than family-related identities
(Cadsby et al., 2013), among parents when prizes are vouchers for children’s books (Cassar et
al., 2016), in scenarios in which individuals compete against their own past performance
(Apicella et al., 2017), when participants choose competitive entry on behalf of others
(Fornwagner et al., 2023), when there is an option to share rewards with the losers (Cassar &

Rigdon, 2021), and in stereotypically female tasks (Halladay & Landsman, 2022).
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However, to our knowledge, these recent studies have not yet examined the relationship
between experimentally elicited competitiveness and subjects’ educational or labor market
outcomes. A key advantage of survey-based measures is their scalability and the ease of
implementation in large-scale socioeconomic surveys, requiring considerably less resources
compared to controlled incentivized experiments. A more detailed discussion of the relative
strengths and limitations of experimental and survey-based measures of competitiveness is

provided in Chapter 5, Discussion and Conclusion.

We contribute to this body of literature by showing that the survey measure of
competitiveness is a significant indicator of individual’s own income as well as the finical
outcomes of their spouses. We show that while women's competitiveness might not necessarily
be captured directly in their own labor market performance but be expressed in their domestic
male partner’s labor market performance. These findings are consistent with Becker’s (1973)
hypothesis that spousal personality characteristics affect gains from marriage. They also align
with the Family Investment Hypothesis, which show that credit-constrained immigrant
households adopt gendered investment strategies that prioritize the male partner’s career (Baker
& Benjamin, 1997). The association between women’s competitiveness and their spouse’s

income may serve as indirect evidence of such intra-household decision-making dynamics.

Gender differences in the domains where competitiveness is expressed align with
evolutionary theory, which suggests that women may compete differently and for different
resources than men, often shaped by reproductive processes (Cassar & Zhang, 2022). Many
studies show that women decrease labor market participation after marriage (Goldin, 2014) and
childbirth (Kleven et al., 2019; Lundborg et al., 2017). While the gender wage gap between

single men and women has largely disappeared in Western societies (Bertrand, 2011), both men
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and women anticipate the decrease in women’s labor market participation after marriage and

childbirth (Wiswall & Zafar, 2021).

Women’s anticipation of their loss of income may affect their marital search. The gender
differences in marital search patterns in terms of income and education are consistent with such
anticipation. Field experiments with randomly assigned education and income levels have shown
that women’s search intensity for men on online dating websites increases with the men’s
reported educational attainment (Neyt et al., 2019; Ong, 2016) and income. In the case of
income, women search specifically for men who have a higher income than themselves (Ong &
Wang, 2015). Such a search pattern would be expected if the women were attempting to find a
spouse who can compensate them for their labor market opportunity costs from specialization in
household production (Ong et al., 2020). Consistent with the possible disappointment from
failing to do so, there is evidence of a higher level of marital dissatisfaction and a greater
likelihood of divorce if the wife outearns her husband (Bertrand et al., 2015; Foster & Stratton,
2020). By contrast, and as if in anticipation of their breadwinning role and their spouse’s
hypergamous mate preferences, men evince either a weaker preference for a high-income mate

(Hitsch et al., 2010) or indifference to mate income (Ong & Wang, 2015).

We add to the scant literature that examine the effect of psychological trait on spousal
labor market outcomes. Solomon and Jackson (2014) find that spousal conscientiousness is
positively correlated with earnings, the probability of being promoted, and job satisfaction.
Averett et al. (2021) extend this literature and find gender differences where wife’s
conscientiousness increases her husband’s earnings while there is little consistent effect of

husband’s personality on his wife’s earnings. We contribute by showing similar gender
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asymmetry where women’s competitiveness influences her partner’s income, but men’s

competitiveness does not.

2.3. Data and Descriptive Statistics

Our data is from the Dutch Longitudinal Internet Studies for the Social Sciences or the
LISS panel, which has been an ongoing online household survey since 2007. It is based on a true
probability sample of households drawn from the population register by Statistics Netherlands.
The panel consists of three types of surveys: monthly background survey, core survey, and
researcher-run survey. The monthly background survey is intended to ensure that important
general characteristics of the LISS panel households remain up to date. This survey consists of
30 variables including marital status, cohabiting situation, monthly income, the highest level of
education divided into five categories (Other/Not yet started; Primary school; Pre-vocational
education; Higher secondary education, Vocational education, College/University), and the
number of children living in the household who are either children of the household head or
his/her partner. The core survey is conducted yearly and covers a large range of topics including
work, schooling, family, leisure, and personality. Lastly, researchers can apply to run surveys and

incentivized experiments, which can be linked to the panel.

We first restrict the sample to the 5,268 individuals or approximately 70% of the entire
panel who answered the competitiveness survey in March 2017. Our data on the income and
other characteristics of the individuals extend until January 2021. We drop subjects who are
household members but not a household head, wedded partner, or unwedded partner. We also
drop subjects if they are older than 65 in March 2017 and younger than 21 in March 2017. This

leaves us with 3,175 individuals (1,444 males and 1,731 females).
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We use a variable “domestic situation” to divide our sample into single and couple
groups. As our interest is in the influence of individuals’ competitiveness on their domestic
partners with whom they enjoy public goods and a shared income, we define singles and couples
based on their domestic situation rather than marital status. This variable has five categories:
Single, Single with child(ren), (Un)married co-habitation without child(ren), (Un)married co-
habitation with child(ren), and Other. We exclude the observations that report Other and
categorize individuals into singles and couples based on the cohabitation status. For a given year,
we create a relationship status variable using the observation in March of that year. Based on the
March 2017 survey, 851 (27%; 369 male and 482 female) were single and 2,324 (73%; 1,075

male and 1,249 female) were partnered?.

Singles and couples might have changed their monthly cohabitation status throughout
2017 to 2021. We categorize individuals based on whether they ever changed their cohabitation
status, at least once in any month in any year during this period. Across the months of March
2017 to January 2021, 754 individuals (89%) always remained single, while 2,261 individuals
(97%) always remained partnered. Within a year, an average of 3.5% of singles and 0.75% of
couples changed their cohabitation status. Among the men and women who maintained a
constant cohabitation status, we also checked whether their partners remained the same
throughout the years using the yearly Family and Household LISS Core Study survey. Between
2017 to 2021, three women and one man reported changing their partners. Consequently, we

drop these subjects for the couples’ analysis.

> We also conduct our main analysis restricting the sample to married couples and report them in Appendix B Table B4. Despite sample size
reduction of around 20%, our results remain qualitatively consistent.
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In our analyses, we employ two distinct sampling approaches. First, when we conduct
yearly regressions, we average monthly incomes within each year and use the entire sample of
singles or couples for that specific year. The number of subjects vary across the years as some
subjects vary their cohabitation status, although it is a small percentage (3.5% of singles and
0.75% of couples). Second, we also conduct aggregate regressions where we average monthly
incomes across all months and years. In this analysis, we utilize a "boundary sample" which
comprises individuals who’s single or couple status remained constant from March 2017 to
January 2021. Importantly, our findings remain consistent regardless of whether we use the
entire sample for a year or the boundary sample. Descriptive statistics of the boundary sample

are provided in the paper. Those for the yearly sample are available upon request.

The primary variable of interest in our study is the total pre-tax gross monthly income
that comes from the background survey. We adjust the reported nominal incomes to reflect real
2017 average monthly incomes by applying a discount based on the annual inflation rate for the
Netherlands. We also winsorized income at the 2 and 98 percentage levels to remove the
influence of outliers. After winsorization, from year 2017 to 2021, no men report having zero

income. Each year, between 11% to 12% of females report having zero income.

We have two main dependent variables for income. First, we construct the “yearly
average monthly income” variable by averaging the monthly income for a given year. Second,
we construct an “aggregate average monthly income” variable by averaging the monthly income
for all months and years. We use observations from April 2017 to January 2021 as we are most

interested in how competitiveness, which was measured in March 2017, affects future income.

Our total sample consists of 3,175 (1,444 male and 1,731 female) subjects for whom we

have competitiveness variable for which was measured in 2017. In terms of income information,
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we have missing values each year. This number increases from 5% (5.9% male and 5.3% female)
in year 2017 to 15% (15.7% male and 15.1 female) in 2019 to 23% (22% male and 24% female)
in 2021. When we conduct yearly regressions using the “yearly average monthly income”
variable, these missing observations are omitted for each year, which results in year-specific
number of observations. When we conduct aggregate regressions, subjects who have missing
income in any year is dropped while constructing the “aggregate average monthly income”
variable as described above. This restricted sample consist of 2,270 (1,047 male and 1,223

female) individuals, for whom we have salary information for all years from 2017-2021.

The work hours variable is from the “Work and Schooling” module of the core survey
and measures the average work hours per week at the primary job. This survey is conducted once
a year from 2017 to 2021. When respondents report zero income for the whole year, we assume
they had zero work hours. No men report having zero income and between 11% to 12% of
females report having zero income each year. We construct a “full-time” variable based on
Netherlands’s work regulations, which equals 1 when the respondent’s work hours are more than
36 hours per week and 0 otherwise. On average across the years from 2017 to 2021, 24% of
single women, 39% of partnered women, 19% of single men, and 19% of partnered men work

part-time.

The competitiveness and risk variables are from the researcher-run survey by Buser et al.
conducted in March 2017. In this survey, participants were asked to rate their competitiveness by
answering the question, “How competitive do you consider yourself to be?” on an 11-point scale
where the value 0 means ‘not competitive at all” and the value 10 means ‘very competitive’.
Additionally, participants were asked to rate their own risk tolerance by answering the question,

“How do you see yourself: Are you a person who is generally willing to take risks, or do you try

65



to avoid taking risks?”, using an 11-point scale (0 = “not at all willing to take risk” to 10 = “very
willing to take risk”). These variables are standardized when used in regressions for ease of

analysis.

Table 1 presents summary statistics categorized by gender and relationship status. These
statistics largely align with expectations, including the relative levels of competitiveness.
Partnered men have the highest average monthly income at €3,603, followed by single men at
€2,982. Single women earn €2,327 and partnered women earn €1,741. To align our analysis with
Buser et al.’s (2021) specification and facilitate comparability, we use a linear income model®.
Partnered men have the highest competitiveness (6.7), followed by single men (6.3), single
women (6.0), and partnered women (5.9). On average, men tend to be more competitive than
women (p-value 0.00) regardless of cohabitation status. Among men, partnered men are more

competitive than single men (p-value 0.01).

The statistics pertaining to couples, for which we have data for both members for the
same periods, are very similar to those in Table 9 and can be found in Table B3 in the Appendix
B. In our analysis, we focus on heterosexual couples, which includes 680 men and women. The
within-couple correlation in their competitiveness is low at 0.06 for married couples and 0.22 for
unmarried cohabiting couples. The correlation between the couple’s incomes is also low at 0.07

in March 2017 and 0.10 on average across the years 2017 to 2021.

: In Appendix Table B6, we report the results from an inverse hyperbolic sine specification of the main regression to adjust for possible
heteroskedasticity from a skewed distribution of income. We find stronger results of the effect of men’s competitiveness on their own income, but
our main results of gender asymmetry in the effect of own competitiveness on spousal income do not change.
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Table 9. Summary Statistics by Gender and Relationship Status

Single female

Partnered female

Single male

Partnered male

Obs. Mean S.d. Obs.  Mean S.d. Obs. Mean S.d. Obs. Mean S.d.
Age 428 4644 1288 1,216 47.70 1141 326 46.61 1222 1,045 49.11 10.9
Education 428  4.07 1.20 1,216 3.94 1.23 326 4.04 1.31 1,045 4.12 1.16
March 2017 Income (€) 409 2,136 1,184 1,143 1,588 1,279 306 2,731 1,637 979 3,369 1,57
Real average monthly income (€) 299 2,327 1,163 931 1,741 1,319 233 2982 1,533 818 3,603 1,61
Average work hours 140 2790 10.13 561 19.37 14.07 135 34.60 10.02 496 3498 10.8
Children living in household 428 0.39 0.79 1,216  1.06 1.16 326 0.11 0.42 1,045 1.08 1.14
Competitiveness 428 5.98 2.01 1,216  5.88 2.08 326  6.28 206 1,045 6.66 1.88
Risk tolerance 424  5.01 2.08 1,212 4.84 2.00 325 5.64 2.02 1,043 5.64 2.02

Notes: Panels are divided by gender and single/couple status in March 2017. Partner (single) status indicates that the respondent has (does not have) a

cohabitating partner regardless of marital status. Age is the average age of subjects across the years from March 2017 to January 2021. Education is measured as

the highest level of education achieved with 5 categories (Other/Not yet started; Primary school; Pre-vocational education; Higher secondary education,

Vocational education, College/University). Real average future monthly income has 2017 as the base year and averaged across April 2017 to January 2021).
Average work hours are measured in hours per week and averaged across year 2017 to 2021. Children in household is the average number of living-at-home
children who are either children of the household head or his/her partner. Competitiveness is measured with a self-reported response to the question, “How

competitive do you consider yourself to be?” from 0 (not competitive at all) to 10 (Very competitive). Risk tolerance is measured with a self-reported response to

the question, “How do you see yourself: Are you a person who is generally willing to take risks, or do you try to avoid taking risks?” from 0 (not at all willing to

take risks) to 10 (very willing to take risks).
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2.4. Results

2.4.1. Individual’s Competitiveness and Income

We estimate the association between competitiveness and average monthly income for

each subject using the following equation:

Y, = Bo + B1Ci2017 + BaRizo17 + BaXizors + & (11)

5
Yy=0Yiz2017+y

where i=individual man or woman, Y, = .

= {’s average monthly income from April

2017 — January 2021, C; 50917=i’s competitiveness in March 2017, R; 5917 =i’s risk tolerance in
March 2017, and X; 5,7 are other controls for i in 2017. Other controls include age, educational
attainment, relationship status, and the number of children. To examine the effect of March 2017
competitiveness on future income, we use only the March 2017 responses of the controls, rather
than future values. This approach ensures that we capture the total effect of competitiveness,
allowing for the indirect effects it may have on controls, future educational attainment for
example, which could in turn influence income. However, our results remain qualitatively
identical even when we use controls that are contemporaneous with future income. These results

are available on request.

In Table 10, we examine the heterogeneity in the association between competitiveness
and income across gender and relationship status. We present three panels of regression results in
one table for ease of comparison. Panel A reports the association between competitiveness and
contemporaneous income (March 2017). Panel B estimates Equation (11) which relates the

competitiveness to future (April 2017 — January 2021) average income.
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Table 10. OLS Regressions of Income on Competitiveness by Gender and Relationship Status

Average monthly income (€)

Single female Partnered female Single male Partnered male
(@) () 3) 4
Panel A. March 2017 income
Competitiveness 154.9%%* 117.4%%%* -27.16 190.9%**
(60.01) (37.05) (88.85) (51.19)
N 405 1,139 305 977
Adjusted R-squared 0.121 0.204 0.203 0.157
Panel B. Average monthly income (April 2017 — Jan 2021)
Competitiveness 197.1%%* 96.17** 124.0 232.5%%*
(67.43) (41.04) (93.74) (57.40)
N 298 928 233 817
Adjusted R-squared 0.162 0.237 0.227 0.189
Panel C. Average monthly income (April 2017 — Jan 2021)
Competitiveness 45.48 6.400 89.52%* 36.56
(30.09) (18.72) (42.03) (22.70)
March 2017 income 0.862%** 0.903%** 0.840%** 0.920%**
(0.0252) (0.0152) (0.0284) (0.0138)
N 297 926 232 815
Adjusted R-squared 0.836 0.844 0.845 0.876

Controls: Age, Education, Risk tolerance, Marital status, and Children.
Notes: The dependent variable of Panel A is the average monthly income for March 2017 and Panel B is the average
monthly income across April 2017 to January 2021. Columns 1, 2, 3, and 4 use observations from single females,
partnered females, single males, and partnered males, respectively. Each sample is restricted to those who do not
change their relationship status from March 2017 to January 2021. Couple (single) status indicates that the
respondent has (does not have) a cohabitating partner regardless of marital status. Competitiveness is measured with
a self-reported response to the question, “How competitive do you consider yourself to be?” from 0 (not competitive
at all) to 10 (Very competitive). Risk tolerance is measured with a self-reported response to the question, “How do
you see yourself: Are you a person who is generally willing to take risks, or do you try to avoid taking risks?” from
0 (not at all willing to take risks) to 10 (very willing to take risks). Competitiveness and Risk are standardized to
have a mean of zero and a standard deviation of one. All control variables are measured in March 2017 or before.
Education is divided into 5 categories (Other/Not yet started; Primary school; Pre-vocational education; Higher
secondary education, Vocational education, College/University) and is based on the 2017 response. The omitted
Education category in the regression is Other/Not yet started. Marital status is measured with 5 categories (Married,
Separated, Divorced, Widow or Widower, and Never married) and is based on the 2017 response. The omitted
Marital status in the regression is Married. Children is the number of living-at-home children who are either children
of the household head or his/her partner. Regressions are estimated using OLS. Standard errors in parentheses; ***
p<0.001, ** p<0.05, * p<0.1.
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Panel C assesses future average income while controlling for March 2017 income, which serves
as a proxy for unobserved heterogeneity. The third analysis allows us to isolate the effect of
competitiveness on future income beyond its correlation through current earnings. The
observations are based on the boundary sample, which includes only individuals with a constant

relationship status across all years.

Table 10 breaks down regression results by gender and relationship status. Columns (1)
and (2) reports results for single and partnered women and columns (3) and (4) reports for single
and partnered men. In Panel A we first show how competitiveness measured in March 2017
associates with their contemporaneous income in March 2017. We find that competitiveness is
significantly correlated with income for single and partnered women and partnered men, but not
single men. It is important to note that Buser et al. reports their association results for March
2017 income in Table 3 of their paper, but they do not report results separated by relationship
status or gender. In their Panel 1 column (5), Buser et al. report competitiveness coefficient of
74.1, controlling for gender, age, and education level. In comparison, our study shows
coefficients of 154.9, 117.4, -27.16, and 190.9 for single female, partnered female, single male,
and partnered male respectively. Our results highlight the significance of considering the impact

of relationship status and gender when assessing the influence of competitiveness on income.

In Panel B columns (1), (2), and (4), the data shows significant associations between
competitiveness and future average monthly income (from April 2017 to January 2021) for
single and partnered women, as well as partnered men. The estimate is less precise for single
men as shown in column (3) with a large coefticient of €124.0, which is statistically
indistinguishable from zero with large standard errors. A one standard deviation increase in

competitiveness corresponds to an 8.2% increase in income for single women, equivalent to
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€197.1 out of €2,136. For partnered women, an increase in competitiveness is linked to a 7.5%
income boost, equivalent to €96.17 out of €1,588. In the case of single men, a one standard
deviation increase in competitiveness increases income by 5.1%, €124.0 out of €2,731. For
partnered men, the increase is associated with a 6.9% income increase, or €232.5 out of €3,369.
The results in Panel A and B show that competitiveness is significantly and positively associated

with current and future income.

In Panel C, we further refine our model to attempt at deriving causal effects of
competitiveness on future income. A common strategy for addressing unobserved heterogeneity
in panel data involves first differences and fixed effects methods. However, this method is not
suitable in our context and data availability. Consistent with the broader literature on
competitiveness, we treat competitiveness as a fixed characteristic within our four-year time
frame. As a result, applying fixed effects or first differences would eliminate the effect of this
time invariant characteristic. Additionally, in our study, competitiveness is only measured once,
limiting the feasibility of individual fixed effects. While random effects regression could, in
principle, estimate the effect of the time-invariant variable, this approach assumes that
unobserved individual characteristics are uncorrelated with the existing explanatory variables.
Since our objective is to further reduce possible unobserved heterogeneity, this assumption
contradicts our goal. Nonetheless, to assess the validity of the random effects model, we conduct
a Hausman test, which evaluates whether individual errors are correlated with the regressors. Our
specifications outlined in Equation (11) fails this test across all gender and relationship status

groups (p-value < 0.01), providing evidence of omitted variable bias in our regression.

Hence, we turn to the method of using a lagged dependent variable as a proxy variable,

which is a well-established method of controlling for unobserved factors (See chapter 9.2 of
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Wooldridge (2020)). A cross-sectional analysis with lagged dependent variable provides a simple
way to account for historical factors that can cause differences in future outcomes. For example,
in our analysis, labor market ability explains past and future income. In addition, individuals
with past labor market success may respond to the survey as having a higher competitiveness. In
this case, the unobserved labor market ability is correlated with competitiveness through past
income, which results in a biased estimator. Thus, including the lagged income as a proxy helps
examine the effect of competitiveness on future income conditional on individuals having the

same past labor market outcomes.

In Equation (12), we estimate the relationship between competitiveness and average

future monthly income while controlling for the lagged (contemporaneous) income:

Y, = Bo + B1Yi2017+ B2Ciz2017 + B3Rizo17 + BaXizo17 + & (12)

where Y; 5017 1s i’s March 2017 income, and the other variables are as defined in Equation (11).
Including this lagged control mitigates the omitted variable bias by capturing individual
differences in prior labor market performance. However, as shown in Panel A, competitiveness
also strongly predicts March 2017 income, opening for the possibility that the lagged control
absorbs much of the variation in future income attributable to competitiveness. Consequently,
while this specification provides a stricter test of the causal effect of competitiveness on future
income, it may result in over-control, producing a non-significant coefficient. Hence a null result
does not necessarily imply that competitiveness exerts no influence on future income; rather, it
suggests that much of its effect likely operates through a channel that can be expected by past
labor market outcomes. Accordingly, Panel B illustrates the total effect of competitiveness on

future income, whereas the Panel C reflects only the residual effect beyond what is already
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accounted for through prior income. Hence, we examine the differences in regression results
across the three panels to gain a comprehensive perspective on how competitiveness influences

labor market outcomes.

In Panel C, we find that the associations between competitiveness and future income
become insignificant for single and partnered females and partnered male. Instead, what stands
out is the significance of single men’s competitiveness (p<0.01). These results suggest that single
men’s competitiveness has independent effect on future income beyond what is predicted by the
past labor market success. A standard deviation increases in competitiveness results in a €89.52

(3.1%) increase in future income for single men.

These results provide fresh insights into how competitiveness influences future income.
In line with Buser’s earlier findings, we find that competitiveness positively correlates with
current and future income. However, we find nuanced outcomes across different relationship
statuses and genders. For single and partnered women and partnered men, there is strong
relationship between competitiveness and future income, but that association is fully mediated by
its effect on current income. For single men, competitiveness only correlates with future income
and independently increase earnings through channels beyond what is captured in the current
labor market outcomes. This divergence suggests that the pathways through which

competitiveness translates into economic gains may differ by gender and relationship status.

In summary,

Observation 1: Individuals’ competitiveness is positively associated with future income. For

single and partnered women and partnered men, this association is fully explained by its effect

73



on current income. For single men, competitiveness has an independent effect on future income

beyond what is reflected in the current income.

2.4.2. Couple’s Competitiveness and Income

To test the influence of competitiveness on partner’s income, we now restrict the data to
the 680 couples for whom we have income and competitiveness information for both members of
the household. Our main research question is to test whether individual’s competitiveness is
associated with their partner’s income controlling for their own income and characteristics. We

add j=i’s male or female partner’s characteristics to Equation (11) and estimate:

Yi,2017+y = ﬁO + 18161',2017 + ﬁZCj,2017 + B3Ri,2017 + B4Rj,2017 + :85Xi,2017 +

.36Xj,2017 + & (13)

in Table 3 Panels A and B. In this table, we present yearly regressions to illustrate the consistency
of our results across the individual years. Column (1) reports the results where the dependent
variable is the March 2017 income. Columns (2) to (6) report the result for where the dependent
variable is future (April 2017 — January 2021) average monthly income. To further validate these
results, we also conduct aggregate monthly income regressions that averages incomes across all
months and throughout 2017 to 2021. These results are displayed in Table B5 Panel A in

Appendix B.

Panel A in Table 11 demonstrates that partnered men’s average monthly income is
positively associated with both their own and their partner’s competitiveness. In 2019, for
example, a one standard deviation increase in the men’s competitiveness is associated with an
increase in their own income of €268.5, which is approximately 8.3% of €3,232. A comparable

one standard deviation increase in his partner’s competitiveness is associated with an increase of
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€238.1, approximately 7.3% in the men’s income. Notably, women’s competitiveness exerts an
additional influence above and beyond men’s competitiveness, and the magnitude of the
coefficients for men’s and women’s competitiveness is quite similar. This positive association
between women’s competitiveness and men’s income is consistent with the explanation that
competitive women match with high-income men or vice versa and/or women’s competitiveness

having a positive influence on men’s future income.

By contrast, Panel B in Table11 reveals that partnered women’s average monthly income
is only associated with the women’s own competitiveness, not with their partner’s. The
coefficients representing the influence of their male partner's competitiveness on their income are
not only associated with large standard errors but are also close to zero. The lack of association
suggests that competitive men do not systematically pair with high-earning women (or vice
versa). This stands in contrast to the findings for men’s incomes, highlighting to a gender

asymmetry in how competitiveness predicts earnings within partnered households.

Observation 2: Women’s competitiveness is positively associated with their male partner’s
income, but men’s competitiveness is not associated with their female partner’s income. These
results highlight a gender asymmetry in how competitiveness predicts earnings within partnered

households.
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Table 11. OLS Regressions of Partnered Men’s and Women’s Income on Competitiveness

Average monthly income (€)

March  April 2017 2018 2019 2020 2021
2017  —Dec 2017
(@) 2) 3) “4) (%) (6)
Panel A. partnered men’s income (N = 595; Adj. R-squared = 0.17)
Men’s competitiveness 194.2%%%  199,9%**  2(5.3%** D68.5%¥** 266.5*** 223 (0%**
(63.25) (62.77) (64.82)  (67.77)  (69.46) (71.12)
Women’s competitiveness 182.1%%* 194 3*** D34 S¥**  D3IQ JH*** 24D 3***k  D66.3%***

(63.15)  (62.78)  (65.11)  (68.44)  (70.05)  (70.83)

Panel B. Partnered women’s income (N = 609; Adj. R-squared ~ 0.24)

Men’s competitiveness 61.71 54.19 7.678 8.610 6.275 1.154
(50.20) (49.89) (51.68) (54.59) (58.19) (61.67)
Women’s competitiveness 136.0%**  101.3%* 137.6***  136.7** 160.1%** 149 5%*

(50.68)  (50.16)  (52.03)  (54.93) (58.13)  (60.89)

Panel C. Partnered men’s income controlling for March 2017 income (N = 580; Adj. R-squared = 0.82)

Men’s competitiveness 7.621 12.33 57.74 64.10* 39.91
(13.09) (25.72)  (35.14) (38.31) (42.44)
Women’s competitiveness 18.25 54.10%* 64.22%  79.33*%*  104.9%*
(13.18) (25.85) (3549) (38.09) (42.36)
Men’s March 2017 Income 0.974%**  (0.941%** (.898*** (.887*** (.845%**
(0.00836)  (0.0163) (0.0224) (0.0245) (0.0267)
Women’s March 2017 Income 0.000878 0.0200 0.0442  0.0752**  0.0571*

(0.0104)  (0.0205) (0.0285) (0.0311)  (0.0340)

Panel D. Partnered women’s income controlling for March 2017 income (N =~ 583; Adj. R-squared = 0.81)

Men’s competitiveness -1.552 -34.63 -19.57 -16.73 -13.31
(13.84) (24.05)  (28.10) (34.01) (38.58)
Women’s competitiveness -26.53* 14.95 19.06 49.48 54.37
(13.94) (24.18)  (28.22) (34.01) (38.23)
Men’s March 2017 Income -0.000412  -0.00405 -0.0221  -0.0275  -0.0335
(0.00884)  (0.0152) (0.0178) (0.0215) (0.0241)
Women’s March 2017 Income 0.957%**  (0.903*** (0.910%** (.899*** (.890***

(0.0110)  (0.0191) (0.0226) (0.0274)  (0.0306)

Controls: Men’s age, Men’s education, Men’s risk tolerance, Women’s age, Women’s education,
Women'’s risk tolerance, Marital status, and Children.

Notes: The dependent variable is the average monthly income in each year measured in Euros. The corresponding year for each
regression is indicated in the second to the top row. Control variables are indicated in the bottom row. Competitiveness is
measured with a self-reported response to the question, “How competitive do you consider yourself to be?”” from 0 (not
competitive at all) to 10 (Very competitive). Risk tolerance is measured with a self-reported response to the question, “How do
you see yourself: Are you a person who is generally willing to take risks, or do you try to avoid taking risks?” from 0 (not at all
willing to take risks) to 10 (very willing to take risks). Competitiveness and Risk are standardized to have a mean of zero and a
standard deviation of one. All control variables are measured in March 2017 or before. Education is divided into 5 categories
(Other/Not yet started; Primary school; Pre-vocational education; Higher secondary education, Vocational education,
College/University). The omitted Education category in the regression is Other/Not yet started. Marital status is measured with 5
categories (Married, Separated, Divorced, Widow or Widower, and Never married). The omitted Marital status in the regression
is Married. Children is the number of living-at-home children who are either children of the household head or his/her partner.
Regressions are estimated using OLS. Standard errors in parentheses; *** p<0.001, ** p<0.05, * p<0.1.
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Next, in Panels C and D, we use the individual’s March 2017 income as a proxy for
unobserved across-individual and across-couple heterogeneity in labor market ability. In
controlling for the individual’s and their partner’s 2017 income, we are interested in the effect of

the partner’s competitiveness conditional on the match. Thus, we add Y; 5917= i’s and Y] 5917= i’s

partner’s income in March 2017 to Equation 13 and estimate the following equation

Yi,2017+_’y = ﬁ0+131Yi,2017 + ﬁZCi,2017 + ﬁ3Yj,2017 + ﬁ4Cj,2017 + ﬁSRi,2017 + ﬁGRj,2017 +

B7Xi2017 ﬁsz,2017 +& (14

fory =0, 1,2, 3, 4 years where 0 years starts from April 2017 onwards. Our results are
qualitatively identical with contemporaneous controls from the years 2018-2021. Additionally,
we get qualitatively identical results when we use the aggregate regressions on members of
couples who have constant cohabitation status throughout 2017-2021. See Table B5 in Appendix

B.

Panel C of Table 11 reveals an intriguing pattern. When we incorporate both the men's
and women's March 2017 incomes, men’s own competitiveness is no longer significant. This
result is consistent with what we observed when examining only the men’s own characteristics in
the regression in Section 2.4.1. But remarkably, the coefficient for the partner’s competitiveness
is still large and statistically significant. To take 2020 as an example, a one standard deviation
increase in the female partner’s competitiveness increases her partner’s future 2020 income by
2.5%, a €79.33 increase compared to the baseline 2017 income. When we consider the average
effect across the years 2018-2021, we find it to be 2.1%, which is a substantial 22% of the total
change of €352 in partnered men's average monthly income over that period. These results show

that women’s competitiveness independently increase men’s future earnings and through
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channels beyond what is captured by the men’s competitiveness and their current labor market

outcomes.

By contrast, Panel D indicates that neither the women’s own nor their partner’s
competitiveness affects the women’s future income. We find qualitatively identical results when
we drop the partner’s 2017 income in the above regressions. These results are available on

request.

Observation 3: Women’s competitiveness increases their male partner’s future monthly income
by an average of 2.1% per standard deviation, controlling for men’s own competitiveness and
current income. By contrast, men’s competitiveness does not contribute to their female partner’s

future income.

Among partnered men, competitiveness significantly predicts future income in Panel A
but loses significance once current income is accounted for in Panel C, suggesting that its effect
primarily operates through men’s current labor market outcomes. By contrast, women’s
competitiveness exerts an additional influence on their male partners’ income that is not captured
by either men’s or women’s level of earnings, suggesting that women’s competitiveness foster’s
men’s income growth. This finding may also arise when competitive women select partners with
high income-growth potential; however, our results suggest that such potential must be
independent of men’s own characteristics and competitiveness while being correlated with
women’s competitiveness. These results underscore a notable gender difference: while women’s
competitiveness strongly predicts men’s future income, men’s competitiveness shows no effect

on women’s earnings.
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Unsurprisingly, only women’s competitiveness increases the household income. These
results are reported in Table C1 in Appendix C. Taking Observation 3 into account, women’s

competitiveness increases household income by increasing their male partner’s income.

2.4.3. Individual’s Competitiveness and Work Hours

We investigate the potential channels for our results by testing whether competitiveness is
correlated with work hours. Table 12 reports regressions of average work hours on
competitiveness, conditional on positive work hours. Note that the number of observations here
is smaller than that in our income analysis because subjects needed to have answered the work

hours surveys that were conducted only once a year from 2017 to 2021.

Panel A reveals that competitiveness is positively and significantly associated with longer
2017 work hours only for single women. Moving to Panel B, we find that competitiveness is
positively significantly associated with longer future work hours for single women and partnered
men. Panel C shows that when controlling for 2017 average work hours, competitiveness affects
partnered men’s and single women’s future 2018-2021 work hours. This result suggests that
partnered men’s and single women’s competitiveness predicts future work hours, and that their

competitiveness increases their future work hours beyond their current levels of work hours.

These observations come from the boundary sample of those respondents who remained
either single or partnered throughout 2017 to 2021. Yearly regressions that allow for changes in

yearly cohabitation status give qualitatively identical results and are available upon request

We next check for the association between individuals’ competitiveness and their partner’s work

hours.
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Table 12. OLS Regressions of Work Hours on Competitiveness by Gender and Relationship

Status
Average work hours conditional on positive work hours
Single female Partnered female Single male Partnered male
(@) 2 3) 4

Panel A. Average work hours 2017
Competitiveness 1.714%* 0.159 0.218 0.163

(0.862) (0.470) (1.029) (0.510)
N 292 848 237 839
Adjusted R-squared 0.0412 0.0954 -0.00942 0.0273
Panel B. Average work hours from 2018—2021
Competitiveness 1.725%% 0.834* 1.383 1.194%*

(0.745) (0.504) (0.933) (0.487)
N 136 445 135 493
Adjusted R-squared 0.142 0.164 0.0113 0.0365
Panel C. Average work hours from 2018—2021 controlling for 2017 work hours
Competitiveness 1.388** 0.254 1.183 0.939%**

(0.659) (0.378) (0.803) (0.415)
N 128 413 128 482
Adjusted R-squared 0.374 0.521 0.257 0.290

Controls: Age, Education, Marital status, and Children. Panels C also includes 2017 work hours.

Notes: The dependent variable is average work hours per week, conditional on positive work hours. Panel A
averages hours from 2017 to 2019. Panel B averages hours in 2018 and 2019. Columns 1, 2, 3, and 4 use
observations from single females, partnered females, single males, and partnered males, respectively. Each sample is
restricted to those who do not change their relationship status from 2017 to 2021. Couple (single) status indicates
that the respondent has (does not have) a cohabitating partner regardless of marital status. Competitiveness is
measured with a self-reported response to the question, “How competitive do you consider yourself to be?”” from 0
(not competitive at all) to 10 (Very competitive). Competitiveness is standardized to have a mean of zero and a
standard deviation of one. All control variables are measured in March 2017 or before. Education is divided into 5
categories (Other/Not yet started; Primary school; Pre-vocational education; Higher secondary education, Vocational
education, College/University) and is based on the 2017 response. The omitted Education category in the regression
is Other/Not yet started. Marital status is measured with 5 categories (Married, Separated, Divorced, Widow or
Widower, and Never married) and is based on the 2017 response. The omitted Marital status in the regression is
Married. Children is the number of living-at-home children who are either children of the household head or his/her
partner. Regressions are estimated using OLS. Standard errors in parentheses; *** p<0.001, ** p<0.05, * p<0.1.
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2.4.4. Couple’s Competitiveness and Work Hours

In this section, we restrict the data to couples for whom we have both partners’ work
hours and competitiveness data. We examined the most plausible potential channel through
which women’s competitiveness might increase only their male partner’s income: female
specialization in household production, which would allow the men to spend more time working,
and thus, earn a higher income. In Table 13 Panel A, we examine whether the individual
competitiveness of men and women is associated with their respective contemporaneous average
weekly work hours. Our results suggest that neither women’s nor men’s competitiveness is

significantly associated with their respective work hours in 2017.

In Panel B, we investigate the association between competitiveness and work hours using
future average work hours for the years 2018 to 2021. Our findings reveal a significant and
positive correlation between an individual's competitiveness and their own work hours for both
partnered men and women. However, we do not observe any association between the
competitiveness of one partner and the future work hours of the other partner. These results,
together with previous results for men’s income, suggest that while competitive women have
partners who earn more, they do not have partners who work more than those of uncompetitive

women.

Panel C in Table 13 incorporates men’s and women’s 2017 work hours in the regression.
This inclusion of lagged work hour serves to account for the possible effect of past labor supply
or any related unobserved heterogeneity affecting the relationship between competitiveness and
future work hours. Even after controlling for 2017 work hours, partnered men’s own
competitiveness predicts their own future work hours. By contrast, partnered women’s

competitiveness predicts neither their own nor their partner’s work hours.
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Table 13. OLS Regressions of Partnered Men's and Women's Work Hours on Competitiveness

Average work hours conditional on positive work hours

Women'’s Men’s
(@) 2)
Panel A. Average work hours
2017
Men’s competitiveness 0.425 -0.150
(0.636) (0.627)
Women’s competitiveness 0.909 -0.544
(0.685) (0.654)
N 461 548
Adjusted R-squared 0.0508 0.0306
Panel B. Average work hours from 2018—2021
Men’s competitiveness -0.586 1.407**
(0.624) (0.560)
Women’s competitiveness 1.497*%* -0.497
(0.669) (0.578)
N 277 338
Adjusted R-squared 0.136 0.0748
Panel C. Average work hours from 2018—2021 controlling for 2017 work hours
Men’s competitiveness -0.176 1.404%**
(0.503) (0.531)
Women’s competitiveness 0.458 -0.902
(0.554) (0.576)
N 229 283
Adjusted R-squared 0.474 0.277

Controls: Age, Education, Marital status, and Children. Panel C also includes Men’s and Women’s 2017

work hours.
Notes: Couples include respondents who have a cohabitating partner regardless of marital status. Competitiveness is
measured with a self-reported response to the question, “How competitive do you consider yourself to be?”” from 0
(not competitive at all) to 10 (Very competitive). Competitiveness is standardized to have a mean of zero and a
standard deviation of one. All control variables are measured in March 2017 or before. Education is divided into 5
categories (Other/Not yet started; Primary school; Pre-vocational education; Higher secondary education, Vocational
education, College/University) and is based on the 2017 response. The omitted Education category in the regression
is Other/Not yet started. Marital status is measured with 5 categories (Married, Separated, Divorced, Widow or
Widower, and Never married) and is based on the 2017 response. The omitted Marital status in the regression is
Married. Children is the number of living-at-home children who are either children of the household head or his/her
partner. Regressions are estimated using OLS. Standard errors in parentheses; *** p<0.001, ** p<0.05, * p<0.1.
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Observation 4: Partnered men’s own competitiveness increases only their own work hours, not
their partner’s. Partnered women’s competitiveness increases neither their own nor their partner’s

work hours.

This result that partnered men’s own competitiveness increases their work hours stands in
contrast with the results in Table 11 where we find that only the female partner’s competitiveness
increases partnered men’s future income. Taken together, these results suggest that while
partnered men’s competitiveness does increase their labor supply, the longer hours apparently do
not increase their income. Moreover, our evidence is not consistent with the hypothesis that
women’s competitiveness affects their partner’s income by increasing their labor supply, as
would be expected if the women’s competitiveness increased their partner’s specialization in the

labor market by increasing the women’s specialization in household production.

We further examine whether women’s competitiveness affects the likelihood that their
partners work full time (defined in the Netherlands as more than 35 hours per week). Part-time
work is relatively common in the Netherlands, even among men: about 18% of Dutch men work
part time, nearly twice the OECD average (OECD, 2022). In our sample, 19% of partnered men
and 46% of partnered women work part time. We estimate probit regressions to assess whether
women’s competitiveness predicts men’s full-time work status. As shown in Appendix Table B7,
we find no significant effect of either women’s or men’s competitiveness on the probability that
men work full time. These results suggest that the observed positive relationship between

women’s competitiveness and their partner’s income is not driven by effect on the partner’s labor

supply.
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2.5. Discussion and Conclusion

We find a strong positive association between own competitiveness and own future
incomes for men and women. When we disaggregate by relationship status and gender, we find
that the competitiveness of single and partnered women and partnered men are positively
associated with their respective future incomes, whereas single men’s estimates are less precise.
However, after we control for present income, to control for unobserved labor market ability, we
find that only single men’s competitiveness increases their own future income conditional on
past income (Observation 1). Consistent with competitive women matching with high-income
men, women’s competitiveness is positively associated with their male partner’s income, but the
men’s competitiveness is not significantly associated with their female partner’s income
(Observation 2). However, remarkably, women’s competitiveness increases their male partner’s
future income, even after controlling for the couple’s current labor market state, despite not
increasing their own. By contrast, men’s competitiveness does not influence their female
partner’s income, as well as not increasing their own (Observation 3). Only women’s

competitiveness increases household income.

We were not able to do a similar analysis for wages. The sample size for the wage data is
much smaller than that for the income data. For 2017, we have only 111 couples for whom we
have both men’s and women’s wages and competitiveness information as opposed to the 663
couples for whom we have income and competitiveness information. In addition, there are also
indications of various selection issues in the summary statistics of the wage data. These statistics
are available on request. However, total income is the more appropriate variable for our
hypothesis. Women’s competitiveness can potentially influence all sources of income and men’s

financial prudence, not just wages.
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Our analysis is not able to identify the channel through which women’s competitiveness
(or its correlates) increases their male partner’s income, though we rule out one channel. Women
are not increasing their male partner’s income by freeing up their partner’s time by doing more
housework as might be predicted by the standard marriage model. Partnered men’s
competitiveness increases their own work hours but partnered women’s does not (Observation

4).

We also test whether women’s competitiveness increases men’s income by changing their
occupations using a survey question which asked, “What is your current profession?”. However,
our results do not change with the inclusion of job types (See Table D1 in Appendix D). An
alternative channel for women’s competitiveness to increase their male partner’s income is by
threatening the men’s gender identity as the breadwinner. In that case, men might lose identity
utility if their partner outearns them. However, partnered women’s competitiveness does not
increase their own income, and thus, their competitiveness is not increasing the men’s income by

increasing their own income.

Our results align well with Becker’s theory of marriage which hypothesizes that couple’s
psychological traits can affect gains from marriage by affecting the household’s nonmarket and
market productivity. Women’s competitiveness might increase their partner’s income is by
making the men more productive, as in the case of education, where it is speculated that the more
educated spouse may transmit useful general information to the less educated spouse (Huang et
al., 2009). Similar to Averett et al.’s (2021) finding that wife’s conscientiousness increases her
husband’s earnings, we show that women’s competitiveness exerts additional positive influence
on her husband’s future earnings conditional on his past labor market success. It is also possible

that competitive women are selecting men with high-income growth potential rather than directly
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influencing the growth. However, our results suggest that such potential is not reflected in men’s

own competitiveness, but rather women’s competitiveness.

Irrespective of the channel, our findings shed new light on gender differences in
competitiveness and labor market outcomes. Firstly, our results underscore the importance of
competitiveness in predicting own and partner’s labor market outcomes, suggesting that
competitiveness is an important component of human capital that may affect productivity.
Secondly, our findings prompt a reconsideration of how the gender gap in competitiveness
relates to the gender gap in income. Our analysis reveals that the income disparity between
genders 1s not solely because of a direct effect of women’s lower competitiveness but also
involves the indirect effect of women’s competitiveness on their male partners’ income. To our
knowledge, this is the first study to highlight gender differences in the influence of

competitiveness on household labor market outcomes.
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Chapter I1I: Is Female Competitiveness in the Labor and Marriage Markets Influenced by

Gender-Role Attitudes?’

3.1. Introduction

A growing body of evidence suggests that marriage and childbirth are major contributors
to the persistent gender gap in labor market outcomes. Women tend to decrease their labor
supply after childbirth, especially when they have high-earning spouses (Bertrand et al., 2010).
In contrast, men’s labor supply reacts little to marriage and men tend to experience marriage
premium in terms of wages (Blau & Kahn, 2017). Such gender difference following family

formation is consistent with women’s tendency to specialize in household production.

Recent studies suggest that gender roles and social norms are important factors
explaining these gender gaps. Mothers from a relatively traditional family background incur
larger child penalties (Kleven et al., 2019), couples forgo tax incentives to preserve traditional
allocation of household production (Ichino et al., 2019), and divorce rates rise when the wife
earns more than the husband (Bertrand et al., 2015). Women’s promotion to top jobs also
increases divorce, particularly among traditional gender norm couples (Folke & Rickne, 2020).
Furthermore, single women “act wife” by suppressing their labor market objectives and conform
to traditional female norms when interacting with high-potential income single men (Bursztyn et

al., 2017).

Another contributing factor to the gender wage gap may be women’s apparent aversion to

competition (Niederle & Vesterlund, 2007). However, recent findings indicate that female

7 This chapter is co-authored with Dr. David Ong at the Jinan University-University of Birmingham Joint Institute. This chapter has been supported
by Competitive Small Grant for Research in Labor Studies by Dr. Tim Sass from Georgia State University.

87



competitiveness may be observed in different domains than men’s. Women tend to be more
competitive in female-oriented tasks (Dreber et al., 2014; Halladay & Landsman, 2022) (Dreber,
von Essen, & Ranehill, 2014), against each other than with men (Booth & Nolen, 2012;
Geraldes, 2020), when there is an option to share the prizes (Cassar & Rigdon, 2021), and when
competing for their children (Cassar et al., 2016). There is also evidence that women’s
competitiveness manifests in the marriage market. Women in China search competitively for
men who are not only high-income, but specifically higher income than themselves (Ong &
Wang, 2015). Moreover, women’s competitiveness increases their male partners’ income,
whereas men’s competitiveness does not influence their female partners’ income, as found in

Chapter 3 of this dissertation.

Motivated by these observations, this paper investigates whether women’s
competitiveness may be expressed in the marriage market in terms of matching with a high-
income spouse. We hypothesize that this effect will be stronger for women with traditional
gender role attitudes who expect to specialize in household production. To test this possibility,
we conduct a two-part study consisting of an economic experiment and a survey. We elicited
individuals’ competitiveness, gender-role attitudes (GA), and subjective expectations about intra-
household labor market outcomes. Following Bertrand (2020)we interpret GA as internalized
gender stereotypes and norms, which can become part of one’s self-conception and directly
influence preferences. Specifically, we examine attitude towards the gender-role division of
career and family and its interaction with competitiveness, exploring the cultural and

psychological mechanisms that may underly student expectations.

Employing subjective expectations to study the effect of GA on labor market outcomes

offers distinct advantages over realized outcome data. Although many studies link traditional
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gender norms to women’s lower labor market outcomes, endogeneity often arises from the
reciprocal and adaptive relationship between norms and actual labor market experiences
(Berrington et al., 2008; Kuziemko et al., 2018). For example, Kuziemko et al. (2018) show that
women become more traditional about gender-roles after having their first child. By eliciting
subjective expectations prior to marriage and entry into the labor market, we avoid this

endogeneity and examine the direct effect of GA on anticipated labor market behavior.

A growing literature studying student expectations shows that women expect earning and
working less than men and that this difference increases with childbirth; moreover, these
expectations are found to predict actual outcomes (Arcidiacono et al., 2020; Gong et al., 2020;
Wiswall & Zafar, 2021). While competitiveness has been linked to students’ own salary
expectations (Reuben et al., 2017), most existing research does not simultaneously consider

spousal outcomes or the moderating effects of GA.

We address this gap using data from two culturally distinct samples: graduate students at
Peking University HSBC Business School (PHBS) in China and undergraduates at Georgia State
University (GSU) in the United States. We elicit student expectations regarding own and
spouse’s salary, work hours, and fertility at ages 25, 30, and 35 following Wiswall and Zafar
(2021), alongside with competitiveness following Chen, Ong, & Sheremeta (2015) and Buser et
al., (2024). At PHBS, GA is captured by the statement “Do you agree that a man should prioritize
his career, while a woman should prioritize her family?” following Chinese General Social
Survey, whereas at GSU, we use the prompt “It is much better for everyone involved if the man
is the achiever outside the home and the woman takes care of the home and family” from the
World Value Survey. Both items are rated on Likert scales and higher score indicates more

traditional attitudes. In line with prior studies, our descriptive statistics reveal a persistent gender
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gap in salary and work hours expectations which widens with age. Despite somewhat more
egalitarian expectations at GSU, most respondents expect the husband’s share of household
income to lie above 50%. These observations set the stage for our main results, where we

examine how competitiveness and GA help explain within-gender variations in expectations.

We report distinct findings across cohorts and genders. First, we find that PHBS women’s
competitiveness and GA do not correlate with their own salary expectations; however, they are
positive and significant predictors of their spousal salary expectations. Confirming our
hypothesis, competitive women who hold more traditional views anticipate partners with even
higher earnings while also expecting to decrease their own work hours. These findings show that
competitiveness among traditional women may be expressed in behaviors and outcomes
consistent with specialization in household production. In contrast, GSU women display no
systematic correlation among competitiveness, GA, and their expectations for their own and
spousal outcomes. In Section 3.4.3, we discuss possible explanations for the null results for GSU
women, such as a diverse ethnic and cultural composition of the GSU sample, stronger norms of
gender equality, and possible impact of social desirability bias and sexual orientation on the
survey responses. However, GSU men exhibit a pattern consistent with prior literature:
competitiveness is positively correlated with their own expected earnings, while traditional GA

and fertility expectations jointly predict lower salaries and work hours of their female spouses.

Taken together, these results reveal that the influence of competitiveness and GA on labor
market expectations can be highly contingent on cultural and institutional contexts as well as
gender. They also illustrate that women’s competitiveness, in some settings, might manifest
through seeking a higher-earning partner and decreasing their own labor market prospects,

consistent with objectives towards household specialization.
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The remainder of this paper is organized as follows. Section 3.2 describes the
experimental design and data collection, and Section 3.3 presents descriptive statistics. Section

3.4 reports our regression analyses and main results, and Section 3.5 concludes.

3.2. Experimental Design

This study was conducted at two institutions, PHBS and GSU, and consisted of two main
parts: a competitiveness experiment and a survey which asked students’ subjective expectations
and GA. In the following sections, we first describe the competitiveness experiment, then the
survey, followed by details about implementation at each school and details about differences in
experiments. Lastly, we explain our sample selection process and checks used to exclude

inattentive or otherwise invalid responses. See Appendix E and F for instructions.

3.2.1. Competitiveness Experiment

We measure competitiveness using a one-shot, pairwise all-pay auction adapted from
Chen et al. (2015). This design captures the psychological value of winning (i.e., the willingness
to pay to win) by providing a closed-form equilibrium solution in which bids increase with the
value of winning. We chose this auction-based approach over the more commonly used
tournament-entry experiment (Niederle & Vesterlund, 2007) because the latter lacks a closed-
form solution, making it difficult to disentangle risk aversion from competitiveness. Indeed,
Gillen et al. (2019) suggest that measurement error in risk aversion may underlie previously

observed gender differences in competitiveness in tournament-entry settings.

In the all-pay auction, each subject is endowed with $20 (15 CNY) and competes for a
$10 (10 CNY) prize. Two bidders simultaneously choose bids between $0 and their endowment,

in increments of $0.01 (0.5 CNY). The highest bidder wins the prize, but both bidders pay their
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respective bids regardless of the outcome. In the event of a tie, the winner is chosen at random.
Bidding zero guarantees a payoft of $20 (15 CNY), and we interpret higher bids as indicating
higher competitiveness. The auction was one-shot, and subjects did not receive any feedback

until the end of the experiment.

At GSU, we also collected self-reported measures of competitiveness following Buser et
al. (2024) and Buser and Oosterbeek (2023). First, participants rated their general
competitiveness on an 11-point Likert scale in response to the question “How competitive do you
consider yourself to be?”, answering from “Not competitive at all” to “Very competitive.”
Subsequently, they also completed 15 seven-point Likert-scale items assessing competitiveness
in four dimensions: Enjoyment of Competitiveness, Desire to Win, Development
Competitiveness, and Challenge Seeking. We find significant internal correlation among these
survey measures. Notably, subjects’ auction bids are positively correlated with their self-reported
general competitiveness. We find that the general measure of competitiveness emerges as a
significant predictor of subjective expectations. This result aligns with Buser et al. (2024), who
also find that self-reported measures more accurately predict economic outcomes rather than an
experimental measure (tournament-entry) of competitiveness in the context of representative

population in the Netherlands.

We measure risk preferences using an adaptation of the Eckel and Grossman (2008)
elicitation method. Each subject is presented with five gambles, each offering a 50 percent
chance of two possible outcomes. The options increase in risk tolerance, as indicated by higher
standard deviations in expected payoffs. Participants choose one gamble to play out, and the
outcome is determined randomly at the end of the experiment. The expected payoff across

gambles is approximately $20 (20 CNY).
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3.2.2. Survey

We begin the survey by collecting basic demographic information, including gender,
academic major, home state, and relationship status. Next, following Reuben et al. (2017) and
Wiswall and Zafar (2021), we elicit participants’ expectations regarding their future labor market
and marriage market outcomes at three specific ages: 25, 30, and 35. For each age, participants
report their anticipated earnings and weekly working hours, as well as their expected spouse’s

earnings and weekly working hours.

Following Wiswall and Zafar (2021), we also gather information on participants’ fertility
expectations by asking: “What do you believe is the percent chance of the following by the time
you are X years old: (a) having no children, (b) having one child, or (c) having two or more
children?”” This question is repeated for ages 25, 30, and 35, and the probabilities must sum to

100. From these data, we compute the expected number of children at each age.

Lastly, we measure GA. At PHBS, we use a question adapted from the Chinese General
Social Survey and ask: “Do you agree that a man should prioritize his career, while a woman
should prioritize her family?” Participants respond on a five-point Likert scale from “Strongly

disagree” to “Strongly agree”. A higher score indicates a more traditional view.

In the U.S. sample, we adopt questions from the World Values Survey, including: (1) “It
is much better for everyone involved if the man is the achiever outside the home and the woman
takes care of the home and family,” (2) “A working mother can establish just as warm and secure
a relationship with her children as a mother who does not work,” and (3) “A pre-school child is
likely to sufter if his or her mother works.” Respondents rate each statement on a seven-point

Likert scale from “Strongly disagree” to “Strongly agree.” To ensure comparability between
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PHSBS and GSU data, we focus on the first statement, which addresses career versus family

roles.

3.2.3. PHBS Implementation

PHBS is a leading graduate institution in China specializing in business and finance. Our
study at PHBS was conducted in two parts. The competitiveness experiment ran from 2017 to
2018, with a total of 262 participants (55% female). In the summer of 2018, we invited these
participants to complete the subjective expectations and GA survey, and 84 of them (58%
female) responded. Our final sample comprises 62 subjects (65% female) for whom we do not

have any abnormalities in the survey responses.

Both the competitiveness experiment and the survey were administered online using
oTree (Chen et al., 2016). Participants received email invitations containing unique, time-limited
links to their assigned treatment. Prior to sending out these invitations, we used block
randomization based on gender, major, and graduation year to assign treatments. At the end of
the experiment, participants submitted their WeChat account information for payment (WeChat is
a widely used peer-to-peer payment platform in China). The instructions were presented in

Chinese, with an English version available in Appendix E.

At the beginning of each part of the study, participants were shown only the relevant
instructions. They were informed that their final compensation would include payment for one
randomly chosen task. Specifically, a software-based dice roll determined whether
competitiveness task or risk task would be paid out. The average total payment was 22.87 CNY,
where 1 USD is approximately 7 CNY. Payments for the competitiveness and risk tasks were

incentive-compatible under concave utility assumptions, whereas the survey was not
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incentivized, and subjects received a fixed payment of 5 CNY. After the server closed, the
experimenter contacted participants via WeChat to finalize payments. Dice rolls were conducted

using WeChat’s dice function, and participants were paid accordingly.

3.2.4. GSU Implementation

The experiment took place at the Experimental Economics Center laboratory at GSU
between September and October 2023. A total of 160 undergraduate students (56% female)
participated in 11 sessions. Participants were recruited through an automated system that
randomly invited individuals from a pool of approximately 1,000 students registered for
economic experiments. Upon arrival at the lab, each participant was randomly assigned to a

computer terminal. The experiment was programmed using oTree (Chen et al., 2016).

The session comprised five tasks, one risk-elicitation task and four competitiveness tasks,
and a survey. The first task was the all-pay auction described previously, serving as our principal
measure of competitiveness. Subjects were informed that one of the five tasks would be
randomly selected for payment at the end of the session, a mechanism consistent with expected
utility theory under concave utility (Cox et al., 2015). Following the experimental tasks,
participants completed an unincentivized survey. All payments, including a $3 show-up fee, were
made privately at the conclusion of the experiment. The average total payment was $22.66 per

participant.

3.2.5. Experimental Differences across PHBS and GSU

There are several differences between the experiments at PHBS and GSU. First, the way
each experiment implemented the instruction quiz on auction rules differed. At PHBS,

participants completed an incentivized quiz with six multiple-choice questions. They earned 2
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CNY for answering all six items correctly but received no feedback until the end of the
experiment. In contrast, at GSU, subjects could not advance the experiment until they answered
two quiz questions correctly. After passing the quiz, participants at GSU also completed five
unpaid practice rounds against other participants. This sequence allowed them to receive real-
time feedback on each round’s bids, outcomes, and payoffs, ensuring that they thoroughly

understood the all-pay auction mechanism.

Another difference pertains to the treatment which revealed opponents’ gender. At PHBS,
participants were explicitly informed whether their opponent was a male or female student. We
control for this treatment effect in the regressions by controlling for the gender of the opponent.

In contrast, GSU subjects did not receive any information about their opponents.

Finally, the sequences of the competitiveness task differed. At both PHBS and GSU, the
first task involved a two-player all-pay auction against other participants, from which we elicit
the measure of competitiveness. After completing this initial task, GSU participants proceeded to
three more tasks which incorporated entry decisions and treatments against computer opponents.
Only the first competitiveness task at GSU aligns with the one-shot auction from PHBS;
accordingly, we concentrate on these data for the cross-institutional comparison. The additional

competitiveness tasks at GSU are analyzed in detail in Chapter 2 of this dissertation.

3.2.6. Sample Selection

We took several steps to ensure the quality of our data in both the PHBS and GSU
samples. We allowed participants to skip any question they did not wish to answer to minimize
dishonest or forced responses. This section details how we identified and excluded inattentive or

invalid responses, as well as how we arrived at our final sample for analysis.
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At PHBS, a total of 84 participants (58% female) completed both the competitiveness
experiment and the subjective expectations survey. We flagged four participants for one or more
of the following reasons: providing a non-existent student ID, entering implausible salary
expectations (e.g., 1 million CNY for a spouse and zero for themselves), giving the same single
value in response to all survey questions, or duplicating responses across multiple submissions.

We excluded these participants from our sample.

We then used a consistency check on participants’ fertility expectations question.
Although we instructed subjects that the probabilities for having zero, one, or two or more
children must sum to 100% at each of the three future age points (25, 30, and 35), we did not
programmatically enforce this restriction to observe whether participants were attentive to
instructions. We flagged 18 respondents whose fertility probabilities did not sum to 100. After
these exclusions, our final PHBS sample includes 62 participants (74% of the initial 84) who

provided valid and consistent responses.

At GSU, 159 participants (57% female) completed the experiment and survey. We
initially flagged individuals who either submitted incomplete salary data (e.g., skipped all
questions) or entered implausible values (e.g., salary expectations on the order of hundreds of
millions of USD). Specifically, 3 participants did not complete the survey, while 4 participants
submitted highly unrealistic salary expectations. An additional 10 participants had missing or
extremely low values for expected work hours. We excluded these 17 participants from our

preferred sample.

Next, we applied the same consistency check for fertility expectations. We flagged 7

participants who did not provide complete fertility information and 14 participants whose
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probabilities did not sum to 100 and indicated inattentive responses. After these exclusions, our

final GSU sample comprises 131 subjects (82% of the initial 159).

Combining both sites, we are left with 62 (22 male and 40 female) participants from
PHBS and 131 (57 male and 74 female) from GSU. The average age of participants from PHBS
is 24, while the average at GSU is 19, reflecting the expected distinction between graduate and
undergraduate populations. Using expectations data collected at ages 25, 30, and 35, we
construct a balanced longitudinal panel for each sample to facilitate analysis. The next section
provides an overview of descriptive statistics. Throughout our analysis, we rely on the preferred

sample; however, results from the full dataset are available upon request.

3.3. Descriptive Statistics

Table 14 presents descriptive statistics for the key variables in our study, disaggregated
by cohort (PHBS vs. GSU) and gender. The final column for each cohort shows p-values from a
Mann-Whitney-Wilcoxon (MWW) test examining whether gender differences in these variables

are statistically significant.

In the PHBS sample, the survey was administered in Chinese, and all earnings were
initially elicited in CNY. For ease of interpretation, however, we report these earnings in U.S.
dollars at the exchange rate of 7 CNY for 1 US dollar. Our descriptive overview begins with the
experimental measures of competitiveness, followed by participants’ expectations regarding own
and spousal earnings, own and spousal work hours, fertility, and, finally, gender role attitudes. To
mitigate the influence of extreme outliers, we winsorize salary and work-hour expectations at the

5th and 95th percentiles by gender and by the three focal ages (25, 30, and 35)
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Table 14. Summary Statistics

Peking University HSBC Business School (PHBS) Georgia State University (GSU)
Female Male Female Male
Obs. Mean S.d. Obs. Mean S.d. p- Obs. Mean S.d. Obs. Mean S.d. p-

value value

Competitiveness (Bid) 40 5.88 5.79 22 6.57 5.94 0.373 74 11.28 6.68 57 8.25 6.65 0.006
Competitiveness (Survey) - - - - - - - 74 6.49 1.79 57 6.91 2.31 0.056
Gender-role attitude 40 2.20 0.99 22 3.18 0.80 0.000 74 2.72 1.54 57 3.44 1.63 0.011
Own salary avg. (§k USD) 40 72.31 49.63 22 80.68 59.73  0.506 74 151.82  132.68 57 25594 32148  0.028
At age 25 40 38.81 19.85 22 3545 15.62  0.732 74 127.37  172.10 57 117.56 79.22 0.148

At age 30 40 71.81 35.54 22 80.45 39.63  0.359 74 142.41 109.92 57 231.33  245.00 0.022

At age 35 40 106.31 59.34 22 126.14  70.15 0213 74 185.66  182.14 57 41894  698.36  0.008
Spousal salary avg. ($k USD) 40 96.54 83.50 22 50.30 30.04  0.000 74 183.08 180.85 57 14592 14457 0.144
At age 25 40 49.42 27.07 22 27.48 8.92 0.000 74 146.00  186.32 57 90.89 62.01 0.139

At age 30 40 95.06 64.08 22 51.48 20.61  0.000 74 179.02  180.54 57 151.57 164.63  0.126

At age 35 40 145.12 108.33 22 71.93 3538  0.001 74 22422 23212 57 19531 23523  0.191
Relative salary avg. 40 0.44 0.06 22 0.41 0.07 0.002 74 0.47 0.10 57 0.39 0.14 0.000
Atage 25 40 0.44 0.06 22 0.45 0.04 0.946 74 0.47 0.12 57 0.43 0.10 0.028

At age 30 40 0.44 0.06 22 0.40 0.07 0.017 74 0.47 0.11 57 0.40 0.14 0.000

At age 35 40 0.44 0.06 22 0.38 0.09 0.004 74 0.47 0.11 57 0.37 0.17 0.000
Own hours avg. (hrs/wk) 40 52.88 10.21 22 55.59 13.71  0.260 74 39.11 7.19 57 40.70 5.98 0.049
Atage 25 40 54.08 10.21 22 58.05 1391  0.293 74 39.61 7.71 57 39.96 4.85 0.357

At age 30 40 53.02 9.70 22 55.77 13.06  0.461 74 39.47 7.97 57 40.96 6.16 0.153

At age 35 40 51.52 10.79 22 52.95 1428  0.886 74 38.24 8.73 57 41.16 8.89 0.084
Spousal hours avg. (hrs/wk) 40 56.55 11.92 22 46.06 10.17  0.000 74 39.15 6.58 57 34.89 10.56 0.008
Atage 25 40 56.85 11.37 22 47.27 9.22 0.001 74 39.49 6.34 57 35.68 7.88 0.003

At age 30 40 57.15 11.81 22 46.14 10.34  0.000 74 39.32 7.26 57 34.44 11.87 0.003

At age 35 40 55.65 12.79 22 44.77 11.18  0.001 74 38.64 8.11 57 34.56 13.60 0.089
Relative work hours avg. 40 0.48 0.03 22 0.46 0.04 0.000 74 0.50 0.04 57 0.45 0.10 0.000
At age 25 40 0.49 0.03 22 0.45 0.04 0.001 74 0.50 0.04 57 0.47 0.06 0.001

At age 30 40 0.48 0.02 22 0.45 0.04 0.002 74 0.50 0.05 57 0.44 0.12 0.001

At age 35 40 0.48 0.02 22 0.46 0.04 0.017 74 0.50 0.05 57 0.44 0.14 0.002
Number of children avg. 40 0.57 0.56 22 0.62 0.63 0.774 74 0.74 0.43 57 0.91 0.45 0.102
At age 25 40 0.02 0.06 22 0.00 0.00 0.282 74 0.38 0.47 57 0.47 0.52 0.270

At age 30 40 0.64 0.46 22 0.72 0.52 0.576 74 0.81 0.53 57 1.00 0.52 0.060

At age 35 40 1.05 0.45 22 1.13 0.53 0.716 74 1.03 0.63 57 1.24 0.56 0.073

Notes: Competitiveness (Bid) is experimental measure of bid in pairwise all-pay auction. Competitiveness (Survey) is a survey measure of general competitiveness. Gender role attitude measures
subjects’ attitude towards traditional gender roles regarding work and family; higher value is associated with more traditional attitude. For each expectations measure, the average across the three age
points are shown first and then separately by each age points 25, 30, and 35. Own salary expectations and spousal salary expectations are measured in $1,000 USD. Relative salary expectation is
calculated as the ratio of the female partner’s expected salary to the total expected household salary (the sum of both partners’ expected salary). Own work hours expectations and spouse work hours
expectations are measured in hours per week. Relative work hours expectations are calculated as the wife’s work hours over the sum of wife’s and husband’s work hours. Fertility expectations measures
the expected number of children as defined as E (children) = 0 = pr(nochildren) + 1 * pr(1child) + 2 * pr(2 or more children). The right most column for each cohort reports p-values from
MWW test comparing the distributions of males and females.
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3.3.1. Competitiveness

We measure competitiveness using a one-shot all-pay auction, following Chen et al.
(2015). The subjects were endowed with 15 CNY at PHBS and $20 at GSU. Table 14 shows that
at PHBS, average bids are 5.88 for women and 6.75 for men and this difference is not
statistically significant. At GSU, female participants bid 8.46 on average while men bid 6.17, and
this difference is significant (p-value = 0.006). At GSU, we also elicited a survey measure of
competitiveness where subjects rated their general competitiveness from “Not competitive at all”
to “Very competitive” using a Likert scale which increases value with competitiveness. Females
report an average of 6.49 and men report 6.01, and this difference is significant (p-value =

0.056).

However, for our current paper, the overall gender difference in competitiveness is less
central, as our main interest lies in within-gender variations in terms of predicting own and
male/female partner’s labor market outcomes. In our regression analysis, we standardize bid and
the survey measure of competitiveness for each cohort and gender to facilitate the regression

interpretation.

3.3.2. Own and Spousal Salary Expectations

A consistent finding in prior research is that women tend to report lower salary
expectations than men (Reuben et al., 2017; Wiswall & Zafar, 2020). Our data confirm a similar
pattern, though the extent of the gap varies across cohorts and ages. At PHBS, women anticipate
slightly lower salaries than men on average, $72,310 vs. $80,680, which is around a 10%
difference and is not statistically significant. However, the gap expands with age. By age 35,
women expect to earn $106,310, whereas men project $126,140, which is a difference of nearly

20%.
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Similarly, among GSU students, the gender gap in salary expectations is more
pronounced and increasing with age. On average, women anticipate annual earnings of $151,820,
while men expect $255,940. Notably, at age 25, female students actually report higher average
salaries ($127,370) than male students ($117,560), and although this difference is not statistically
significant. By age 30, however, men’s expected earnings rise sharply (to $231,330) compared to
$142,410 for women, and this gap significant at the 5% level. By age 35, women project an
average salary of roughly $185,000, whereas men anticipate $418,000, albeit with substantial

variation.

These more extreme values among GSU respondents, especially at later ages, reflect a
mix of variations across majors and possible levels of optimism and competitiveness. Table 15
shows PHBS and GSU students’ own salary expectations by gender and majors. We find that
several computer or data science majors expect annual incomes exceeding $500,000 by age 35,
and some arts majors report even higher targets. Even after the 5% winsorization, eight male
students (seven in computer/data science and one in the arts) report salary expectations of over
$1 million by age 35. While these numbers may appear too optimistic, they are retained in the
sample because the primary interest of our study is the relationship between competitiveness and
salary expectations, which may be captured by these high figures. Indeed, these same students
tend to exhibit notably high bids in our measure of competitiveness, where their average of bids
at 10.83, while the average for all men is 6.19. When we winsorize own salary expectations at
10% level rather than 5% to decrease the variance, our result of men’s competitiveness positively

affecting their own salary disappears.
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Table 15. Salary Expectations by Major, Cohort, and Gender

PHBS
Female Male
Majors Obs. Mean S.d. Obs. Mean S.d.
Economics 6 126.25  61.55 4 86.25 49.56
Finance 19 106.18  66.43 9 128.33  73.14
Quantitative Finance 6 117.5 66.69 5 165 84.85
Management 9 85.83 35 4 112.5 56.78
Total 40 106.31  59.34 22 126.13  70.15
GSU
Female Male
Majors Obs.  Mean S.d. Obs.  Mean S.d.
Arts 6 68.50 18.44 10 920.00 140.02
Business Finance Management 23 184.73 13298 33 199.70  121.62
Computer Data Science 13 261.15 250.16 46 51130 761.5
Hard Science 13 286.92  255.55 15 60.00 0
Nursing Health 11 126.45  72.57 14 246.67 219.62
Public Social Science 7 68.35 38.61 11 87.50 20.61
Other 1 85.00 0 2 120.00 0
Total 74 185.66 182.14 57 41895 698.36

In contrast to diverse majors at GSU, the PHBS sample consists exclusively of graduate
students in finance and business, whose salary expectations are more uniform. The average
standard deviation of men’s expectations is $70,150, while it is $698,360 for GSU students. This
narrower academic focus, along with a more comprehensive understanding of typical pay
structures as graduate students, likely contributes to the tighter distribution of responses at

PHBS.

Relative to own salary expectations, gender gaps in anticipated spousal earnings are more
pronounced at PHBS. Among PHBS students, female respondents expect their future husbands to
earn an average of $96,540, while men anticipate their future wives earning roughly $50,300,
and gender differences that are significant at all reference ages (25, 30, 35). This gap widens over
time: women project their husbands will earn $49,420, $95,060, and $145,120 at ages 25, 30, and

35, whereas men project their wives will earn $27,480, $51,480, and $71,930, respectively. At
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GSU, women have higher spousal earnings expectations on average than men, but the difference
is not statistically significant. Women expect their spouses to earn $146,000, $179,020, and

$224,220 and men expect their spouses to earn $90,890, $151,570, and $195,310.

Figure 7. Relative Salary Expectations by Cohort and Gender
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Notes: Relative salary expectation is calculated as the ratio of the female partner’s expected salary to the total
expected household salary (the sum of both partners’ expected salary).

To compare men’s and women’s within-household earnings expectations, we calculate
each participant’s relative salary expectation as the ratio of the female partner’s expected salary
to the total expected household salary (the sum of both partners’ expected earnings). Consistent
with Wiswall and Zafar (2020), we find that both male and female respondents generally believe
that the husband will out-earn the wife. Figure 7 illustrates the distribution of this ratio
(aggregated across the three age points) with separate histograms shown for male and female

respondents at PHBS and GSU. The vertical red dashed line at 0.5 marks the point where the
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wife’s income equals half of the household total. Our results in all four histograms show a drop
to the right of 0.5, indicating that both men and women generally expect the wife to contribute
less than half of the household income. This observation aligns with the phenomenon
documented by Bertrand et al. (2015), who show a similar discontinuity at 0.5 mark in actual

U.S. household data.

At PHBS, the mean relative salary expectation for women is 0.44, compared to 0.41 for
men; by age 35, these figures shift to 0.44 for women and 0.38 for men, indicating that men
increasingly predict their wives will earn less as they get older. On average, GSU students
express more egalitarian expectations than PHBS students. However, a similar pattern of gender
difference emerges at GSU, where women anticipate contributing, on average, 0.47 of total
household income, while men project 0.39. By age 35, women’s ratio remains at 0.47, whereas
men’s falls to 0.37. Both Chinese and U.S. women expect a more equitable division of household

earnings than do their male counterparts.

Bertrand et al. (2015) interpret the discontinuity around the 50% threshold in actual
married couples as reflecting an aversion to situations in which the wife out-earns the husband.
They argue that such aversion can manifest through reduced female labor-market participation,
potentially to avoid surpassing the husband’s income. Our data show that this pattern also
appears before marriage, implying that students already expect the future wives to earn less than

their male spouses.

Figure 8 summarizes how men and women at PHBS and GSU predict their own future
salaries (solid lines) and their spouses’ salaries (dashed lines) from ages 25 through 35. In both

contexts, men’s spousal salary lies well below their own, whereas women’s spousal lines exceed
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their own. In our main results, we examine to what extent these differences can be explained by

individuals’ competitiveness and gender role attitudes.

Figure 8. Own and Spousal Salary Expectations by Cohort and Gender
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Notes: Own and spousal salary expectations are measured in $1,000 USD.

3.3.3. Own and Spousal Work Hours Expectations

In China, female students anticipate working approximately 4.5% fewer hours per week
than male students (52.88 vs. 55.59 hours), though this difference is not statistically significant.
Both men and women expect their work hours to decline over time: women foresee a drop from
54.08 hours at age 25 to 51.52 at age 35, whereas men predict a decrease from 58.05 to 52.95
hours over the same interval. In the United States, female respondents expect to work 4% fewer
hours than male respondents overall (39.11 vs. 40.70 hours). Notably, this gap widens at age 35,

with women projecting 38.24 hours and men 41.16 hours.
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When it comes to anticipated spousal work hours, gender differences become more
pronounced, particularly in China. Chinese women expect their husbands to work 56.55 hours
per week, on average, whereas Chinese men expect their wives to work only 46.06 hours. Across
the ages of 25 to 35, women foresee their husbands’ weekly hours dropping from 56.86 to 55.65,
and men see their wives’ hours falling from 47.25 to 44.77. In the U.S. sample, we find a
similarly significant but smaller gap. Women expect men to work 39.15 hours per week, whereas
men expect women to work 34.89 hours. These figures decline modestly over age: from 39.49 to

38.64 for the expected husband’s hours and from 35.68 to 34.56 for the expected wife’s hours.

Figure 9. Relative Work Hours Expectations by Cohort and Gender
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Notes: Relative work hours expectations is calculated as the ratio of the female partner’s expected salary to the total
expected household salary (the sum of both partners’ expected salary).

Figures 9 depict the distribution of expected relative work hours, the ratio of a woman’s

anticipated work hours to the total hours for the household. Similar to salary expectations, In
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China, there is a notable drop beyond the 50% mark, indicating that most respondents, men and
women alike, do not expect wives to surpass husbands in total work hours. In comparison, U.S.
respondents exhibit a more egalitarian distribution, alongside greater variation in anticipated

relative time allocations.

Figure 10 summarizes how men and women at PHBS and GSU predict their own future
work hours (solid lines) and their spouses’ work hours (dashed lines) from ages 25 through 35.
Similar to own salaries, in both contexts, men’s spousal work hours lie well below their own,

whereas women’s spousal lines often meet or exceed their own.

Figure 10. Own and Spousal Work Hours Expectations by Cohort and Gender

Own and spousal work hours expectations

PHBS GSU
8 4

65

60
N

55
f
45

© 1]

& H

©o | ©

= §

Q xs e ————

o, -~ ] e S
2% ] > =
o o

& )

40
s
35

35

30
30

T T
25 3'0 3'5 2‘5 8l0 35
Age Age

———— Own Female — — — - Spousal Female Own Female Spousal Female
—— Own Male — === Own Male Own Male — = == Own Male

Notes: Own and spousal work hours expectations are measured in hours/week.

107



3.3.4. Fertility Expectations

Following Wiswall and Zafar (2020), we elicited participants’ fertility expectations by
asking them to assign probabilities to having zero, one, or three or more children by ages 25, 30,
and 35. We then used these responses to construct each subject’s expected number of children.
Following Wiswall and Zafar (2020), the expected number of children is defined as

E(children) = 0 = pr(nochildren) + 1 = pr(1child) + 2 * pr(2 or more children).

At PHBS, women predict having an average of 0.02 children by age 25, 0.64 by age 30,
and 1.05 by age 35, compared to 0.00, 0.72, and 1.13 for men. GSU students have generally
higher fertility expectations overall: women anticipate 0.38, 0.81, and 1.03 children at ages 25,
30, and 35, while men predict 0.47, 1.00, and 1.24, respectively. None of these gender

differences are statistically significant.

3.3.5. Gender-Role Attitudes

To elicit participants’ attitudes about traditional gender roles in China, we asked, “Do you
agree that a man should put career first and a woman should put family first?” on a five-point
Likert scale from “Strongly disagree” to “Strongly agree”. A higher GA score is assigned a more
traditional view. The mean GA score among PHBS students is 2.20 for women and 3.18 for men,
and this difference is significant at the 1% level. Figure 11 illustrates how women’s responses are
roughly uniformly distributed, whereas men’s are skewed more toward traditional norms.

Notably, neither men nor women reported “Strongly agree.”
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Figure 11. Gender-Role Attitudes of PHBS Subjects by Gender
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Notes: The gender-role attitude question asked, “Do you agree that a man should put career first and a woman
should put family first?”

Figure 12. Gender-Role Attitudes of GSU Subjects by Gender
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Notes: The gender-role attitude statement was “It is much better for everyone involved if the man is the achiever
outside the home and the woman takes care of the home and family.”

109



At GSU, we used a related World Values Survey item: “It is much better for everyone
involved if the man is the achiever outside the home and the woman takes care of the home and
family,” rated on a seven-point scale from “Strongly disagree” to “Strongly agree.” As Figure 12
shows, men’s responses were more uniformly spread, whereas around half of the women chose

“Strongly disagree” or “Disagree,” reflecting comparatively egalitarian beliefs.

In summary, both cohorts exhibit gender differences in attitudes toward family and career
priorities. The differences are stark in terms of Chinese men’s more traditional views and U.S
women’s more egalitarian views. In the next section, we explore how these attitudes, along with

competitiveness, relate to own and spousal salary expectations across genders and cohorts.

3.4. Main Results

In this section, we report the regression results that test whether students’ expectations
about own and potential spouse’s salaries and work hours are systematically correlated with
competitiveness and GA. Using the constructed balanced longitudinal panel with three age
points, we run random effects OLS regressions with standard errors clustered at the individual
level. Random effects OLS estimation takes into account both across-and within-subject effects.
We cannot use individual fixed effects regression with our panel because competitiveness and

GA are not time-varying variables in our study.

There are two main assumptions needed to employ random effects OLS regression: 1) the
unobserved effect c¢; is orthogonal to the independent variables x; and 2) idiosyncratic errors u;;
are strictly exogenous to x; conditional on ¢; (Wooldridge, 2010). With regards to the first
assumption, our model argues that competitiveness and GA are the unobserved effects that

explain labor and marriage market expectations, which we recover through our experiment but
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were omitted in the prior literature. We assume that these variables are orthogonal to other
possible unobserved factors, hence, E (x{|c;) = 0. We perform Hausman test on our main
regressions to test this assumption. Most specifications fail to reject the null that unique errors
(unobserved individual effects) are correlated with the regressors. However, we reject the null for

several regressions for GSU female students and note them in analysis.

Next, the orthogonality between u;; and x; conditional on c; is a question of whether our
model E (y;¢|c;) is well-specified. Assuming that our model is correct, we do not have the
common additional problem of serial correlation because our main variables of interests,
competitiveness and GA, are not time-varying. In addition, as we exploit experimental data
where expectations for the three age points are elicited at the same time, we assume that u;; has

constant conditional variance across time and that the conditional covariances are zero.

For PHBS participants, we use bids as the measure of competitiveness, whereas for GSU
students, we find that a survey-based competitiveness measure is a stronger predictor.
Consequently, our main regressions report results using the survey measure for GSU students,
while the results for GSU students using bids is available upon request. While we elicited risk

preferences, it is never significant in our regressions, so we omit them in our main results.

This section is structured as follows. First, we examine own and spousal salary
expectations, analyzing PHBS women, GSU women, and GSU men. Due to the small sample
size, we do not include PHBS men in our analysis. Next, we report work hours expectations

following the same structure, distinguishing between own and spousal expectations.
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3.4.1. Own and Spousal Salary Expectations

3.4.1.1. PHBS Women’s Salary Expectations. Table 16 (Columns 1a—3a) presents
regression estimates of PHBS women’s own salary expectations on their competitiveness (bids),
gender role attitudes (GA), and the expected number of children. The results indicate that
competitiveness does not significantly predict women’s expected earnings. Similarly, GA, which
captures traditional views on gender roles, has no discernible relationship with women’s own

salary expectations.

These findings differ from Reuben et al. (2017), who document a positive link between
competitiveness and salary expectations. There are several possible explanations for this
discrepancy. First, Reuben et al.’s (2017) measure of competitiveness (self-selection into a math
tournament) following Niederle and Vesterlund (2007) may align more closely with skills in
STEM-oriented fields that naturally correlate with higher expected wages. Second, it is possible
that bidding behavior in an all-pay auction following Chen et al. (2015) captures a different
dimension of competitiveness, less connected to career-related outcomes. Third, Reuben et al.’s
(2017) study was conducted at a large U.S. university, whereas our sample consists of business
school graduate students in China, potentially reflecting differences in institutional and cultural
contexts. However, we find that the bid of competitiveness measure is a significant explanatory

variable when it comes to Chinese women’s spousal salary expectations.

Table 16 (Columns 1b—3b) examines women’s spousal salary expectations. In contrast to
the findings on own salary, competitiveness emerges as a significant and positive predictor of the
variation in women's expected future earnings of their male spouses. Specifically, a one standard
deviation increase in competitiveness corresponds to a $16.55k (17.1%) rise in spousal salary

expectations relative to the sample average of $96.54k.
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Table 16. Regressions of PHBS Women's Own and Spousal Salary Expectations

Own salary expectations Spousal salary expectations
(1a) (2a) (3a) (1b) (2b) (3b)
Competitiveness 0.628 8.681 0.882 16.55%** -8.337 16.60%**
(6.921) (21.48) (6.972) (4.860) (9.715) (4.933)
GA -2.042 -3.086 -4.316 9.287* 12.44% %% 8.849%
(5.895) (6.953) (5.919) (5.132) (3.955) (5.237)
Children 1.426 1.338 -8.192 0.404 1.131 -1.399
(11.70)  (11.86) (17.70) (7.513) (7.245) (12.99)
Competitiveness x GA -3.347 10.34%**
(8.499) (4.074)
Children x GA 4.048 0.768
(5.709) (4.949)
Own salary 1.687***  1.694%**  1,686%**
(0.181) (0.174) (0.180)
Observations 120 120 120 120 120 120
R-squared 0.547 0.557 0.560 0.904 0.904 0.909
Number of subjects 40 40 40 40 40 40

Additional Controls: Treatment, Age, Major, and Province

Notes: The dependent variable is Own salary expectations for columns 1a-3a and Spousal salary expectations for
columns 1b-3b, which are measured in $1,000 USD. Competitiveness is bid in pairwise all-pay auction, which is
standardized to have a mean of zero and a standard deviation of one. GA is subject’s gender-role attitude ranging
from 1 to 5, with higher value reflecting more traditional attitude. Additional controls include Treatment fixed
effects for the all-pay auction experiment (2 categories: female opponent and mal opponent), Age fixed effects for
the three age points (3 categories: 25, 30, and 35), and major fixed effects (4 categories: Management, Finance,
Quantitative Finance, and Economics), and Province fixed effects for home province of the subject (16 categories
for different provinces). Regressions are estimated using random-effects OLS. Standard errors (in parentheses) are
clustered at the individual level; *** p<0.01, ** p<0.05, * p<0.1.
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As found in Wiswall and Zafar (2020), there is a significant correlation between own
salary expectation and spousal salary expectations, and our results show that competitiveness

increases spousal earnings independent of own labor market outcomes.

GA is also positively related to women’s spousal salary expectations. Column 1b suggests
that a one unit increase in GA is associated with a $9.28k (9.5%) increase in the expected salary
of a future spouse. These results show that women who hold more traditional gender role

attitudes appear more inclined to anticipate matching with a partner with higher earnings.

Column 2b further examines the relationship by introducing an interaction term between
competitiveness and GA. The results reveal a positive and significant interaction effect, showing
that higher competitiveness predict higher spousal salary, most strongly among women with
traditional gender role attitudes. For a woman with mean GA of 2.2, a one standard deviation
increase in bid is linked to a $14.38k (14.8%) increase in expected spousal earnings, whereas for
a woman with highest GA score of 4, that same bid increase yields an even larger effect
($32.99Kk, or 34.2%). These findings suggest that women’s competitiveness may also be
expressed in the marriage market in terms of matching with a high-income spouse, particularly

among those who adhere to traditional beliefs about gender roles.

Lastly, the expected number of children does not exhibit a statistically significant
relationship with either own or spousal salary expectations. This result stands in contrast to prior
research linking anticipated fertility with labor market outcomes but may reflect the relatively
younger population of graduate students, many of whom are not yet making binding fertility

decisions.
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In sum, for PHBS women, competitiveness and traditional gender role attitudes do not
shape their own expected earnings, but they do correlate strongly with spousal salary
expectations. The positive interaction between GA and competitiveness indicates that the most
traditionally minded yet competitive women are more likely to anticipate marrying a partner with
a notably higher income. These findings illuminate how competitiveness and gender role

attitudes can influence expectations about future household labor market outcomes.

Table 17. Regressions of GSU Women's Own and Spousal Salary Expectations

Own salary expectations Spousal salary expectations
(1a) (2a) (3a) (1b) (2b) (3b)
Competitiveness 2.954 18.41 2.712 4.771 12.59 3.944
(11.29) (13.46) (11.25) (6.177) (12.89) (6.284)
GA 1.164 42.10 5.158 -3.198 17.47 10.77
(10.05) (54.93) (17.74) (9.124) (26.75) (13.77)
Children 6.951 5.313 21.15 20.94 20.40 70.58
(27.61) (26.71) (65.84) (18.17) (18.11) (46.83)
Competitiveness x GA -6.282 -3.175
(8.405) (4.795)
Children x GA -5.267 -18.41
(19.41) (12.45)
Own salary 0.906***  0.904***  0.900%**
(0.147) (0.148) (0.136)
Observations 222 222 222 222 222 222
R-squared 0.148 0.156 0.152 0.749 0.750 0.750
Number of subjects 74 74 74 74 74 74

Additional Controls: Age, Major, and State
Notes: The dependent variable is Own salary expectations for columns 1a-3a and Spousal salary expectations for
columns 1b-3b, which are measured in $1,000 USD. Competitiveness is a survey measure of general
competitiveness, which is standardized to have a mean of zero and a standard deviation of one. GA is subject’s
gender-role attitude ranging from 1 to 7, with higher value reflecting more traditional attitude. Additional controls
include Age fixed effects for the three age points (3 categories: 25, 30, and 35), major fixed effects (4 categories:
Management, Finance, Quantitative Finance, and Economics), and State fixed effects for home state of the subject (7
categories for different states). Regressions are estimated using random-effects OLS. Standard errors (in
parentheses) are clustered at the individual level; *** p<0.01, ** p<0.05, * p<0.1.
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3.4.1.2. GSU Women’s Salary Expectations. Table 17 displays the regression estimates
for female GSU students’ salary expectations. Unlike the findings for PHBS, competitiveness is
not related to women’s own nor spousal salary expectations. GA and the expected number of
children also do not emerge as meaningful predictors. In addition, the Hausman specification test
raises concerns of model misspecification, further complicating the interpretation of these null
results (p-value = 0.013). These null results persist regardless of the competitiveness measure
used, whether it is the all-pay auction or the survey measure. The null result is found to be
persistent whether we estimate regressions using OLS with average salary expectations or

conduct three separate regressions for at each age points.

In Section 3.4.3, we discuss possible explanations for this divergence. One factor may be
the diversity of our student sample which introduces wide-ranging cultural norms, family
structures, and experiences that overshadow the effects of competitiveness and GA. Additionally,
traditional statements such as “It is much better for everyone involved if the man is the achiever
outside the home and the woman takes care of the home and family” may incorporate more noise
and biases in a U.S. context given the political climate of large universities. Overall, these
findings stand in contrast to the significant effects observed for Chinese women, highlighting
how cultural context influences how competitiveness and gender role attitudes influence earnings
expectations. In the next section, we report another contrasting result, for GSU men, where we

find significant relationship among these variables.
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Table 18. Regressions of GSU Men's Own and Spousal Salary Expectations

Own salary expectations Spousal salary expectations
(1a) (2a) (3a) (1b) (2b) (3b)
Competitiveness 76.14%* 12.41  76.09** 15.48 31.65 15.72
(37.29) (86.76) (37.23) (14.17) (32.06) (14.29)
GA -16.65 -23.33 -6.995 -21.57** -19.89%* 0.539
(32.00) (32.21) (21.70) (10.69) (11.68) (8.773)
Children 8.721 11.81 50.69 33.19 32.62 133.8%%*
(49.26)  (50.03) (140.7) (21.73) (21.82) (53.59)
Competitiveness x GA 22.00 -5.584
(25.92) (10.69)
Children x GA -10.95 -25.47**
(30.34) (10.78)
Own salary 0.187** 0.187** 0.183**
(0.0877) (0.0879) (0.0862)
Observations 171 171 171 171 171 171
R-squared 0.156 0.160 0.155 0.447 0.449 0.449
Number of subjects 57 57 57 57 57 57

Additional Controls: Age, Major, and State
Notes: The dependent variable is Own salary expectations for columns la-3a and Spousal salary expectations for
columns 1b-3b, which are measured in $1,000 USD. Competitiveness is a survey measure of general
competitiveness, which is standardized to have a mean of zero and a standard deviation of one. GA is subject’s
gender-role attitude ranging from 1 to 7, with higher value reflecting more traditional attitude. Additional controls
include Age fixed effects for the three age points (3 categories: 25, 30, and 35), major fixed effects (4 categories:
Management, Finance, Quantitative Finance, and Economics), and State fixed effects for home state of the subject (7
categories for different states). Regressions are estimated using random-effects OLS. Standard errors (in
parentheses) are clustered at the individual level; *** p<0.01, ** p<0.05, * p<0.1.
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3.4.1.3. GSU Men’s Salary Expectations. Table 18 (Columns 1a—3a) show that
competitiveness has a significant and positive relationship with GSU men’s own salary
expectations, mirroring findings by Reuben et al. (2017). The competitiveness measure used in
this regression is the survey measure of competitiveness incorporated from Buser et al. (2024)
which asks, “How competitive do you consider yourself to be?”. A one standard deviation
increase in competitiveness corresponds to an estimated $76.14k rise in men’s expected earnings,
which is a substantial change representing approximately 29.7% of the average salary
expectation of $225.94k among male participants. Although not reported here, we find only
marginally significant relationship between own salary and the all-pay auction measure of
competitiveness. Our result that the survey measure of competitiveness better predicts labor
market outcomes compared to experimental measures mirror the findings of Buser et al. (2024)
with Netherland’s representative sample.

Turning to spousal salary (Columns 1b—3b), GA plays a key role in predicting men’s
expectations. A one unit increase in the traditional GA scale lowers anticipated spousal earnings
by $21.57k (14.8%), showing that men with stronger traditional gender role attitudes anticipate
lower-earning wives. Moreover, expected number of children becomes significant when
interacted with GA: men who expect to have more children and hold relatively egalitarian views
(i.e., low GA) project higher earnings for their spouses, whereas those with more traditional
beliefs do not. Having one child is associated with $108.33k increase in expected spousal salary
for men with GA score of 1, while this association turns negative, with a $19.02k decreases in
spousal salary for men with high GA score of 6. This negative interaction term is consistent with
men with traditional GA anticipating their spouses to turn to household production when

planning for multiple children rather than earning labor market income. Overall, these patterns
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suggest that competitiveness influences men's own salary aspirations, while traditional gender
role attitudes and fertility expectations together shape how men anticipate their future wives’
earnings. These findings parallel the results from Chapter 2 of this dissertation, which show that
men's competitiveness affects their own income, but not their spouses' income, in a

representative household sample from the Netherlands.

3.4.2. Own and Spousal Work Hours Expectations

3.4.2.1. PHBS Women’s Work Hours Expectations. We next turn to whether
competitiveness and GA help predict work hours expectations among PHBS women. In Table 19
column 2a, similar to salary expectations, we find a significant interaction effect between
competitiveness and GA. The negative and significant interaction on competitiveness and GA
indicates that greater competitiveness corresponds to shorter expected work hours for women
with high-GA. Specifically, for women with lowest GA score of 1, a one standard deviation
increase in competitiveness raises work hours by about 6.05, which amounts to 11.5% of the
baseline average (52.7 hours/week). By contrast, for women with highest GA score of 4, the
same one standard deviation increase in competitiveness reduces their expected work hours by
about 4.82 (9.16%). These results suggest that among women holding more traditional beliefs,

competitiveness may manifest as expecting to decrease labor market engagement.

Column 3a further incorporates fertility expectations and its interaction with GA. Here,
we also find a negative and significant interaction term, consistent with the idea that GA also
moderates the effect of anticipated children on labor supply. For women with the lowest GA,
expecting one child leads to a negligible decrease (approximately 0.028 hours/week) in expected
work hours. In contrast, women with highest GA who expect one child reduce their anticipated

hours by 5.56 (about 10.5%). These results are in line with Kleven et al. (2019) who show that
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arrival of children leads to decrease in labor force participation, particularly among women with
more traditional backgrounds. Our study extends these findings by revealing that young Chinese
women prior to labor market entry already anticipate varying labor supply outcomes based on

both fertility intentions and gender role attitudes.

Turning to spousal work hours expectations, Column 2b shows that competitiveness
positively predicts women’s anticipated partner work hours, especially for those with lower GI.
In other words, more competitive women who hold relatively egalitarian views expect their
future spouse to work more hours. The effect of competitiveness on spousal work hours
decreases with GI, which is in the opposite direction to its effect on spousal salary, showing that
competitive and traditional women may expect their spouses to earn higher income while not
expecting them to work more hours. These patterns again underscore the interplay between
competitiveness and gender role attitudes in shaping how Chinese women envision the labor

market allocation of the household production.
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Table 19. Regressions of PHBS Women's Own and Spousal Work Hours Expectations

Own hours expectations

Spousal hours expectations

(la) (2a) (3a) (1b) (2b) (3b)
Competitiveness 0.955 9.677*** 0.839 2.973 11.50%%* 2.922
(1.476) (3.366) (1.528) (1.900) (4.756) (1.928)
GA -2.116 -3.235%%* -1.088 -2.201 -3.312 -1.751
(1.753) (1.491) (1.910) (2.245) (2.385) (2.358)
Children -2.616 -2.776 1.812 -1.093 -1.163 0.853
(2.174) (2.202) (3.142) (1.762) (1.791) (3.058)
Competitiveness x GA -3.625%%* -3.546*
(1.237) (1.861)
Children x GA -1.844%* -0.806
(0.919) (1.029)
Own hours 0.00796  0.00745  0.00930
(0.0186) (0.0183)  (0.0185)
Observations 120 120 120 120 120 120
R-squared 0.549 0.608 0.552 0.534 0.575 0.536
Number of subjects 40 40 40 40 40 40

Additional Controls: Treatment, Age, Major, and Province

Notes: The dependent variable is Own work hours expectations for columns 1a-3a and Spousal work hours
expectations for columns 1b-3b, which are measured in hours per week. Competitiveness is bid in pairwise all-pay
auction, which is standardized to have a mean of zero and a standard deviation of one. GA is subject’s gender-role
attitude ranging from 1 to 5, with higher value reflecting more traditional attitude. Additional controls include
Treatment fixed effects for the all-pay auction experiment (2 categories: female opponent and mal opponent), Age

fixed effects for the three age points (3 categories: 25, 30, and 35), and major fixed effects (4 categories:

Management, Finance, Quantitative Finance, and Economics), and Province fixed effects for home province of the
subject (16 categories for different provinces). Regressions are estimated using random-effects OLS. Standard errors
(in parentheses) are clustered at the individual level; *** p<0.01, ** p<0.05, * p<0.1.

121



3.4.2.2. GSU Women’s Work Hours Expectations. In contrast to the patterns observed
with Chinese women, the results in Table 20 show no statistically significant associations among
competitiveness, GA, and fertility expectations for GSU women, either for their own or their
spouse’s work hours. Again, there may be several reasons why we find lack of relationship for
GSU women. As discussed further in Section 3.5, GSU students may anticipate a relatively
uniform labor market environment, one in which cultural norms of gender equality reduce the
relevance of both competitiveness and traditional gender role attitudes when forecasting

household labor allocation.

3.4.2.3. GSU Men’s Work Hours Expectations. Extending our earlier findings on salary
expectations, we also observe meaningful relationships between competitiveness, GA, and
expected fertility for GSU men’s expected own and spousal work hours, which we do not find
for GSU women. Table 21, Column 2a suggests that competitiveness is associated with increased
own work hours for men who hold relatively egalitarian GA views, while this positive effect of
competitiveness is weaker or absent among men with more traditional GA.

For spousal work hours, GA and expected number of children both exert significant
influences (Columns 1b and 2b). Specifically, one unit increase in the traditional GA is linked to
a 1.97 (5.6%) reduction in spouses’ expected labor supply, while expecting one additional child
reduces anticipated spousal hours by 3.25 (9.3%). These findings underscore that GSU men with
more traditional gender norms and plans for larger families expect their wives to work fewer
hours. Although the effect of interaction terms between GA, competitiveness, and fertility
expectations are less robust, our findings show that men’s traditional beliefs, coupled with
children, converge to lower spousal labor force participation, whereas competitiveness primarily

shapes their own work expectations.
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Table 20. Regressions of GSU Women's Own and Spousal Work Hours Expectations

Own hours expectations

Spousal hours expectations

(1a) (2a) (3a) (1b) (2b) (3b)
Competitiveness 0.0272  -0.192  0.0224 -0.461 -0.0708 -0.473
(0.548)  (1.020)  (0.555) (0.636) (1.300) (0.643)
GA 0.0538  0.0531  0.0979 0.215 0.216 0.321
(0.526)  (0.528)  (0.657) (0.606) (0.604) (0.705)
Children -0.0812  -0.0772  0.0734 -0.207 -0.221 0.176
(0.976)  (0.986) (1.757) (0.778) (0.790) (1.185)
Competitiveness x GA 0.0891 -0.159
(0.386) (0.532)
Children x GA -0.0579 -0.141
(0.503) (0.460)
Own hours 0.000446  0.000417  0.000414
(0.00325)  (0.00328)  (0.00327)
Observations 222 222 222 222 222 222
R-squared 0.0309  0.0312  0.0313 0.109 0.110 0.112
Number of subjects 74 74 74 74 74 74

Additional Controls: Age, Major, and State

Notes: The dependent variable is Own work hours expectations for columns 1a-3a and Spousal work hours
expectations for columns 1b-3b, which are measured in hours per week. Competitiveness is a survey measure of
general competitiveness, which is standardized to have a mean of zero and a standard deviation of one. GA is
subject’s gender-role attitude ranging from 1 to 7, with higher value reflecting more traditional attitude. Additional
controls include Age fixed effects for the three age points (3 categories: 25, 30, and 35), major fixed effects (4
categories: Management, Finance, Quantitative Finance, and Economics), and State fixed effects for home state of
the subject (7 categories for different states). Regressions are estimated using random-effects OLS. Standard errors
(in parentheses) are clustered at the individual level; *** p<0.01, ** p<0.05, * p<0.1.

123



Table 21. Regressions of GSU Men's Own and Spousal Work Hours Expectations

Own hours expectations

Spousal hours expectations

(1a) (2a) (3a) (1b) (2b) (3b)
Competitiveness 0.682  3.726%*  0.680 0.962 4.667 0.972
(0.809) (1.834) (0.810) (1.848) (4.890) (1.860)
GA -0.352  -0.0391 0.234 -1.972%%* -1.594 -0.971
(0.538)  (0.633) (0.661) (0.946) (1.033) (0.797)
Children -0.809 -0.888 1.891 -3.255%*%  _3.312%% 1.521
(1.225)  (1.206) (3.246) (1.432) (1.437) (2.701)
Competitiveness x GA -1.050 -1.279
(0.655) (1.389)
Children x GA -0.676 -1.169*
(0.676) (0.620)
Own hours -0.00128  -0.00125  -0.00144
(0.00171)  (0.00172)  (0.00157)
Observations 171 171 171 171 171 171
R-squared 0.119 0.148 0.113 0.148 0.163 0.137
Number of subjects 57 57 57 57 57 57

Additional Controls: Age, Major, and State

Notes: The dependent variable is Own work hours expectations for columns 1a-3a and Spousal work hours
expectations for columns 1b-3b, which are measured in hours per week. Competitiveness is a survey measure of
general competitiveness, which is standardized to have a mean of zero and a standard deviation of one. GA is
subject’s gender-role attitude ranging from 1 to 7, with higher value reflecting more traditional attitude. Additional
controls include Age fixed effects for the three age points (3 categories: 25, 30, and 35), major fixed effects (4
categories: Management, Finance, Quantitative Finance, and Economics), and State fixed effects for home state of
the subject (7 categories for different states). Regressions are estimated using random-effects OLS. Standard errors
(in parentheses) are clustered at the individual level; *** p<0.01, ** p<0.05, * p<0.1.
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3.4.3. Discussion on GSU Women’s Null Results

Our findings show that competitiveness and gender role attitudes are significant
predictors of own and spousal labor market expectations for PHBS women and GSU men, but no
comparable relationships are found for GSU women. Several interrelated factors may contribute

to these null results.

First, racial and ethnic diversity among GSU women could mask or dilute associations.
Table 22 shows that over 50% of female subjects identify as Black or African American in our
student sample, which is a demographic group historically noted for a narrower gender gap in
labor force participation. The next largest group is Asians, comprising 25.68%. Such diversity
introduces varying cultural norms, family structures, and labor market goals that may
overshadow the effects of competitiveness and GA on labor market expectations. In contrast, the
PHBS women represent a more homogenous sample of Chinese nationals. Including race

controls in our regressions does not qualitatively change our findings.

Table 22. Ethnicity Composition of GSU Subjects by Gender

Female Male
Obs. (%) Obs. (%)
Asian 57 (25.68) 81 (47.37)
Black African American 114 (51.35) 60 (35.09)
Caucasian 21 (9.46) 12 (7.02)
Hispanic 21 (9.46) 12 (7.02)
Multi-Racial 9 (4.05) 6 (3.51)
Total 222 (100%) 171  (100%)

Second, prevalent egalitarian attitudes among GSU women may weaken the relevance of

competitiveness and GA in shaping expectations, particularly regarding spousal earnings. Over
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68% of participants reject the traditional gender role statements. In this context, GSU women’s
competitiveness may not extend to expectations about a partner's income as it does for Chinese
women. Additionally, in U.S. university environments, expressing traditional gender views may

be socially undesirable, adding noise to GA measures and further reducing observable effects.

Third, the presence of LGBTQ participants, whose relationships may not align with
general gendered "spouse" assumptions may introduce additional variance and weaken the
relationship between GA, competitiveness, fertility expectations, and household labor market
expectations. Our survey did not collect data on sexual orientation, limiting our ability to assess

this factor directly.

Together, these sources of heterogeneity including racial and ethnic diversity, strong
egalitarian norms, and potential variation in relationship structures, likely contribute to the
absence of significant results for GSU women. However, despite studying in the same
institutional context, we find that GSU men exhibit significant associations between
competitiveness, GA, and own and spousal labor market expectations, highlighting potential

gender differences in how these factors may operate.

3.5. Discussion and Conclusion

Our study examines how competitiveness and gender role attitudes correlate with
individuals’ own and spousal labor market expectations across two distinct cohorts: graduate
business students at Peking University HSBC Business School (PHBS) and undergraduate
students at Georgia State University (GSU). By eliciting a detailed survey of salaries and work

hours at three future ages, 25, 30, and 35, we construct a balanced panel and examine how
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psychological and cultural factors correlate with expectations about future household economic

outcomes.

Our results highlight how individual characteristics that are typically unobserved, such as
competitiveness and gender attitudes, may contribute to gender differences in labor and marriage
market outcomes. We also contribute evidence that their interactions with children play a central
role. Among PHBS women, those who expect to have more children also expect to work fewer
hours, but only among those with more traditional gender attitudes (Table 19). Similarly, among
GSU men, expecting more children is associated with lower expected spousal work hours,
particularly for men with traditional gender role attitudes (Table 21). These findings suggest that
gender-role attitudes may be an important dimension for not only spousal matching but also

household formation.

While we document interesting patterns, our analysis is subject to limitations.
Importantly, our sample size is relatively small. At GSU, the sample consists of 74 women and
57 men. At PHBS, the sample includes 40 women and 22 men; this male subsample is too small
to yield reliable regression estimates and is excluded from the main results. To assess the
robustness of our results while retaining a larger sample, we conduct a quantile regression

analysis on the full sample, which includes 90 GSU women, 69 GSU men, and 42 PHBS women.

A key challenge in this robustness check arises from the structure of the data. Our main
independent variables, competitiveness and GA, are measured only once, while labor market
expectations are reported at three future time points. This limits our ability to implement quantile
regression with individual fixed effects. To address this, we perform two analyses. First, we run a

pooled quantile regression across all time points. Second, we average expectations across the
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three time points for each individual and estimate a quantile regression on the mean. Both these

estimates generally yield weaker significance of the coefficients.

A similar attenuation is also reflected in the OLS estimates with pooled effects or on
averaged dependent variables, suggesting that the within-individual variation in expectations
over time is an important dimension that correlates with competitiveness and GA. These
supplementary findings, available upon request, are consistent with the idea that expectations are
dynamic, and that how individuals anticipate changes from age 25 to 35 may vary meaningfully
across levels of GA and competitiveness. A panel quantile regression with random effects may
better chapter this within-individual heterogeneity; however, the econometric application is less

straightforward, and we leave to this for future research.

The large standard errors observed in many of our regression results reflect substantial
sampling variability across our sample, which limits statistical power and the ability to
distinguish true effects from noise. As a result, we interpret our findings as suggestive rather than
conclusive. A promising direction would be to replicate this expectations survey in the LISS
Panel, a longitudinal Dutch household panel that includes detailed demographic information,
competitiveness measures, and potential links to individuals’ future actual labor market

outcomes.

An additional limitation concerns the comparability of the competitiveness measures used
across the PHBS and GSU samples. At PHBS, our analysis relies on an auction measure of
competitiveness, while, for the GSU sample, we primarily use a survey-based measure of
competitiveness. Although not reported, we also conducted parallel analyses for the GSU sample
using incentivized competitiveness measures collected in Chapter 2. However, we find that the

survey measure is a stronger correlate with students’ expectations. This pattern is consistent with
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findings from Buser et al. (2024), which report that the survey measure of competitiveness is a
stronger predictor of labor market outcomes than an incentivized competitiveness tournament
entry measure in the Dutch LISS panel. A greater discussion of the competitiveness measures

used in this dissertation is provided in Chapter 5, Discussion and Conclusion.

The null result we observe for GSU women may also reflect additional variation specific
to the GSU population discussed in Section 3.4.3, including racial and ethnic diversity,
unobserved relationship preferences, and potential biases in GA responses. We cannot determine
whether the absence of a significant relationship between competitiveness, GA, and expectations
for GSU women is due to these factors or because no such relationship exists in this group. This
null finding is particularly interesting given that we do observe significant results for GSU men,
suggesting potential gender differences in how competitiveness and GA relate to labor market

expectations within the same institutional context.

The PHBS women sample is also relatively small and likely reflects a selective group of
women. These female students pursuing a graduate business education in an elite institution in
China may differ substantially from the general population in terms of both labor market
orientation and future expectations. In comparison, GSU women are undergraduate students
across a wide range of majors. However, it is notable that the results for PHBS women mirror the
findings from Chapter 3, where we observe in the Dutch LISS Panel that women’s
competitiveness is significantly associated with their spouse’s future income, but not their own.
This parallel suggests that, across very different cultural and experimental settings, similar

patterns may emerge.

Overall, our study highlights gender differences in how competitiveness and GA shape

expectations about labor market outcomes within a household. By examining both own and
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spousal expectations, we shed light on how cultural and psychological factors can operate not
only at the individual level but also in anticipation of household labor market dynamics. The
observed divergence between PHBS and GSU students underscores the importance of
institutional and societal context, suggesting that competitiveness and gender role attitudes are
likely to shape labor market behavior differently across countries, cultures, and educational
settings. Taken together, these results underscore generally unobserved individual factors like
competitiveness and gender role attitudes may be important in understanding gender differences

in observed labor market outcomes.
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Conclusion

This dissertation examines how individual differences in competitiveness shape labor and
marriage market outcomes with a focus on gender differences. Using both experimental and
survey methods, it explores how gender differences in competitiveness may manifest differently

across the types of competitive environments, domains, and cultural settings.

An important theme emerging from this dissertation is the complexity of measuring
competitiveness. Incentivized laboratory experiments aim to capture competitiveness by
observing revealed preferences under controlled environments. By using induced value methods
and standardized experimental conditions across subjects, incentivized experiments can test
behavioral responses predicted by economic theory. However, such experiments are not without
limitations. As discussed in prior literature and echoed in my findings in Chapter 1, the choice of
competition matters. For example, contrary to the widely documented finding that women are
less likely than men to enter competitions (Niederle & Vesterlund, 2007), I find that women are
as likely as men to enter the competition when it is based on an abstract auction rather than
solving math problems. Such divergence highlights that the context of competition can

significantly shape individual’s competitive behaviors.

Moreover, even within controlled environments, behavioral noise can obscure the
interpretation of observed choices. For example, I find that bidding in a competitive setting is
highly correlated with bidding in a non-competitive setting, showing that subject decisions may
follow behavioral tendencies rather than modeled preferences. This raises important challenges
for experiments that rely on equilibrium predictions which assume that subjects fully understand
the strategic mechanisms and respond with equilibrium behaviors. However, if participants

deviate due to confusion, their actions may not accurately reflect the underlying constructs aimed
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to measure. Indeed, Chapter 1 shows that design features such as instruction quizzes, practice
rounds, and behaviors against a computer may help account for individual heterogeneities and

enhance the experiment’s identification strategy.

By contrast, survey methods are non-incentivized, making them vulnerable to various
forms of biases and subjective interpretation. For example, a generalized question such as “How
competitive do you consider yourself to be?” may be interpreted differently depending on the
individual’s past experiences. Respondents who have been more successful in their careers may
report themselves as more competitive, not necessarily because they have more competitive
personalities, but because they retrospectively associate their success with competitiveness.
Indeed, in Chapter 2, we find that self-reported competitiveness is significantly correlated with
current income. While competitiveness also correlates with future income, much of this
relationship disappears once we control for current income, highlighting the potential for reverse
causality and the importance of controlling for lagged characteristics that may confound the

relationship between survey responses and future outcomes.

Moreover, unlike experimental settings, survey environments lack control over social
distance and observability, and subjects may answer differently based on who they believe is
watching or evaluating their responses. For example, in the “Acting Wife” study, Bursztyn et al.
(2017) show that women report less ambitious career objectives when they expect to share their
answers with their male peers, but not in female-only settings. Even in incentivized experiments,
it is well-documented that observability influence subject behavior. For example, Cox and Deck
(2005) show that reciprocal behavior depends on whether the experimental payment method is
single-blind or double-blind, underscoring the importance of social distance in shaping subject

responses. These social pressures, which are unobserved in survey environments, hence may
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impact self-assessments differently across the genders, particularly in domains with strong

gender norms.

Despite these concerns, survey measures offer several advantages. They are scalable and
easily embedded within large representative socio-economic surveys which can be linked to
diverse datasets, enabling researchers to test the external validity across a wide range of contexts.
The simplicity of survey questions also makes them more accessible and intuitive for
respondents, especially in contrast to complex or abstract experimental tasks. For example, a
widely used risk preference elicitation method like the Holt and Laury (2002) have been
documented to generate inconsistent responses as participants find it difficult to understand the
task (Filippin & Crosetto, 2016). Importantly, economic experiments require careful alignment of
the underlying theoretical framework and payment methods to ensure incentive compatibility of

the experimental design (Cox et al., 2015).

Both experimental and survey-based measures are essential tools for understanding
individual differences in competitiveness. As the literature advances, research continues to
evolve through the development of more rigorously designed experiments, methodological
innovations, and a growing emphasis on the multidimensional nature of competitiveness. For
example, in this dissertation, I employ an abstract auction task that captures both competitive
entry and effort decisions, moving beyond traditional math-based tasks. In parallel, survey-based
research has advanced by decomposing general competitiveness into more nuanced components
and introduced measures such as Enjoyment of Competition and Desire to Win to capture
different facets of competitiveness (Buser & Oosterbeek, 2023; Urbig et al., 2021). Rather than

viewing experiments and surveys as substitutes, utilizing both approaches will provide a more
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comprehensive and rigorous framework for advancing our understanding of how competitiveness

relates to individual’s socioeconomic outcomes.

Causality is an important concern in economic analysis. Experimental methods address
this by using randomized interventions that manipulate a single aspect of the decision
environment while holding others constant. This allows for clean identification of causal effects.
However, in gender research, this approach is more challenging. Gender itself is not randomly
assigned, and it is correlated with a wide array of individual characteristics that may confound

the interpretation of gender differences in observed behaviors or outcomes.

While men and women encounter the same decision space in controlled laboratory
environments, they often face fundamentally different constraints in real-world settings. By age
30, for example, many women weigh the timing and implications of childbirth, introducing
considerations that may extend beyond immediate financial trade-offs. Career choices are shaped
not only by labor market income incentives but also by outside options and constraints, such as
the existence of a domestic partner, long-term care responsibilities, and social expectations.
Generally unobserved by researchers, these constraints complicate the assumption of isolation of
payoffs in field settings and may obscure the true source of gender differences in labor market

outcomes.

The introduction of the birth control pill contributed significantly to a greater gender
equality by enabling women to delay and control childbirth, helping to narrow the gender gap in
labor force participation and earnings. However, in recent decades, this progress has plateaued.
While some of the remaining disparity is attributed to discrimination, gender research
increasingly points to the importance of occupational choices, family formation, and caregiving

responsibilities (Cortés & Pan, 2023).
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A key insight from Chapter 2 challenges the prevailing assumption that women’s lower
competitiveness directly contributes to the gender gap. Rather, I show that women’s higher
competitiveness may also contribute indirectly to the gender gap, by contributing their partner’s
labor market success, thereby widening the intra-household income gap. Preferences for
“marrying up” and increasing their male partner’s earned income may be a rational strategy for
competitive women, especially if they anticipate having children and shifting their focus toward
non-market work. Indeed, Chapter 3 provides further evidence that women’s competitiveness
correlates with a reduction in future work hours expectations for women with traditional gender
role attitudes. These results suggest that women’s competitiveness may not always translate into
their own career ambition but rather an ambition for a higher total household production, driven

by their male partner’s market work and their non-market work.

While non-market work remains unaccounted for in measures like GDP, it constitutes a
significant share of economic activity. This becomes especially evident in dual-income
households, where many tasks, such as childcare, cooking, and cleaning, are outsourced to paid
services. In contrast, single-breadwinner households often rely on one partner’s unpaid labor,
which provides these services internally. As a result, while dual-income families may appear
better off financially in terms of earned income, their net standard of living may not be higher

once outsourcing costs are considered.

Household specialization may be a rational and preferred strategy when home production
and parental care is not easily substitutable with lower-quality market alternatives. This dynamic
is visible among highly educated couples, such as lawyers or MBA graduates, where women are
more likely to reduce their labor market participation after childbirth, particularly when having

high-earning spouses. These patterns underscore the unobserved value of homemaking and the
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role of intra-household substitution, which may help explain why much of the gender gap arises
after marriage and why it has persisted in recent decades despite women’s higher educational
attainment. Therefore, to fully understand the extent of the gender gap and its mechanisms across

households, it would be important to control for spousal income and characteristics.

It is essential to examine gender disparities over the full life cycle, as individual
objectives, constraints, and household dynamics evolve over time. To further explore how
competitiveness affects household outcomes, it would be valuable to study individuals in same-
sex partnerships or those who experience relationship changes. Moreover, it would be interesting
to examine additional domains where women’s competitiveness may manifest, such as children’s

life outcomes and beauty.
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Appendices

Appendix A. Experiment Instructions

Welcome

Welcome to the experiment! Please read and follow the instructions carefully.

No Talking Allowed

We ask that you do not talk. If you have a question, please raise your hand, and the experimenter will approach you and
answer your question in private.

Introduction

This is an experiment in economic decision making. Georgia State University has provided funds for conducting this
research. This study is expected to take no longer than 90 minutes to complete.

You will receive a $3 show-up fee and earn an additional amount based on decisions that you and other participants
make.

The experiment consists of five decision tasks and a survey. At the end of the experiment, one task will be randomly
selected, and earnings from that task will determine your final payment. You will be paid in cash in private at the end of
the experiment.

If you have any questions, or need assistance of any kind, please raise your hand and wait for the experimenter.

Please click Start to begin the experiment.
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Task 1

Instructions

Please select one gamble you would like to play. Each gamble has two possible outcomes (Heads or Tails).
At the end of the experiment, if this task is selected for payment, there will be a random draw between Heads or Tails.

Your earnings in this task will be determined by two factors.
1) The gamble you select.
2) The outcome of the random draw.

For example: If you select Gamble 3 and Heads occur, you will earn $32. If Tails occur, you will earn $8.

Please select your gamble

GAMBLE SELECTION TABLE

Gamble Heads Tails Your Selection
1 $16 $16 o
2 $24 $12 0
3 $32 $8 o
a $40 $4 O
5 $48 $0 O

Task 1

Great! You have completed Task 1.

Please click Next to continue the experiment.

Mext
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Task 2 — Task 5

The next set of tasks will involve an auction.

To ensure your understanding, please complete a quiz on auction instructions and participate in a practice session.

MNext

Quiz on instructions

You must answer all questions correctly to continue the experiment. You can use the calculator provided at the bottom of
the page.

Auction Instructions
You are endowed with $20.00.

You can bid from $0.00 to $20.00 in increments of $0.01. If your bid is higher than your opponent's bid, you will win and
receive the prize of $10.00. Regardless of whether you win or lose, you must pay your bid.

In summary,
o If you WIN:
+ Your earnings = $20.00 - your bid + $10.00
o If you LOSE:
+ Your earnings = $20.00 - your bid
o If you TIE, the winner will be selected at random:
= 50% chance that you WIN
= 50% chance that you LOSE

Questions

Please answer to the 100th cent. You can use the calculator provided at the bottom of the page.

Q1. Suppose you bid $7.07 and you WIN. What is your earnings?

Q2. Suppose you bid $7.07 and you LOSE. What is your earnings?
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Practice session

There will be 5 unpaid practice rounds. In every round, you will be paired with a new opponent who is also a participant.

Practice Round 1

You are paired with an opponent who is also a participant. There is an auction between the two of you.

Please now decide your bid. Please answer to the 100th cent.

Auction Instructions Hide

You are endowed with $20.00.

You can bid from $0.00 to $20.00 in increments of $0.01. If your bid is higher than your opponent’s bid, you will win and
receive the prize of $10.00. Regardless of whether you win or lose, you must pay your bid.

In summary,
o If you WIN:
+ Your earnings = $20.00 - your bid + $10.00
o If you LOSE:
« Your earnings = $20.00 - your bid
o If you TIE, the winner will be selected at random:
= 50% chance that you WIN
= 50% chance that you LOSE
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Practice Round 1

Auction Result

You LOSE

Your bid: $1.5
Opponent's bid: $5.0
Your earnings: $18.5

Auction Instructions Hide

You are endowed with $20.00.

You can bid from $0.00 to $20.00 in increments of $0.01. If your bid is higher than your opponent's bid, you will win and
receive the prize of $10.00. Regardless of whether you win or lose, you must pay your bid.

In summary,
o If you WIN:
» Your earnings = $20.00 - your bid + $10.00
o If you LOSE:
+ Your earnings = $20.00 - your bid
o If you TIE, the winner will be selected at random:
= 50% chance that you WIN
» 50% chance that you LOSE
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Practice session

Great! You have completed the practice session.

Please click Mext to continue the experiment.

Your Practice Results

Round

Task 2 —Task 5

Your bid

$1.5

$6.0

$2.0

$5.0

$7.0

Opponent's bid

$5.0
$4.0
$1.0
$3.0

$6.0

Auction Result

LOSE

WIN

WIN

WIN

WIN

Your earnings
$18.5
$24.0
$28.0
$25.0

$23.0

You will now begin the next set of tasks. You will learn the result of each task at the end of the experiment.

Remember that one task out of five will be randomly selected, and earnings from that task will determine your final

payment.

Please click Start to begin Task 2.
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Task 2

You are paired with an opponent who is also a participant. There is an auction between the two of you.

Your decision

Please now decide your bid. Please answer to the 100th cent.

Auction Instructions Hide

You are endowed with $20.00.

You can bid from $0.00 to $20.00 in increments of $0.01. If your bid is higher than your opponent's bid, you will win and
receive the prize of $10.00. Regardless of whether you win or lose, you must pay your bid.

In summary,
o If you WIN:
= Your earnings = $20.00 - your bid + $10.00
o If you LOSE:
= Your earnings = $20.00 - your bid
o If you TIE, the winner will be selected at random:
= 50% chance that you WIN
= 50% chance that you LOSE

Task 2

Great! You have completed Task 2.

Please click Start to begin Task 3.
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Task 3

You are paired with a new opponent who is also a participant.

Im this task, you first will decide whether to EXIT or ENTER the auction.

IF ¥YOU EXIT, you will receive your endowment of $20.00 and continue the experiment.

IF YOU ENTER, you will make a bid and win if your bid is higher than your opponent's bid in Task 2.

Your decision

EXIT and receive $20.00.

ENTER and make a bid against your opponent’s bid in Task 2.

Auction Instructions Show

Task 3

Please wait for your opponent.
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Task 3

You have decided to ENTER the auction and bid against your opponent's bid in Task 2.

Your decision

Please now decide your bid. Please answer to the 100th cent.

Auction Instructions Show

Task 3

Great! You have completed Task 3.

Please click Start to beqgin Task 4.
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Task 4

You are paired with a computer opponent. There is an auction between the two of you.

The computer opponent makes a random bid between $0.00 and $10.00 in increments of $0.01 with equal probabilities.

Your decision

Please now decide your bid. Please answer to the 100th cent.

Auction Instructions Hide

You are endowed with $20.00.

You can bid from $0.00 to $20.00 in increments of $0.01. If your bid is higher than your computer opponent's bid, you
will win and receive the prize of $10.00. The computer opponent makes a random bid between $0.00 and $10.00 in
increments of $0.01 with equal probabilities. Regardless of whether you win or lose, you must pay your bid.

In summary,
o If you WIN:
+ Your earnings = $20.00 - your bid + $10.00
o If you LOSE:
+ Your earnings = $20.00 - your bid
o If you TIE, the winner will be selected at random:
= 50% chance that you WIN
= 50% chance that you LOSE
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Task 5

You are paired with a new computer opponent who makes a random bid between $0.00 and $10.00 in increments of
$0.01 with equal probabilities..

In this task, you first will decide whether to EXIT or ENTER the auction.

IF ¥YOU EXIT, you will receive your endowment of $20.00 and continue the experiment.

IF YOU ENTER, you will make a bid and win if your bid is higher than your computer opponent's bid.

Your decision

EXIT and receive $20.00.

ENTER and bid against a computer opponent.

Auction Instructions Show

Task 5

You have decided to ENTER the auction and bid against your computer opponent.

Your decision

Please now decide your bid. Please answer to the 100th cent.

Auction Instructions Show
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Survey

Y

Flease answer the survey questions as accurately and hy

=tly as p

Any ind tion yau provide will be strictly

confidential and will be analyzed in such a way that no one will be able to relate said information to you individually.

Page 1

What Is your gender?
Male
Female

Other |please specdy):

Whnat Is your age?

Which of the following applies 1o you?
) Single, never married
Marrnied or in domestic partnership
Widowed, divorced, or separated

Other |please specify):

Which of the following best describes your ethnicity?
' White or Caucasian
! Black or African American
Hspanic
Asian
| Native American
 Multi-Racial
Other |please specify):

Which state were you ralsed in?

if you have mare than ane state, please report the state you consider to te the primary state.

Alabama Alaska | Arizona
Colorado ' Connecticut Delaware
Hawai Idaho iinois
Kansas Kentucky ' Lousiana

) Mazzachusetts Michigan Minnesota

! Montana 'Nebrasxa ' Nevada

' New Mexico New York 'North Carolina
Oklahoma Cregon ) Pennsyivania

) Sauth Dakota ' Tennessce Texas
Virgina Washington West Virgina

Otherjinternational [please specify):

What Is your current year of schooi?
13t (freshman)
2nd
3rd
Ath

5th cr more

Other (please specidy):

What |s your current or intended major?

Arkansas ' Calfornia
' Florida Georgia
Indiana ! lowa
Maine ' Maryland
' Mississippi ) Missoun
_' New Hampshire _ New Jersey
North Dakota ' Ohio
' Rhade Island Scuth Carclina
_ Utah _ Vermont
| Wisconsin ~ Wyoming

if you have mare than ane major, please report the major you consider to be the primary major.
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Page 2

This page asks your beliefs about Task 2 and Task 4 auction outcomes. You will receive an additional $1 for each correct
prediction.

In Task 2, you were put in an auction against a participant opponent. Your bid was $2.0.

Please predict your Task 2 outcome.
You WIN
You LOSE

In Task 4, you were put in an auction against a computer opponent. Your bid was $5.0.

Please predict your Task 4 outcome.
You WIN
You LOSE

Page 3

This page asks your belief about your participant opponent in Task 2.

Please predict which of the five gambles your opponent has selected. If your predicted choice matches your opponent’s
actual choice, you will receive an additional $2.

Please make your prediction

GAMBLE PREDICTION TABLE
Gamble Heads Tails Your Prediction
1 $16 $16 (©)
2 $24 $12 O
3 $32 $8 O
4 $40 $4 (@)
5 $48 $0 O
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Page 4

Please answer the following questions.

How competitive do you consider yourself to be?
You can express this using the scale below, which runs from 0 - meaning, "not at all competitive” - to 10, which means
"extremely competitive".

0 1 2 3 4 5 6 7 8 9 10

Picture the following situation.

You are taking part in an experiment in which you are paid according to your performance on the following task. The task
consists of adding up five numbers without using a calculator (for example: 43+82+11+94+468=7?). You are given five
minutes to make as many of such sums as you can. You are also given the choice of two options regarding the payout.

Option 1: Piecework pay: you receive $1 for each correct answer.

Option 2: Competition: you compete with three other people. If you get more answers right than the others, you will
receive $4 for each correct answer. Otherwise, you will not receive anything. The other three people are chosen at
random from other participants in this experiment.

Which option would you choose?
Option 1: Piecework pay
Option 2: Competition

How well do you think you would perform at the task described above (adding up five two-digit numbers) compared to 3
other participants in this experiment, chosen at random?
How do you think you would rank in this group?
(1 stands for "the best of the group of 4" and 4 stands for “the worst of the group of 4").
1 2 3 4

How do you see yourself? Are you generally someone who is willing to take risks, or do you try to avoid risks?
You can express this using the scale below, which runs from 0 - meaning, "not at all willing to take risks" - to 10, which
means "very willing to take risks".

0 1 2 3 4 5 6 7 8 9 10
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Appendix B. Additional Tables

Table B1. OLS Regressions of Efforts in Task 1 Human Auction on Gender for Non-Confused
Subjects

Effort
No-Overbidding No-Mistakes
@) @) 3) 4
Female 2.262*  1.725 1.499 1.562
(1.250)  (1.050) (1.305) (1.122)
Player's risk tolerance -0.0869  0.299 0.610 0.564
(0.608) (0.512) (0.652)  (0.561)
Beliefs about opp.'s risk tolerance  0.570  0.488 0.180 0.785
(0.542) (0.454) (0.576)  (0.504)
Effort in computer auction 1.160%** 0.749%**
(0.163) (0.114)
Mistakes 2.136%*  0.960
(1.053) (0.898)
Observations 129 129 130 130
Adjusted R-squared 0.0425  0.327 -0.00678  0.255

Controls: Treatment order and Majors

Notes: The dependent variable is efforts in Task 1 human auction. Columns 1 and 2 exclude subjects who bid above
11 in Task 3 computer auction. Columns 3 and 4 exclude subjects who made any mistakes in the instructions quiz.
Female is a dummy variable that equals 1 if female and 0 otherwise. Player’s risk tolerance is subject’s standardized
risk tolerance measure constructed from the predicted value of subject’s gamble choice on the survey assessment of
risk. Beliefs about opp.’s risk tolerance is subject’s belief about her opponent’s choice in the incentivized risk
elicitation task which takes integer values from 1 to 5. Effort in computer auction is subject’s effort in Task 3
computer auction. Mistakes is number of mistakes made in the instructions quiz. Treatment is a dummy variable that
equals 1 if subject faced computer auctions first and 0 otherwise. Majors is a fixed effect with 6 categories (Arts,
Business-Finance-Management, Nursing-Health, Public-Social-Science, STEM, and Other); Standard errors in
parentheses *** p<00.01, ** p<0.05, * p<0.1.
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Table B2. Quantile Regressions of Efforts in Task 1 Human Auction on Gender

Effort
Q25 Q50 Q75
O 3) “) 5) 6)
Female 3.991**  0.514 3.082* 1.294 2.527 2.648*
(1.806) (1.312) (1.658) (1.088) (1.987)  (1.576)
Player's risk tolerance 0.287  0.0147 0.283 0.345 0.360 0.484
(0.902) (0.656) (0.828) (0.544) (0.992)  (0.788)
Beliefs about opp.'s risk tolerance  0.615 0.586 0.621 0.649 1.105 1.064
(0.799) (0.583) (0.734)  (0.484) (0.879)  (0.701)
Effort in computer auction 0.881%** 0.932%** 0.746%**
(0.132) (0.109) (0.158)
Mistakes 3.227**%  0.909 2.991**  0.0636 1.842 1.352
(1.424) (1.058) (1.308) (0.878) (1.567)  (1.271)
Observations 158 158 158 158 158 158
Pseudo R-squared 0.105 0.275 0.058 0.262 0.069 0.243

Controls: Treatment order and Majors

Notes: The dependent variable is efforts in Task 1 human auction. Columns 1 and 2 reports regressions at 25"
percentile, 3 and 4 reports 50" percentile, and 5 and 6 reports 75" percentile. Female is a dummy variable that
equals 1 if female and 0 otherwise. Player’s risk tolerance is subject’s standardized risk tolerance measure
constructed from the predicted value of subject’s gamble choice on the survey assessment of risk. Beliefs about
opp.’s risk tolerance is subject’s belief about her opponent’s choice in the incentivized risk elicitation task which
takes integer values from 1 to 5. Effort in computer auction is subject’s effort in Task 3 computer auction. Mistakes
is number of mistakes made in the instructions quiz. Treatment is a dummy variable that equals 1 if subject faced
computer auctions first and 0 otherwise. Majors is a fixed effect with 6 categories (Arts, Business-Finance-
Management, Nursing-Health, Public-Social-Science, STEM, and Other); Standard errors in parentheses ***
p<00.01, ** p<0.05, * p<0.1.
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Table B3. Summary Statistics for Couples

Female Male
Obs. Mean S.d. Obs. Mean S.d.
Age 670 4694 10.96 670 49.16 10.95
Education 670 3.92 1.24 670  4.05 1.16
March 2017 Income (€) 635 1,570 1,263 621 3,246 1,505
Real average monthly income (€) 552 1,708 1,331 541 3,523 1,543
Average work hours (2017 —2021) 360 18.69 14.08 340 35.55 10.53
Children living in household 670 1.09 1.17 670 1.09 1.17
Competitiveness 670  5.99 2.00 670  6.62 1.90
Risk tolerance 670 1.09 1.17 670 1.09 1.17

Notes: Couples include respondents who have a cohabitating partner regardless of marital status. Age is the average age of subjects

across the years from March 2017 to January 2021. Education is measured as the highest level of education achieved with 5 categories
(Other/Not yet started; Primary school; Pre-vocational education; Higher secondary education, Vocational education,
College/University). ). Real average future monthly income has 2017 as the base year and averaged across April 2017 to January
2021). Average work hours are measured in hours per week and averaged across year 2017 to 2021. Children in household is the

average number of living-at-home children who are either children of the household head or his/her partner. Competitiveness is

measured with a self-reported response to the question, “How competitive do you consider yourself to be?” from 0 (not competitive at
all) to 10 (Very competitive). Risk tolerance is measured with a self-reported response to the question, “How do you see yourself: Are
you a person who is generally willing to take risks, or do you try to avoid taking risks?” from 0 (not at all willing to take risks) to 10

(very willing to take risks
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Table B4. OLS Regressions of Married Men’s and Women’s Income on Competitiveness

Average monthly income (€)

March  April 2017 2018 2019 2020 2021
2017 —Dec 2017
0] 2 3) “4) 3 (6)
Panel A. Married men’s income (N = 479; Adj. R-squared =~ 0.18)
Men’s competitiveness 185.2%* 197.2%**  210.8%*%* 243 Q*** 243 g¥** 186.2%*
(72.54) (71.69) (73.12) (76.43) (77.78) (78.96)
Women’s competitiveness 208.9%** 223 2%¥* D54 6¥*¥* 253 QFFF 245 7¥*¥*F  250.6%**

(7132)  (70.65) (72.23) (76.26) (77.56) (77.65)

Panel B. Married women’s income (N = 492; Adj. R-squared = 0.25)

Men’s competitiveness 19.79 8.581 -22.80 -30.21 -23.47 -23.56
(55.13) (55.17) (57.39) (59.88) (64.22) (68.04)
Women’s competitiveness 145 .4%** 121.6** 147.9%** 147.4** 147.0%** 142.3%**

(54.90)  (54.68) (56.80) (59.83) (63.30) (66.23)

Panel C. Married men’s income controlling for March 2017 income (N = 470; Adj. R-squared ~ 0.84)

Men’s competitiveness 13.09 19.69 43.59 50.78 21.84
(13.73) (28.72) (37.20) (40.62) (45.40)
Women’s competitiveness 20.77 56.36** 63.02%* 75.27* 83.79%*
(13.72) (28.58) (37.32) (40.77) (45.05)
Men’s March 2017 Income 0.973***  (0.940*%**  0.917***  (0.906***  (.854%%**
(0.00866)  (0.0181) (0.0234) (0.0257) (0.0282)
Women’s March 2017 Income 0.00366 0.0246 0.0399 0.0655* 0.0362

(0.0113)  (0.0234)  (0.0309)  (0.0338)  (0.0372)

Panel D. Married women’s income controlling for March 2017 income (N ~ 471; Adj. R-squared ~ 0.82)

Men’s competitiveness -8.292 -33.05 -18.33 -11.91 -5.117
(13.65) (25.66) (29.19) (36.52) (42.08)
Women’s competitiveness -18.56 14.21 15.68 36.81 39.55
(13.64) (25.53) (29.29) (36.16) (41.32)
Men’s March 2017 Income 0.00618 0.00480 -0.0240 -0.0315 -0.0354
(0.00861)  (0.0162) (0.0184) (0.0230) (0.0260)
Women’s March 2017 Income 0.972%**  (0.921%**  (.932%**  (.926%**  (.9]12%**

(0.0112)  (0.0209)  (0.0242)  (0.0302)  (0.0343)

Controls: Men’s age, Men’s education, Men’s risk tolerance, Women’s age, Women’s education, Women’s risk
tolerance, and Children.

Notes: The dependent variable is the average monthly income in each year measured in Euros. The sample includes only married
couples in the corresponding year. The corresponding year for each regression is indicated in the second to the top row. Control
variables are indicated in the bottom row. Competitiveness is measured with a self-reported response to the question, “How
competitive do you consider yourself to be?” from 0 (not competitive at all) to 10 (Very competitive). Risk tolerance is measured
with a self-reported response to the question, “How do you see yourself: Are you a person who is generally willing to take risks,
or do you try to avoid taking risks?” from 0 (not at all willing to take risks) to 10 (very willing to take risks). Competitiveness and
Risk are standardized to have a mean of zero and a standard deviation of one. All control variables are measured in March 2017
or before. Education is divided into 5 categories (Other/Not yet started; Primary school; Pre-vocational education; Higher
secondary education, Vocational education, College/University). The omitted Education category in the regression is Other/Not
yet started. Children is the number of living-at-home children who are either children of the household head or his/her partner.
Regressions are estimated using OLS. Standard errors in parentheses; *** p<0.001, ** p<0.05, * p<0.1.
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Table B5. OLS Regressions of Partnered Men and Women's Income on Both Men's and
Women's Competitiveness

Average monthly income (€)

Men’s Women’s
)] 2
Panel A. March 2017 income
Men's competitiveness 199.7*** 51.66
(63.54) (50.06)
Women's competitiveness 176.9%** 149 4%
(63.57) (50.65)
Men's risk tolerance 6.266 -42.89
(60.97) (48.24)
Women's risk tolerance -103.8* 84.47*
(62.23) (49.36)
N 617 631
Adjusted R-squared 0.146 0.236
Panel B. Average monthly income (April 2017 — Jan 2021)
Men's competitiveness 223.8%%* -9.240
(68.54) (55.67)
Women's competitiveness 227 .4%%* 140.3**
(67.71) (55.11)
Men's risk tolerance 7.260 22.81
(66.98) (54.57)
Women's risk tolerance -133.5%%* 102.4%*
(67.91) (55.12)
N 539 550
Adjusted R-squared 0.176 0.259
Panel C. Average monthly income (April 2017 — Jan 2021) controlling for March 2017 income
Men's competitiveness 38.70 -22.17
(27.58) (24.45)
Women's competitiveness 62.29%* 22.75
(27.49) (24.32)
Men's risk tolerance 4.502 67.65%%*
(26.69) (23.67)
Women's risk tolerance -43.04 3.208
(27.31) (24.10)
N 536 536
Adjusted R-squared 0.870 0.861

Controls: Age, Education, Marital status, and Children. Panel C also includes Men’s and Women’s March 2017
income.

Notes: The dependent variable of Panel A is the average monthly income across March 2017 to January 2021 and Panel B is the
average monthly income across April 2017 to January 2021. Column 1 reports the regression of men’s income and column 2 reports
the regression of women’s income. The sample is restricted to those who do not change their relationship status from 2017 to 2021.
Competitiveness is measured with a self-reported response to the question, “How competitive do you consider yourself to be?” from 0
(not competitive at all) to 10 (Very competitive). Risk tolerance is measured with a self-reported response to the question, “How do
you see yourself: Are you a person who is generally willing to take risks, or do you try to avoid taking risks?” from 0 (not at all
willing to take risks) to 10 (very willing to take risks). Competitiveness and Risk are standardized to have a mean of zero and a
standard deviation of one. All control variables are measured in March 2017 or before. Education is divided into 5 categories
(Other/Not yet started; Primary school; Pre-vocational education; Higher secondary education, Vocational education,
College/University) and is based on the 2017 response. The omitted Education category in the regression is Other/Not yet started.
Marital status is measured with 5 categories (Married, Separated, Divorced, Widow or Widower, and Never married) and is based on
the 2017 response. The omitted Marital status in the regression is Married. Children is the number of living-at-home children who are
either children of the household head or his/her partner. Regressions are estimated using OLS. Standard errors in parentheses; ***
p<0.001, ** p<0.05, * p<0.1.
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Table B6. OLS Regressions of the Inverse Hyperbolic Sine of Partnered Men’s and Women’s
Income on Competitiveness

[HS(Average monthly income) (€)

March  April 2017 2018 2019 2020 2021
2017 —Dec 2017
@ 2 (€)] “) ) (6)
Panel A. partnered men’s income (N = 595; Adj. R-squared = 0.12)
Men’s competitiveness 0.173***  0.101%**  0.0846*** 0.0975%** 0.0917*** (.0785%**
(0.0584)  (0.0287) (0.0249) (0.02206) (0.0214) (0.0229)
Women’s competitiveness 0.138**  0.0851***  (0.0894***  (0.0795*** 0.0767*** 0.0889***
(0.0583)  (0.0288) (0.0250) (0.0228) (0.0216) (0.0228)
Panel B. Partnered women’s income (N = 609; Adj. R-squared ~ 0.24)
Men’s competitiveness 0.178 0.114 0.0960 0.0370 0.0583 0.0665
(0.137) (0.131) (0.132) (0.137) (0.143) (0.149)
Women’s competitiveness 0.353%* 0.313%* 0.364%**  0.393%%*%  (.4]18%** 0.310%*
(0.138) (0.131) (0.133) (0.137) (0.142) (0.147)

Panel C. Partnered men’s income controlling for the inverse hyperbolic sine of March 2017 income (N = 580; Adj.

R-squared = 0.54)

Men’s competitiveness 0.0260* 0.0265 0.0488***  0.0511***  0.0359*
(0.0139) (0.0167) (0.0185) (0.0182) (0.0194)
Women’s competitiveness 0.0304**  0.0487***  (0.0539*** (.0538***  (0.0637***
(0.0140) (0.0168) (0.0186) (0.0183) (0.0193)
IHS(Men’s March 2017 Income) 0.432%**  (.318***  (0.228%**%  (.195%**  (.200%**
(0.00961)  (0.0114) (0.0129) (0.0125) (0.0131)
IHS(Women’s March 2017 Income) -0.00463 -0.00638 -0.00325 -0.00203 0.00136
(0.00415)  (0.00498)  (0.00557)  (0.00540)  (0.00574)

Panel D. Partnered women’s income controlling for the inverse hyperbolic sine of March 2017 income (N = 583;

Adj. R-squared ~ 0.70)

Men’s competitiveness -0.0398 -0.0151 -0.0657 -0.0464 -0.0247
(0.0521) (0.0740) (0.0781) (0.0944) (0.104)
Women’s competitiveness 0.0148 0.0888 0.124 0.168* 0.0985
(0.0523) (0.0741) (0.0782) (0.0943) (0.103)
IHS(Men’s March 2017 Income) 0.00647 0.0176 0.00455 0.0165 0.0162
(0.0359) (0.0505) (0.0526) (0.0629) (0.0679)
IHS(Women’s March 2017 Income) 0.872%**  0.786%**  (.796%**  (.738***  (.723***
(0.0155) (0.0219) (0.0234) (0.0279) (0.0306)

Controls: Men’s age, Men’s education, Men’s risk tolerance, Women’s age, Women’s education, Women’s risk

tolerance, Marital status, and Children.

Notes: The dependent variable is the inverse hyperbolic sine of the average monthly income in each year measured in Euros. The
corresponding year for each regression is indicated in the second to the top row. Control variables are indicated in the bottom
row. Competitiveness is measured with a self-reported response to the question, “How competitive do you consider yourself to
be?” from 0 (not competitive at all) to 10 (Very competitive). Risk tolerance is measured with a self-reported response to the
question, “How do you see yourself: Are you a person who is generally willing to take risks, or do you try to avoid taking risks?”
from 0 (not at all willing to take risks) to 10 (very willing to take risks). Competitiveness and Risk are standardized to have a
mean of zero and a standard deviation of one. All control variables are measured in March 2017 or before. Education is divided
into 5 categories (Other/Not yet started; Primary school; Pre-vocational education; Higher secondary education, Vocational
education, College/University). The omitted Education category in the regression is Other/Not yet started. Marital status is
measured with 5 categories (Married, Separated, Divorced, Widow or Widower, and Never married). The omitted Marital status
in the regression is Married. Children is the number of living-at-home children who are either children of the household head or
his/her partner. Regressions are estimated using OLS. Standard errors in parentheses; *** p<0.001, ** p<0.05, * p<0.1.
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Table B7. Probit Regressions of Partnered Men’s and Women’s Full-time Status on
Competitiveness

Full-time status

Women'’s Men’s
(@) 2)
Panel A. Full-time status 2017
Men’s competitiveness -0.00 0.02
(0.05) (0.06)
Women’s competitiveness -0.01 0.00
(0.05) (0.06)
N 666 662
Adjusted R-squared 0.0251 0.0241
Panel B. Average full-time status 2018—2021
Men’s competitiveness 0.07 -0.04
(0.05) (0.06)
Women’s competitiveness 0.03 0.08
(0.05) (0.06)
N 668 666
Adjusted R-squared 0.0241 0.0330
Panel C. Average full-time status 2018—2021controlling for 2017 full-time status
Men’s competitiveness 0.08 -0.07
(0.05) (0.06)
Women’s competitiveness 0.04 0.08
(0.05) (0.06)
N 668 666
Adjusted R-squared 0.148 0.148

Controls: Age, Education, Marital status, and Children. Panel C also includes Men’s and Women’s 2017

full-time status.
Notes: Couples include respondents who have a cohabitating partner regardless of marital status. Full-time status is a
categorical variable which equals 1 if the respondent’s average work hours per week exceeds 35. Competitiveness is
measured with a self-reported response to the question, “How competitive do you consider yourself to be?”” from 0
(not competitive at all) to 10 (Very competitive). Competitiveness is standardized to have a mean of zero and a
standard deviation of one. All control variables are measured in March 2017 or before. Education is divided into 5
categories (Other/Not yet started; Primary school; Pre-vocational education; Higher secondary education, Vocational
education, College/University) and is based on the 2017 response. The omitted Education category in the regression
is Other/Not yet started. Marital status is measured with 5 categories (Married, Separated, Divorced, Widow or
Widower, and Never married) and is based on the 2017 response. The omitted Marital status in the regression is
Married. Children is the number of living-at-home children who are either children of the household head or his/her
partner. Table reports coefficients from a Probit Regression; standard errors in parentheses; *** p<0.001, ** p<0.05,
* p<0.1.
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Appendix C. Household Income

Table C1 reports the results for household income, controlling for March 2017 household
income averaging over the months after March 2017. In line with Observation 2, men’s
competitiveness is not significant in predicting future household income. Only women’s
competitiveness increases household income. A one standard deviation increase in women’s

competitiveness increases the household income by 1.8% or €89.53 per month.
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Table C1. OLS Regressions of Household Income on Both Men’s and Women’s Competitiveness

Average household income (€)

(@)
Panel A. Household income March 2017
Men’s competitiveness 250.7%%*
(80.82)
Women’s competitiveness 339.4%**
(81.19)
Men’s risk tolerance -44.87
(77.50)
Women’s risk tolerance -25.02
(79.44)
N 615
Adjusted R-squared 0.248
Panel B. Average monthly household income (April 2017 — Jan 2021)
Men’s competitiveness 227.3%*
(88.20)
Women’s competitiveness 388.4%%*
(87.20)
Men’s risk tolerance 24.68
(86.37)
Women’s risk tolerance -46.03
(87.72)
N 536
Adjusted R-squared 0.285
Panel C. Average monthly income (April 2017 — Jan 2021) controlling for March 2017 income
Men’s competitiveness 11.87
(36.90)
Women’s competitiveness 93.03**
(36.91)
Men’s risk tolerance 72.44%*
(35.82)
Women’s risk tolerance -39.05
(36.45)
N 534
Adjusted R-squared 0.877

Controls: Age, Education, Marital status, Children. Panel C also includes March 2017 household income.

Notes: The dependent variable of Panel A is the average monthly household income across March 2017 to January 2021 and Panel B
is the average monthly household income across April 2017 to January 2021. Average monthly household income is calculated as
men’s average monthly income plus women’s average monthly income. Observations are restricted to those who remain partnered in
the years 2017 to 2021. Competitiveness is measured with a self-reported response to the question, “How competitive do you consider
yourself to be?” from 0 (not competitive at all) to 10 (Very competitive). Risk tolerance is measured with a self-reported response to
the question, “How do you see yourself: Are you a person who is generally willing to take risks, or do you try to avoid taking risks?”
from 0 (not at all willing to take risks) to 10 (very willing to take risks). Competitiveness and Risk are standardized to have a mean of
zero and a standard deviation of one. All control variables are measured in March 2017 or before. Education is divided into 5
categories (Other/Not yet started; Primary school; Pre-vocational education; Higher secondary education, Vocational education,
College/University) and is based on the 2017 response. The omitted Education category in the regression is Other/Not yet started.
Marital status is measured with 5 categories (Married, Separated, Divorced, Widow or Widower, and Never married) and is based on
the 2017 response. The omitted Marital status in the regression is Married. Regressions are estimated using OLS. Children is the
number of living-at-home children who are either children of the household head or his/her partner. Standard errors in parentheses;
*** p<0.001, ** p<0.05, * p<0.1.
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Appendix D. Inclusion of Job Types

We report here the analyses of couple’s monthly income on competitiveness controlling
for job types. The question in the work survey asked, “What is your current profession?”.
Following Buser et al. we divide the answers into the following levels: 1 = higher academic or
independent profession (e.g., architect, physician, scholar, academic instructor, engineer), 2 =
higher supervisory profession (e.g., manager, director, owner of a large company, supervisory
civil servant), 3 = intermediate academic or independent profession (e.g., teacher, artist, nurse,
social worker, policy assistant), 4 = intermediate supervisory or commercial profession (e.g.,
head representative, department manager, shopkeeper), 5 = other mental work (e.g.,
administrative assistant, accountant, sales assistant, family care worker), 6 = skilled manual (e.g.,
car mechanic, foreman, electrician) or semi-skilled manual (e.g., driver, factory worker), and 7 =

unskilled (e.g., cleaner, packer) or agrarian (e.g., farmworker).

Table D1 shows the yearly regression results for average monthly income on men’s and
women’s competitiveness controlling for March 2017 income. The regression specifications are
the same as our main results in Table 11, except that we add dummy variables for job types for
each year. We find that women’s competitiveness is not affected by the inclusion of job types
showing that occupation sorting is not a likely channel through which women’s competitiveness

increases men’s future income.
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Table D1. OLS Regressions of Partnered Men’s and Women’s Income on Competitiveness
Controlling for Job Types

Average monthly income (€)

March  April 2017 2018 2019 2020 2021
2017  —Dec 2017
(@) ) 3) 4 (©) (6)
Panel A. partnered men’s income (N = 444; Adj. R-squared = 0.258)
Men’s competitiveness 144 .4%** 149.6** 141.5%*  188.1**  192.6** 128.7
(66.50) (65.56) (70.12)  (73.94) (78.49) (82.71)
Women’s competitiveness 227.5%*%%  240.3%*%* D33 SFkEk  DO3 FEkEk DST IHRk* 33D SAk*

(66.54)  (6571)  (71.97)  (82.13) (84.42)  (86.22)

Panel B. Partnered women’s income (N = 455; Adj. R-squared =~ 0.362)

Men’s competitiveness 114.5%* 82.82 92.71* 122.7%  134.5%* 70.01
(51.39) (50.96) (56.12)  (62.84) (67.17) (71.86)
Women’s competitiveness -55.90 -37.93 69.65 85.56 69.34 52.63

(49.70)  (49.30)  (54.40)  (59.26)  (63.47)  (69.63)

Panel C. Partnered men’s income controlling for March 2017 income (N =~ 352; Adj. R-squared ~ 0.694)

Men’s competitiveness 7.621 12.33 57.74 64.10%* 3991
(13.09) (25.72) (35.14)  (38.31) (42.44)
Women’s competitiveness 18.25 54.10%*  64.22*  79.33**  104.9%*
(13.18) (25.85) (3549) (38.69) (42.36)
Men’s March 2017 Income 0.974%*%  (0.941%** (.898*** (.887*** (.845%**
(0.00836)  (0.0163) (0.0224) (0.0245) (0.0267)
Women’s March 2017 Income 0.000878 0.0200 0.0442  0.0752**  0.0571*

(0.0104)  (0.0205) (0.0285) (0.0311)  (0.0340)

Panel D. Partnered women’s income controlling for March 2017 income (N = 369; Adj. R-squared = 0.69)

Men’s competitiveness -1.552 -34.63 -19.57 -16.73 -13.31
(13.84) (24.05)  (28.10) (34.01) (38.58)
Women’s competitiveness -26.53% 14.95 19.06 49.48 54.37
(13.94) (24.18)  (28.22) (34.01) (38.23)
Men’s March 2017 Income -0.000412  -0.00405 -0.0221  -0.0275  -0.0335
(0.00884)  (0.0152) (0.0178) (0.0215) (0.0241)
Women’s March 2017 Income 0.957***  0.903*** (910%** (.899*** (.890%**

(0.0110)  (0.0191) (0.0226) (0.0274)  (0.0306)

Controls: Men’s age, education, and job types, Women’s age, education, and job types, Marital status, and
Children. Panels C and D also include men’s and women’s March 2017 income.

Notes: The dependent variable is the average monthly income in each year measured in Euros. The corresponding year for each
regression is indicated in the second to the top row. Control variables are indicated in the bottom row. Competitiveness is
measured with a self-reported response to the question, “How competitive do you consider yourself to be?” from 0 (not
competitive at all) to 10 (Very competitive). Risk tolerance is measured with a self-reported response to the question, “How do
you see yourself: Are you a person who is generally willing to take risks, or do you try to avoid taking risks?” from 0 (not at all
willing to take risks) to 10 (very willing to take risks). Competitiveness and Risk are standardized to have a mean of zero and a
standard deviation of one. All control variables are measured in March 2017 or before. Education is divided into 5 categories
(Other/Not yet started; Primary school; Pre-vocational education; Higher secondary education, Vocational education,
College/University). The omitted Education category in the regression is Other/Not yet started. Marital status is measured with 5
categories (Married, Separated, Divorced, Widow or Widower, and Never married). The omitted Marital status in the regression
is Married. Children is the number of living-at-home children who are either children of the household head or his/her partner.
Job types is measured in 6 categories (Higher academic or independent profession; Higher supervisory profession, Intermediate
academic or independent profession, Intermediate supervisory or commercial profession, Other mental work, Skilled manual or
semi-skilled manual, and Unskilled or agrarian). The omitted Job types in the regression is Unskilled or agrarian. Regressions are
estimated using OLS. Standard errors in parentheses; *** p<0.001, ** p<0.05, * p<0.1
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Appendix E. Experiment and Survey Instructions for PHBS

Instructions for Competitiveness Experiment

You are asked to participate in a study of economic decision making. The study will take
approximately 20 minutes to complete. This study is comprised of three parts to be described at
the appropriate time. Your earnings for the study will be determined by the decisions you and the
other Players make in each part. How your compensation will be determined is explained below.
You will be paid in private at the end of the session.

One of Part 1 or Part 2 will be selected at random for payment, which will be added to your
earnings from Part 3. Your earnings from Part 1 and Part 2 are uncertain, and your earnings from
Part 3 are fixed at 5 RMB. In total, you can earn up to 54 RMB. At the end of the study, you will
be asked to submit your WeChat ID in order to receive your earnings.

If you have any questions, please contact the experimenter.

Contact Information
Wechat ID: experimentPHBS
Email: experimentphbs@phbs.pku.edu.cn
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Part 1: Instructions

Your opponent is a Male student

© You are randomly paired with your opponent, who is also a subject in this experiment.
© You can find the gender of your opponent above.

© There will be an auction between the two of you.

© Each of you is endowed with 15 RMB.

© When the auction begins, you will use the 15 RMB we gave you to bid in the auction.
© The prize of the auction is 10 RMB.

© Both you and your opponent can only bid once in the auction.

* Please note that if your opponent chooses a lower bid than you do, you are the winner in the
auction and earn the extra 10 RMB which is the prize of the auction. Your opponent earns no
extra money since he/she loses, but he/she still has to pay his/her bid.

* By the same reasoning, if your opponent chooses a higher bid than you do, he/she will be the
winner and earns the extra 10 RMB. But both of you have to pay your own bid.

* [f the two of you choose the same bid, one of you will be randomly selected as the winner.

* [f both of you bid zero, then none of you earns any additional payment.

© In other words, your payoff will be the following:

* If you win: 15 RMB - your bid + 10 RMB
* [f you lose: 15 RMB - your bid
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Part 1: Test of Understanding

Following are 6 multiple-choice questions designed to check your understanding of the
instructions. You will receive 2 RMB for answering all questions correctly.

1. Assume that you bid 8 and you win. How much will you receive?
7, 15,10, 17
2. Assume that you bid 6 and you lose. How much will you receive?
1,6,9,15
3. Assume that you bid 10 and you tie. How much will you receive?
You receive 15 with 50% chance and you receive 5 with 50% chance
You receive 10 with 50% chance and you receive 0 with 50% chance
15
5
4. Assume that you bid 15 and you win. How much will you receive?
0,15,10,8
5. Assume that you bid 15 and you tie. How much will you receive?
You receive 25 with 50% chance and you receive 10 with 50% chance
You receive 10 with 50% chance and you receive 0 with 50% chance
0
10
6. Assume that you bid 0. How much will you receive?

0,15,10,8
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Part 1; Bid

Your opponent is a Male student

Please now decide your bid:

[Drop down menu: 0, 0.5, 1, 1.5, 2, 2.5, 3,3.5,4,4.5,5,5.5,6,6.5,7,7.5,8,8.5,9,9.5, 10, 10.5,
11,11.5,12,12.5, 13, 13.5, 14, 14.5, 15]
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Part 2: Gamble Selection

In this part of the study you will select from among five different gambles the one gamble you
would like to play. The five different gambles are listed on your GAMBLE SELECTION
SHEET. You must select only one of these gambles.

Each gamble has two possible outcomes (Event A or Event B) with the indicated probabilities of
occurring. Your compensation for this part of the study will be determined by: 1) which of the
five gambles you select; and 2) which of the two possible events occur.

For example: If you select gamble 4 and Event A occurs, you will earn 40 RMB. If Event B
occurs, you will earn 4 RMB.

For every gamble, each event has a 50% chance of occurring.

At the end of the study, you will roll a six-sided die using WeChat to determine which event will
occur. If youroll a 1, 2, or 3, Event A will occur. If you roll a 4, 5, or 6, Event B will occur.

There will be a separate roll of the die for each player.
Please select your gamble

GAMBLE SELECTION SHEET

Gamble Event Payoff Probabilities Your Selection

1 A 16 RMB 50%
B 16 RMB 50%
2 A 24 RMB 50%
B 12 RMB 50%
3 A 32 RMB 50%
B 8 RMB 50%
4 A 40 RMB 50%
B 4 RMB 50%
5 A 48 RMB 50%
B 0RMB 50%
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Part 2: Gamble Prediction

Your opponent is a Male student

For this part of the study you will select which of the five gambles you predict your opponent
from Part 1 has selected for himself/herself and mark your prediction on your GAMBLE
PREDICTION SHEET. You can find your opponent above. For a correct match between the
opponent's actual choice and your predicted choice for the opponent, you will receive a bonus of
1 RMB.

For example:

If your opponent selected gamble 2 for him/herself and you predicted that he/she would select
gamble 5, you will receive no additional payment.

If your opponent selected gamble 4 for him/herself and you predicted that he/she would select
gamble 4, you will receive a bonus of 1 RMB.

Please select your gamble

GAMBLE SELECTION SHEET

Gamble Event Payoff Probabilities Your Selection

1 A 16 RMB 50%
B 16 RMB 50%
2 A 24 RMB 50%
B 12 RMB 50%
3 A 32 RMB 50%
B 8 RMB 50%
4 A 40 RMB 50%
B 4 RMB 50%
5 A 48 RMB 50%
B 0 RMB 50%
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Payment information

Please provide your WeChat ID in order to receive your earnings.

WeChat ID:
Contact Information

WeChat ID: ExperimentPHBS

Email: experimentphbs@phbs.pku.edu.cn
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Instructions for Survey

We are conducting a research study about student’s expectations about future employment and
marriage.

We invite your participation in this brief (5 - 10 minute) survey. You will be compensated 5 RMB
for completing the survey. At the end of the survey, you will be asked to submit your WeChat ID
in order to receive your payment.

Your responses will be confidential and any identifying information will not be posted online or
shared with any individuals outside the research team. The results of this study may be used in
reports, presentations, or publications but your identification will not be used. All results will be
shared only in aggregate/anonymous form.

Only PHBS students are invited to this study. In order to ensure that you are a student, please
submit your PHBS Student ID. This information will NOT be used for any other purposes.

Please submit your Student ID to continue:
If you have any questions, please contact the experimenter.
Contact Information:

Wechat ID: experimentPHBS
Email: experimentphbs@phbs.pku.edu.cn
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Survey

You will receive 5 RMB for answering all questions. Your answers will be strictly confidential
and shared only in aggregate/anonymous form.

What year will you graduate?

[2018, 2019, 2020]

What is your major?

[Economics, Finance, Quantitative Finance, Management]
What is your gender?

[Male, Female]

What year were you born?

Do you hold Chinese citizenship?

[Yes, No]

Are you recognized as an official Chinese ethnic minority?
[Yes, No]

Where is your home province?

[Anhui Beijing Chongqing Fujian Gansu Guangdong Guangxi Guizhou Hainan
Hebei Heilongjiang Henan Hubei Hunan Jiangsu Jiangxi Jilin Liaoning Neimen
ggu Ningxia Qianghai Shaanxi Shanxi Shandong Shanghai Sichuan Tianjin Tibe
t Xinjiang Yunnan Zhejiang Other]

What is the highest degree that you expect to earn?

[Masters, MBA, Ph.D., J.D., M.D., If other, please specify]

Which of the following applies to you?

[ am currently married, I am currently in a relationship, None of the above]
What is your height?

Cm
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Survey

What is the expected age difference between you and your spouse?
[You expect to be years older than your spouse,
You expect to be the same age as your spouse,

You expect to be years younger than your spouse]

What is the highest degree that you expect your spouse to earn?

[Masters, MBA, Ph.D., J.D., M.D., If other, please specify]

How tall do you expect your spouse to be?

[cm]

What do you believe is the percentage chance that you will be married by age 25?
How many hours a week do you expect to work?

How much do you expect to earn per year?

How many hours a week do you expect your spouse to work?

How much do you expect your spouse to earn per year?

What do you believe is the percentage chance that you will be married by age 30?
How many hours a week do you expect to work?

How much do you expect to earn per year?

How many hours a week do you expect your spouse to work?

How much do you expect your spouse to earn per year?

What do you believe is the percentage chance that you will be married by age 35?
How many hours a week do you expect to work?

How much do you expect to earn per year?

How many hours a week do you expect your spouse to work?

How much do you expect your spouse to earn per year?
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Survey

What do you believe is the percentage chance of the following by the time you are 25 years old?
Note: Your answers should sum to 100.

You having no children: [% chance]
You having one child: [% chance]

You having two or more children: [% chance]

What do you believe is the percentage chance of the following by the time you are 30 years old?
Note: Your answers should sum to 100.

You having no children: [% chance]
You having one child: [% chance]

You having two or more children: [% chance]

What do you believe is the percentage chance of the following by the time you are 35 years old?
Note: Your answers should sum to 100.

You having no children: [% chance]
You having one child: [% chance]

You having two or more children: [% chance]

Survey

Do you agree that a man should put career first and a woman should put family first?

[Strongly disagree, Disagree, Neither agree nor disagree, Agree, Strongly agree]
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Payment information

Thank you for completing the survey. Please provide your WeChat ID in order to receive your
earnings.

WeChat ID:

If you have any questions concerning the research study, please contact the research team at
WeChat ID: ExperimentPHBS
Email: ExperimentPHBS@sz.pku.edu.cn
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Appendix F. Experiment and Survey Instructions for GSU

Instructions for the Competitiveness Experiment is reported in Appendix A.

Instructions for the Survey

Please answer the survey questions as accurately and honestly as possible. Any information you
provide will be strictly confidential and will be analyzed in such a way that no one will be able to
relate said information to you individually.

What is your gender?
Male
Female

Other, please specify

Which of the following applies to you?
Single, never married
Married or in domestic partnership
Widowed, Divorced, or Separated

Other, please specify

What is your age?

Which of the following best describes your ethnicity?
White or Caucasian
Black or African American
Hispanic
Asian
Native American
Multi-Racial

Other, please specify
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Which state were you raised in?

Other/International, please specify the country

What is your current year of school?
1% (freshman)
ond
3rd
4th
5% or more

Other, please specify

What is your current or intended major? If you have more than one major, please report the
major you consider to be the primary major.

Next
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How competitive do you consider yourself to be?

You can express this using the scale below, which runs from 0 — meaning, ‘not at all competitive’
—to 10, which means ‘extremely competitive’.

12345678910

How do you see yourself? Are you generally someone who is willing to take risks, or do you try
to avoid risks?

You can express this on the scale below which runs from 0 — which means, “not at all willing to
take risks” — to 10, which means “very willing to take risks”.

12345678910

Next

176



This page consists of 3 sets of questions about your expectations.

Set 1

For this next set of questions, please look ahead to when you will be 25 years old.

Envision yourself working at this time.

How much do you expect to earn per year? USD/year

How many hours a week do you expect to work? hours/week

What do you believe is the percentage chance that you will be married at this time? %
Envision yourself also being married at this time.

How much do you expect your spouse to earn per year? USD/year

How many hours a week do you expect your spouse to work? hours/week

What do you believe is the percentage chance of the following at this time? Your answers should
sum to 100.

You having no children: %
You having one child: %

You having two or more children: %

Set 2

For this next set of questions, please look ahead to when you will be 30 years old.

Set 3

For this next set of questions, please look ahead to when you will be 35 years old.

Next
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Please read the following statements and indicate whether you strongly agree, agree, somewhat
agree, neither agree nor disagree, disagree, somewhat disagree, or strongly disagree with each

statement.

It is much better for everyone involved if the man is the achiever outside the home and the

woman takes care of the home and family

A working mother can establish just as warm and secure a relationship with her children as a

mother who does not work

A pre-school child is likely to suffer if his or her mother works

Next
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Finished

You have completed the experiment. Thank you for participating!

Please click Start to initiate your payment process and learn your experiment results.

Start
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