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Abstract—We connect two large bodies of scientific inquiry. First, impor-
tant theories in the social sciences establish that human preferences are
reference-dependent. Second, a separate field of research documents sub-
stantial differences in preferences and attitudes across genders. Specifi-
cally, we examine the universe of official classic chess games (more than
250,000 subjects and 22 million games). This allows us to study differ-
ences across genders both in cognitive performance (intensive margin) and
in competitive participation (extensive margin), using the fact that personal
bests act as reference points. We find that males and females behave very
differently around their personal bests in both margins.

I. Introduction

REFERENCE dependence captures the comparative na-
ture of human feelings and perceptions. Important the-

ories of economic behavior propose that human preferences
are reference dependent. In models with these preferences,
individuals evaluate outcomes relative to a reference point
such as the current state (the status quo), past states, ex-
pectations about future states, or social comparisons. As
such, reference-dependent preferences are at the heart of
many behavioral models and concepts, including the endow-
ment effect, loss aversion, status quo bias, and prospect the-
ory. DellaVigna (2009), Bernheim, DellaVigna, and Laibson
(2018), and O’Donoghue and Sprenger (2018) provide com-
prehensive reviews of theories, applications, and develop-
ments over the past two decades leading up to the current re-
search frontier.1 Interestingly, a conspicuous aspect of these
reviews is that no part of what is a large body of research ap-
pears to be concerned with potential gender differences. This
paper contributes to the existing literature by studying gen-
der as a potential determinant of reference-dependent human
behavior.

Understanding gender differences is in fact an area that
has generated a voluminous, far-reaching literature in recent
years, especially since Niederle and Vesterlund (2007). Cro-
son and Gneezy (2009), Azmat and Petrongolo (2014), and
Olivetti and Petrongolo (2016), for example, survey many
studies on gender differences, including differences in risk
preferences (e.g., emotions, attitudes, and overconfidence),
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1Recent substantial contributions to the literature include expectations-
based reference points (Köszegi & Rabin, 2006, 2007, 2009) and models
of salience (Bordalo, Gennaioli, and Shleifer, 2012, 2013, 2020).

in social preferences (e.g., by studying strategic situations in
laboratory settings), and in competitiveness.

The results show that gender differences may have a huge
impact on labor markets, and the family, and in human cap-
ital, consumption, investments, and many other decisions
(Goldin, 2006, 2014). As such, these differences occupy a
central place in the literature. And, yet, despite their promi-
nent place, to the best of our knowledge no research has stud-
ied whether observed gender differences in behavior may
stem from the comparative nature of human feelings and
perceptions. Our goal is to study the link between these two
influential bodies of scientific inquiry.

We take advantage of a setting that combines a number
of unique characteristics, which we discuss in some detail
in the next section. The setting (i) concerns a real-life cog-
nitive task (in fact, the quintessential cognitive sport in hu-
mans: chess); (ii) is strictly competitive (zero-sum) with no
potential elements of cooperation, and as such, it represents
the cleanest possible context to study competitive behavior;
(iii) involves a massive data set, specifically, the universe of
officially rated classic chess games (more than 250,000 sub-
jects and 22 million chess games) for two decades beginning
from the year in which the world governing body the Fédéra-
tion Internationale des Échecs (FIDE) first started publishing
this information; (iv) contains detailed measures of perfor-
mance and participation, which allows the study of both the
intensive and extensive margins of effort; (v) concerns sub-
jects who are experts, officially ranked, who have devoted a
great deal of time to the task; and (vi) includes information
on age, gender, and other demographic characteristics.

Besides these advantages, perhaps the main virtue is that,
in this setting, reference points have been convincingly doc-
umented in the literature. In particular, Anderson and Green
(2018) study subjects who play chess online and find that
“personal bests” act as reference points. Small differences in
outcomes are felt disproportionally around personal bests:
players exert effort to set new personal best ratings and quit
once they have done so. They further develop a loss-aversion
effort model to substantiate this finding. These results are
important and serve as the basis of our study, although, as
we shall see, behavior around personal bests in official in-
person competitions is different from that in online settings.

As anticipation of the results, we find that males and fe-
males behave very differently around their personal bests, in
both the intensive and extensive margins of effort. In the ex-
tensive margin, women increase their effort more than men
when approaching their personal best, but exert less effort
after breaking it. In the intensive margin, women underper-
form relative to men—both to set a new personal best and
after having done so.

As noted earlier, in terms of our contribution to the ex-
isting literature, no previous study appears to have linked

https://doi.org/10.1162/rest_a_01145


2

the role of gender with the comparative nature of human be-
havior in a natural setting, in particular regarding cognition.
As such, the gender differences in behavior around personal
bests that we document may be taken as a contribution to our
understanding of human nature.

The rest of the paper is structured as follows. Section II
reviews other strands of related literature, including the ad-
vantages of the empirical setting. Section III goes over the
data set, and section IV gives descriptive evidence. Sec-
tion V presents the main results, section VI a brief discus-
sion, and section VII concludes. Several robustness tests are
provided in two online appendices.2

II. Related Literature

In addition to the literature on reference-dependent pref-
erences and gender differences just discussed, this study also
contributes to other strands of scientific inquiry.

A. Cognition and Human Capital

The fact that the setting involves cognitive performance
is interesting per se, as understanding human cognition is
essential in many areas. Numerous settings represent com-
petitive situations that involve cognitive performance (e.g.,
test taking, student competition in schools, and competitions
for promotion in firms and organizations). As such, discern-
ing the determinants of cognitive performance is a relevant
question in the literature on human capital, schooling, be-
havioral economics, and other areas. Also, research stud-
ies have established that measured cognitive ability (skills,
effort, attitudes) is a strong predictor of occupational at-
tainment, wages, and a range of social behaviors in adults,
and several studies document its critical role in predicting
the schooling performance of children, adolescents, and uni-
versity students (see, e.g., Cunha et al., 2010; Heckman &
Kautz, 2014). Besides social and economic outcomes, re-
cent research also shows that cognitive ability is a main de-
terminant of financial market outcomes. Also, intelligence
(IQ) can be crucial in strategic situations, investments, and
the formations of expectations; see, for example, Gill and
Prowse (2016) and Proto, Rustichini, and Sofianos (2019)
and other references therein. This paper contributes to these
fields by studying reference points (personal bests) as a po-
tential determinant of cognitive performance and participa-
tion in competitive environments.3

B. Endogenous Preferences

Rayo and Becker (2007) argue that evolution favors a hap-
piness function that measures the individual’s success in rel-

2Appendix A is available online at https://bit.ly/PBGenderAppA, and ap-
pendix B at https://bit.ly/PBGenderAppB.

3In the literature on cognitive performance, González-Díaz and Palacios-
Huerta (2016) study the impact of competition dynamics using a natural
experiment in chess competitions, and in the literature on gender differ-
ences Dilmaghani (2020) studies the role of time constraints in perfor-
mance in chess tournaments.

ative terms, and “an individual’s utility, whether defined in
terms of decision making or hedonic experience, tends to be
sharply influenced by his personal history” (pp. 302–303),
which intuitively includes his or her own personal best in
a prominent role. In their analysis, happiness functions are
based on a measure of success relative to a “performance
benchmark” or reference point, and the difference between a
person’s output and that point is the carrier of happiness. We
adopt the same viewpoint here. Also, an important literature
studies the extent to which the nature and formation of pref-
erences is susceptible to direct influences from the social and
economic environment, as well as the consequences that this
endogenous relationship may have for behavior.4 Our study
relates to and extends existing research by examining behav-
ior around a reference point that is not based on rational ex-
pectations and is endogenous to the economic agent. Further,
it relates to the literature on intrinsic and extrinsic incentives
on which there is significant theoretical work in economics,
as we study incentives, gender, and personal bests (see, e.g.,
Benabou & Tirole, 2002, 2003, 2004).

C. Goals

Research in psychology suggests that “goals” may serve
as reference points (see, e.g., Allen et al., 2017; Heath, Lar-
rick, and Wu, 1999; Williams & Gilovich, 2012; and Pope
& Simonsohn, 2011). In economics, theoretical and experi-
mental research is also beginning to study goals more closely
(see, e.g., Smithers, 2015 and Koch & Nafziger, 2016).5 Im-
portantly, Damon et al. (2020) finds a relevant role for goals
by manipulating them in field experiments with students
where they ask subjects to set goals for themselves, both
task-based and performance-based. Personal bests, however,
are a natural reference point, whether or not they act as goals
(Anderson & Green, 2018). Further, in our natural setting
we see no intervention by experimenters, information about
one’s own personal best is readily available and salient for
each subject, and we can document the intensive and exten-
sive margins of the mechanism at play.

D. Sports as a Field Economics Lab

In recent years, sports settings have proven to be a useful
data-rich, lablike setting that is able to inform economics in
insightful ways. The reason is that important elements of hu-
man behavior are sometimes starkly observable in these set-
tings. Often good data are abundant, the goals of the partic-
ipants are precisely determined, the outcomes are extremely
clear, the stakes are high, and the subjects are professionals

4See, for example, Becker (1996), Becker and Murphy (2000), Palacios-
Huerta and Santos (2004), Bowles (1998), and Fehr and Hoff (2011) and
other references therein. See also Dawson and de Meza (2018) for an evo-
lutionary explanation of different behavioral biases.

5Although not focused on gender differences, and obviously not cog-
nitive, see Markle et al. (2018) and Burdina, Hiller, and Metz (2017) on
marathon runners and Harding and Hsiaw (2014) on goals for energy con-
servation.
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with experience. Thus, not surprisingly, a number of promi-
nent findings in economics have been documented for the
first time in sports settings.6

With respect to the specific advantages of our natural set-
ting, in this paper we use data from the most popular cog-
nitive sport in the history of humankind: chess. Much like
other sports settings, it represents a valuable opportunity for
studying an open question in the literature because of a num-
ber of useful characteristics.

First, chess is a complete information game that involves
no chance elements. The game is zero-sum (or strictly com-
petitive), with no potential elements of cooperation. As
such, it is the cleanest possible context to study competitive
behavior.

Second, the study concerns high-stakes decisions that sub-
jects are familiar with, that really affect them, to which they
are accustomed, and that take place in their own real-life
competitive environment. From the perspective of observing
and measuring behavior, a comprehensive data set is avail-
able where choices, outcomes, and other characteristics are
cleanly measured.

Third, the setting concerns subjects with a high level of
expertise and skill levels. It ranges all the way up to the
highest possible degree of human cognitive skills at the task
under study, including the best players in the history of the
game, such as Magnus Carlsen and Garry Kasparov.

Finally, a usual difficulty in the study of cognition is that
measures of cognitive abilities are often lacking in the liter-
ature or at best can be measured indirectly. Here, however,
we can find a highly precise measure of the cognitive abil-
ity of the players at the task they perform. As discussed be-
low, subjects are rated according to the ELO rating method, a
measure that provides close estimates for the probability that
one player will outperform the other at the cognitive task.

We refer throughout the paper to “effort,” which we take
as the amount of costly resources invested into the effective
development of cognitive skills. In terms of consequences,
we consider performance and participation as the intensive
and extensive margins of this effort. The inputs that go into
performance may include, for example, time studying chess,
preparing, practicing with others, and all types of costly ac-
tivities that improve cognitive performance. As for the de-
cision to play, inputs include those associated with com-
petitive participation given that, for skills to be effectively
developed, subjects have to compete in official tournaments.

6For instance, without attempting to be exhaustive, Ehrenberg and Bog-
nanno (1990) investigate tournament incentive effects in golf tournaments,
Szymanski (2000) studies discrimination using soccer data, Palacios-
Huerta (2003, 2014) tests the implications of the Minimax theorem, Gar-
icano, Palacios-Huerta, and Prendergast (2005) study social pressure as a
determinant of corruption in professional soccer, Romer (2006) analyzes
optimal decision-making using football data, González-Díaz, Gossner, and
Rogers (2012) look at heterogeneity in high-stakes performance in tennis,
Palacios-Huerta and Volij (2009) address backward induction using chess
players, and Pope and Schweitzer (2011) study loss aversion using evi-
dence from golf.

Thus, inputs include traveling costs, tournament fees, and
opportunity cost of time.

III. Empirical Setting and Data Set

The data set comes from the FIDE, the world governing
body of chess. It contains information about the universe of
the official classic chess games that are played in official
tournaments valid for the computation of the ELO rating (the
official measure used to rank chess players and evaluate their
performances), which the FIDE started publishing publicly
online in 2000. Essentially, the difference between the ELO
ratings of two players in a chess game is functionally related
to an estimate of the probabilities that they beat each other.
After a game, the winner gets some rating points from the
loser, a number of points that depends on their rating dif-
ference. In case of a draw, the lower-rated player also gains
certain points from the higher-rated one. The performance
of a player in a game or series of games (say, in a given
chess tournament) is computed using a formula that depends
monotonically on the average rating of the opponents he or
she has faced and the scores he or she has obtained against
them.7

Nowadays, the top ten players in the world typically have
an ELO rating between 2,770 and 2,865 points, with the top
hundred players a rating above 2,650 points. Players with a
rating above 2,500 points are in general professionals who
have the title of Grandmaster, which is the highest title that
a player can achieve. Strong club players have above 2,000
points. Magnus Carlsen, ranked number one in the world,
currently has 2,855 points (November 2021).

Every month FIDE publishes the FIDE rating lists, which
contain the updated information about the ELO ratings of
more than 250,000 players worldwide and, more impor-
tantly, about the games they have played in the last month
(from the previous list to the current list). These lists in-
clude their results and the ratings of the opponents they have
faced, plus a set of demographic characteristics for each
player.8 Needless to say, performance in a given game or set
of games can be above or below the rating. For example, the
82nd Tata Steels Masters tournament in Wijk Aan Zee (the
Netherlands, January 10–26, 2020) was won by Fabio Caru-
ana, currently ranked number two in the world. His rating
at the beginning of, and during, the tournament was 2,822
ELO points (January 2020 list), but his performance during
the tournament was 2,945 ELO points (he played during the
tournament as if he had that rating). As a result, his updated
ELO rating in the February 2020 list was 2,842 ELO points.
He played with this rating until he played more games, and
his rating was updated in a new list.

7For a detailed explanation of the ELO Rating method we refer to Chap-
ter B.02 in the FIDE Handbook (2017, https://handbook.fide.com/).

8From January 2000 to July 2009, rating lists were published at quarterly
frequencies, from July 2009 until July 2012 every two months, and since
July 2012 every month.

https://handbook.fide.com/
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As noted earlier, a main basis for our study is Anderson
and Green (2018), who study subjects playing chess online.
This is a nonofficial, unregulated, low-stakes setting that typ-
ically involves all types of chess aficionados. It has no infor-
mation on gender, age, official FIDE ratings, or demographic
characteristics. Consistent with their findings, we first con-
firm and take as a reference point the maximum rating ever
of a player (his or her “personal best”) and then study how
behavior depends on the distance to it.

The complete FIDE data set has a large variety of players,
including many who have participated in very few official
tournaments during the past two decades.9 In our analysis
we require a minimum experience in official tournaments of
at least 50 official chess games.10 This minimum results in
a data set with a total of 103,761 players who have played
14,028,274 games and have been observed in 6,854,205 rat-
ing lists. The average rating in the data set is 2,001 ELO
points, which corresponds to a strong club player. Roughly
90% of the rating lists correspond to men, who also hap-
pen to represent 90% of the players. The average rating is
2,013.6 ELO points (standard deviation [std. dev.] 244.5) for
men and 1,882 ELO points (std. dev. 266.9) for women. The
average age is 41.29 (std. dev. 17.77) for men and 26.98 (std.
dev. 13.53) for women.

Players do not typically play in official tournaments con-
tinuously over the year. When a player is “active” in a given
period, that is, when he or she plays some games since the
previous list was published, we will say that he or she has an
active list. The rest of his lists are called inactive lists. The
percentages of active lists are 27.1% for men and 26.4% for
women. Among men, young players under 20 years of age
represent 12.8%, players aged 20 to 60 represent 71.1%, and
players over 60 represent 16.1%. For women, these percent-
ages are 33.8%, 62.1%, and 4.1%, respectively.

Finally, the personal best has been broken in 269,772 rat-
ing lists, that is, in roughly 3.9% of all the lists (or 14.5%
of the active lists). Overall, 54.6% of these breaks corre-
spond to players under 20 years of age, 43.5% to players
between 20 and 60, and 1.9% to players over 60. Across
genders these percentages are 51.3%, 46.6%, and 2.1% for
men, and 78.3%, 21.4%, and 0.3% for women.

IV. Descriptive Evidence

In this section we begin with a visual description of sub-
jects’ activity (in terms of games and types of rating lists), as
well as their performance by gender, as a function of the dis-

9For instance, approximately 42,000 players have played no officially
rated game since 2000, and many are young players who stop playing at
around the age of twenty. Our data set spans from January 2000 to March
2018.

10This is roughly equivalent to having played a minimum of five official
tournaments (about 50 days in total) in two decades. The results are robust
to changes in this minimum. In the online appendices we include a com-
puter script that allows the implementation of the same analyses we report
by varying the minimum level of experience.

tance to their personal best. We then focus on performance
split by age groups.

Figure 1 provides some initial insights into differences in
behavior across genders. Empty circles correspond to men
and filled circles to women. The first row represents ag-
gregate information on various characteristics of the rating
lists (number and types of lists, percentage of active lists,
monthly games per list, and performance since the previous
list was published). Omitting players’ identities, we denote
by rt the rating of a player in the list published at time t , by
nt,t+1 the number of games he played from t to t + 1 with
that rating, and by pt,t+1 the performance in those games.
We use pbestt = max j{r j, j ≤ t} to denote the personal best
rating ever reached by that player up to time t .

Panel 1A shows the total number of rating lists corre-
sponding to each gender as a function of the distance to
the maximum rating of the player, distt = rt − pbestt . Ob-
viously, distt ≤ 0. It also includes how many are active lists
and inactive lists. We observe clear differences across gen-
ders, driven, of course, by the gender proportions in each
type of list. We also see that for men there seems to be a peak
of observations around 20 rating points away from their per-
sonal best, but not for women. Panel 1B shows the average
number of monthly games played. Getting closer to the per-
sonal best appears to correlate with greater activity, which
is intuitive. Interestingly, men and women have similar ac-
tivity levels when far from the maximum rating, whereas
women are more active than men when getting closer to their
personal best. Panel 1C provides another measure of play-
ers’ activity: the percentage of lists in which a player is ac-
tive. The pattern has some similarities with that in panel 1B:
women, who now appear to be less active than men when far
away from their personal best, increase substantially their
activity level when approaching it. Panel 1D reports aver-
age performances.11 Average performance tends to increase
as the personal best is approached, which again is intuitive.
Also, consistent with the raw ELO ratings data noted ear-
lier, the average rating of women is lower than the aver-
age rating of men at any distance from the maximum rating.
More importantly, there seems to be a decline in the average
performance of women as they approach their personal best
(within a 20–30 point distance), whereas we see no apparent
decline for men.12

The second row of panels provides some initial insights
into dynamic behavior by studying two consecutive rating
lists. This generates the possibility that from one rating list
to the next one some subjects may have beaten their personal
best. The idea is to study intertemporal changes in activity
and performance, depending on whether or not the personal

11To measure performance in a meaningful way we consider rating lists
in which a player has a minimum number of five games. The results are
robust to changes in this minimum number.

12Anderson and Green (2018) find that among online chess aficionados,
average performance minus average online rating tends to decrease as the
personal is being approached until they are within ten rating points from
the personal best, when it tends to increase.
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FIGURE 1.—ACTIVITY (GAMES AND LISTS) AND PERFORMANCE BY GENDER WITH DISTANCE TO PERSONAL BEST

• Women ◦ Men. Women’s lists: Total, inactive, active. Men’s lists: Total, inactive, active.

best is broken. Consider players who are active from t to
t + 1 (green lines in panel 1A). Performance in the games
played during this period could in principle be such that the
new rating at t + 1 is above the previous personal best rating.
The x-axis reports the distance from the new rating at t +
1, rt+1, to the personal best standing at t . Observations to
the right of zero represent the lists in which the maximum is
broken in that period.

Panel 1E shows the number of total, active, and inactive
lists from t + 1 to t + 2 (which we call total, active, and in-
active rating lists at t + 1), conditional on nt,t+1 > 0. The
number of observations to the right of zero is small and

decreasing, which indicates that we find few rating lists in
which a player has just beaten his or her personal best, espe-
cially by a large amount.

Panel 1F reports two interesting aspects. The upper lines
show the monthly games played nt+1,t+2, conditional on
nt,t+1 > 0.13 These lines show a positive correlation between

13Note that these lines start slightly above 2, whereas in panel 1B they
start slightly above 1. The reason is that these are rating lists conditional
on a player being active, whereas in panel 1B they are unconditional. As
players tend to be active or inactive during the year for periods that span
several rating lists, it is natural that, conditional on being active, more ac-
tivity occurs in the next list.
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activity and setting a new personal best, both before and af-
ter. Needless to say, this correlation does not mean or im-
ply anything about causality. To get additional insights, we
also include the growth rate in activity which is defined as
(nt+1,t+2 − nt,t+1)/nt,t+1. These are the two additional series
at the bottom of the panel. We see that this growth rate in-
creases as the players get closer to the maximum rating (as
above), but that after breaking the personal best, and contrary
to the top lines, it decreases. This suggests a decrease in ac-
tivity after setting a new personal best.14 Panel 1G reports the
percentage of active lists, showing similar patterns to the up-
per lines in the previous panel, now with a somewhat greater
level of activity by women after breaking their personal best.
Finally, panel 1H reports performances pt+1,t+2, conditional
on nt,t+1 ≥ 5.15 We find again a decline in women’s perfor-
mance as they approach their personal best (but not in men’s
performance). We also observe a sharp decline in average
performances, similar for both men and women, after they
set a new personal best. This is intuitive since the lower
the rating, the easier it is to break the maximum. As this
panel is unconditional on any other characteristics, it again
simply suggests potentially interesting differences across
genders.

Figure 2 focuses on players’ performances in the com-
plete sample and for two large age groups: young players
(under 20) and adult players between 20 and 60 years of
age.16 The first two columns of panels concern ratings and
performances, and the last two columns concern two con-
secutive rating lists as in the bottom panels of the previous
figure.

Panel 2A reports performances. It corresponds to panel
1D in the previous figure, but we have also added the aver-
age rating of the players (solid lines). We find that for women
(but not for men), their ratings tend to be below their perfor-
mances.17 Panels 2E and 2I split the sample by age groups.
Young players, regardless of their gender, tend to perform
above their ratings, which is intuitive because younger play-
ers are typically those more rapidly improving. On the other

14Anderson and Green (2018) find a stable probability of quitting playing
online chess (not playing for at least 1 hour) before setting a new personal
best, and a discontinuous jump up in this probability after setting a new
personal best.

15We choose nt,t+1 ≥ 5 to make it readily comparable with the top panel
1D because, as indicated earlier, this is the minimum number of games
used to compute performance.

16Different cut points around twenty and sixty do not change the patterns
that are observed.

17This is likely driven, at least in part, by the larger proportion of games
by young players among women. The design of the original formula to
compute rating variations was such that the distribution of the expected
rating variation was, for all players, symmetrically centered around zero.
Thus, the Law of Large Numbers implies that for a large sample of players
with constant playing strengths, the rating and performance lines should
overlap almost perfectly. Yet some adjustments were later made in the
formulas implemented by the FIDE, which combined with the impact of
young, improving players may explain part of the difference between the
two lines. In particular, the so called “400-point rule” states that any rating
difference between two players beyond 400 points (which is a very large
and somewhat unusual by chess standards) is taken to be precisely 400
points. See the FIDE Handbook (2017) for details.

hand, subjects aged 20 to 60, both men and women, tend to
perform slightly below their ratings, especially women when
they are close to their personal best.

Panel 2B reports performances relative to own ratings,
denoted as relative performance and computed as (pt,t+1 −
rt )/rt . Consistent with the previous discussion, women tend
to overperform relative to their rating in a somewhat stable
fashion as a function of the distance to their personal best.
Men tend to underperform, but increasingly less so as they
approach their personal best. Indeed, both genders appear to
overperform their ratings quite similarly when they are close
to their personal best, whereas they perform quite differently
when away from it. Across age groups we also observe in-
teresting differences (panels 2F and 2J): a clearly decreasing
overperformance that is similar for both males and females
when young, whereas for subjects aged 20–60 we see a pat-
tern of underperformance in men (again, increasingly less so
as they approach their personal best), and a much less clear
pattern in women.

Similar to the bottom panels in the previous figure, panels
2C and 2D deal with dynamic performance in consecutive
periods, which may include cases in which a new personal
best rating has been set. Panel 2C reports pt+1,t+2 condi-
tional on nt,t+1 > 0, as in panel 1H in the previous figure,
and it also includes players’ ratings rt+1. There seems to be
a slight tendency in men to have a rating above their perfor-
mance, and in women to have a performance above their rat-
ing. Panels 2G and 2K show intuitive relationships between
performance and ratings across age groups. Performance is
above ratings for young players, who are more rapidly im-
proving, and similar to ratings in the older age group. Set-
ting a new personal best changes the patterns of both perfor-
mances and ratings. Finally, panels 2D, 2H, and 2L report
relative performances defined as (pt+1,t+2 − rt+1)/rt+1. The
patterns after breaking the personal best (to the right of zero)
seem to continue those before breaking the personal best.
This is clearly the case in panel 2H for the younger age group
with a decreasing pattern of overperformance that continues
after setting a new personal best. For the main age group 20–
60 (panel 2L), relative performances are clearly negative and
quite stable for men, while for women they again exhibit a
decreasing tendency.

Summing up, the raw data suggest a number of interesting
and potentially important gender differences in both the in-
tensive margin (performance) and the extensive margin (par-
ticipation and intertemporal activity) around personal bests.
Needless to say, it is not possible to draw deep conclusions
before implementing a more rigorous analysis. We turn to
this analysis next.

V. Main Results

We divide this section into two subsections. In the first
one, we study subjects’ behavior as a function of the dis-
tance to their personal best. Subjects are always at a point
where distt ≤ 0. In the second one, we are interested in their
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FIGURE 2.—PERFORMANCE AND RATING BY AGE AND GENDER

• Women ◦ Men.

intertemporal behavior, in particular in how they behave af-
ter they set a new personal best.

A. Distance to Personal Best: Effect on Performance
and Activity

As in the descriptive section, performance is computed
only in subjects’ lists with a minimum activity level (five
games). We also drop a small number of observations
(0.24%) in which performance cannot be computed because
the average rating of the opponents is not available. Table 1
reports two sets of regressions. In panel A, the dependent

variable is relative performance (pt,t+1 − rt )/rt .18 Part I in
this panel reports OLS regression estimates. In column 1,
we include only the gender variable Female. In the second
specification, we add a dummy variable indicating whether
or not the personal best is within reach of a 10-point dis-
tance (Reach10) and the Age of the player. In the third we
add an interaction term between Female and Reach10 but
drop Age. The last two specifications are the most complete
ones. In particular, in the last one we include in addition to

18We have implemented the same regressions in this and the next subsec-
tion using absolute performance instead of relative performance, finding
essentially no qualitative differences. See appendix B.
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TABLE 1.—DISTANCE TO PERSONAL BEST: PERFORMANCE

Panel A—Dependent variable: pt /rt

Part I: OLS Specifications (1) (2) (3) (4) (5)

Constant − 2.599*** − 25.270*** − 5.708*** 25.090*** 86.480***

(0.063) (0.167) (0.073) (0.169) (0.611)
Female 6.907*** − 3.267*** 9.480*** − 2.304*** − 3.487***

(0.195) (0.197) (0.235) (0.238) (0.240)
Reach10 0.743*** 11.750*** − 1.221*** − 1.349***

(0.135) (0.142) (0.154) (0.157)
Female × Reach10 − 10.080*** − 2.956*** − 4.555***

(0.418) (0.413) (0.411)
Age − 0.726*** − 0.724*** − 0.715***

(0.003) (0.003) (0.003)
PBest − 0.031***

(0.000)
PBestDuration 0.015***

(0.000)
Titles fixed effects No No No No Yes
Adjusted R2 0.000 0.042 0.008 0.042 0.048
N (lists) 1,211,051 1,211,051 1,211,051 1,211,051 1,211,051
N (games) 12,535,967 12,535,967 12,535,967 12,535,967 12,535,967

Part II: OLS coefficient (std. dev.) of different Female × Reach interactions

Female × Reach10 − 10.080*** − 2.956*** − 4.555***

(0.418) (0.413) (0.411)
Female × Reach20 − 9.524*** − 2.454*** − 4.174***

(0.397) (0.392) (0.391)
Female × Reach50 − 8.738*** − 1.896*** − 3.603***

(0.399) (0.394) (0.392)
Female × Reach100 − 7.158*** − 1.372*** − 2.890***

(0.510) (0.502) (0.500)

Panel B—Dependent variable: New personal best is set
Coefficient (std. dev.) of different Female × Reach interactions in logit regressions

Female × Reach10 − 0.683*** − 0.329*** − 0.298***

(0.016) (0.017) (0.017)
Female × Reach20 − 0.793*** − 0.431*** − 0.390***

(0.019) (0.019) (0.020)
Female × Reach50 − 1.096*** − 0.630*** − 0.529***

(0.033) (0.034) (0.034)
Female × Reach100 − 1.412*** − 0.760*** − 0.592***

(0.088) (0.088) (0.089)

In panel A, relative performance is multiplied by 1,000. Specifications in Part II correspond to columns 3, 4, and 5 in Part I, just varying Reach to consider different distances from the personal best. Only coefficient
estimates (std. dev.) for the interaction term are reported. Similarly, in Part B where the dependent variable is equal to 1 when a new personal best is set. ∗ , ∗∗ , ∗∗∗ denote significance at 5%, 1%, and 0.1%.

all the previous conditioning variables: the maximum rating
the player has achieved (PBest), how long the personal best
has been standing (PBestDuration), and fixed effects for the
official titles (Titles) the player has achieved.19

Consider the two most complete specifications. Consis-
tent with intuition, age is relevant and has a stable impact
across specifications. The older the player is, the harder it
is to overperform relative to the player’s own rating. Also
as expected, the higher the personal best is, the harder it is
to perform above one’s own rating. Players with high best
ratings and older players are intuitively more “established,”

19Essentially three official titles are awarded by the FIDE: Grandmaster
(GM), International Master (IM), and Federation Master (FM). The GM
title is the highest title a chess player can achieve. The title IM ranks be-
low the GM title, and the FM title below the IM title. The requirements for
achieving one of these titles are somewhat complex. They involve achiev-
ing a prespecified ELO rating and obtaining certain outcomes in certain
tournaments. Similar titles also exist that apply only to women. Current
regulations may be found in the official FIDE Handbook (FIDE, 2017).

whereas it is easier to make substantial improvements when
young and when the rating is lower. Reach10 is also signifi-
cant with a negative coefficient. This is intuitive. When play-
ers are closer to their maximum ratings (rather than when
they are farther away from it), they should intuitively find it
harder to overperform relative to their own rating.

With respect to gender differences, the specifications that
do not take into account the age of the player would appear
to suggest that, relative to men, women overperform more
easily their own ratings. These specifications are of limited
interest though, because large differences are seen in age
distributions across gender pools. Once Age is included in
the regression framework, the results indicate that women
underperform relative to men. This underperformance is
strongly significant at conventional significance levels and
quite stable in magnitude. Importantly, the interaction term
between Female and Reach10 is also negative and strongly
significant. The magnitude of this coefficient is also quite
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large relative to all other variables. Consistent with the in-
tuition in the raw data, this interaction indicates that women
underperform relative to men, especially when they are close
to the personal best (within ten rating points).20 We next
study this effect more closely.

The second part of panel A reports the coefficient es-
timates just for the interaction term between Female and
ReachX in the last three regression specifications when con-
sidering three alternative values of the distance to the per-
sonal best: X equal to 20, 50, and 100 rating points, respec-
tively. We find that the effect is always negative and strongly
significant. Importantly, the magnitude decreases in absolute
terms when subjects are farther away from the personal best,
as could be expected. For example, for a player with an ELO
rating of 2,000, the effect goes from a decrease in perfor-
mance of 2 × 4.55 = 9.1 points (Reach10) to a decrease in
2 × 2.89 = 5.7 points (Reach100).

Panel B studies the determinants of performance using
a different regression framework. The dependent variable
now takes the value 1 when the personal best is broken
(rt+1 > pbestt ) and 0 otherwise. We then implement logit
regressions for the same three specifications of the indepen-
dent variables as in panel A and report the coefficient esti-
mates for the interaction term between Female and ReachX
for the same four values of the distance to the personal best.
The results are consistent with those in panel A. In particular,
this interaction effect is negative and continues to be strongly
significant. Interestingly, the magnitude of the effect (abso-
lute value) increases with the distance to the personal best
in each of the specifications. This suggests that women, rel-
ative to men, become increasingly less likely to beat their
personal best as the distance to it becomes larger. In terms
of magnitudes, the coefficients translate from a probability
of about 0.55 (Reach10) to about 0.38 (Reach100).21 In ap-
pendix A we explore in more detail this effect and provide
additional evidence. We also report the results of several ad-
ditional specifications, including different minimum experi-
ence levels and separate regressions for different age groups.
Some minor differences may be of interest in their own right,
but the basic results are quite robust. In particular, as could
be expected, we find essentially identical results for the more
numerous and main age group of interest of subjects aged 20
to 60.22

20Title fixed effects are often significant but do not impact much the mag-
nitude and significance of all other variables.

21In the literature men are typically found to be more competitive versus
others than women. Interestingly, these results show that when compet-
ing against oneself, women may be more competitive than men. See Cro-
son and Gneezy (2009) and Palacios-Huerta (2021) and other references
therein.

22For the young group of subjects under 20 years of age (AgeU20), we
find in the panel A regressions that the interaction effect remains strongly
significant, though the magnitudes are smaller. Interestingly, for the logit
regressions in panel B the interaction becomes essentially zero, and not
significant at conventional significance levels. For the older group of sub-
jects above 60 years of age (Age60+), the interaction term changes sign in
both panels and has little significance.

We next study the extensive margin: activity. The depen-
dent variable in table 2 is the number of monthly games that
subjects choose to play.

We study the same specifications as in the previous table.
In the last two most complete specifications, we find that the
younger a player is, and the lower his or her rating is, the
greater is the activity level.23 Reach10 is positive and signif-
icant at conventional levels. With respect to gender differ-
ences, we find two noteworthy effects. First, women tend to
be less active than men, but, interestingly enough, when the
personal best is “within reach” they are significantly more
active than men. This effect is quite large in magnitude. Sec-
ond, in the bottom part, we find that this interaction is al-
ways positive and strongly significant and shows a tendency
to increase with the distance to the personal best when mov-
ing from within 10 points, to within 20, 50, and 100 rat-
ing points. Specifically, with a baseline of 3.33 games per
month, this effect goes from 0.40 more games (Reach10) to
0.47 more games per month (Reach100). We note here that
100 rating points is a substantial distance in chess. In ap-
pendix A we again find that these main results maintain for
the main group of subjects aged 20 to 60. As for the younger
subjects under 20 years of age, the interaction effect operates
in the same direction, remains quite significant, and is larger
in size: young women are more active than men overall, and
especially so when the personal best is within reach.

Summing up, the evidence is consistent with differential
responses by gender, in terms of both performance and ac-
tivity levels. In particular, the results are consistent with the
hypothesis that the distance to the personal best is associ-
ated with a greater increase in activity and with a decrease
in performance in females relative to males.

B. Setting a New Personal Best: Effect on Performance
and Activity

We next study gender differences in intertemporal be-
havior. We study behavior from t + 1 to t + 2 conditional
on having been active the previous period, nt,t+1 > 0. This
opens up the possibility that some subjects may have set a
new personal best from t to t + 1. We first study relative
performance and then changes in playing activity. This con-
ditional behavior means that the number of (pairs of) lists
decreases to about 420,000 and 812,000 lists, respectively.
In terms of chess games, we now study 5.1 and 6.6 million
games. We introduce a new variable, PBestBroken, which
takes the value one when the personal best is broken from t
to t + 1, that is, when rt+1 > pbestt .

The dependent variable in table 3 is (pt+1,t+2 − rt+1)/
rt+1. As in table 1, we find that the older a player is, and
the higher his or her personal best is, the harder it is to
overperform relative to the player’s own rating. Likewise,
being within a 10-point reach of the personal best and its

23Note that the last specification includes Titles fixed effects, whose im-
pact can be seen in appendix A.
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TABLE 2.—DISTANCE TO PERSONAL BEST: ACTIVITY

Dependent variable: Monthly games played

Part I: OLS specifications (1) (2) (3) (4) (5)

Constant 1.147*** 2.057*** 1.360*** 2.074*** 3.339***

(0.001) (0.003) (0.001) (0.003) (0.012)
Female 0.234*** − 0.003 0.141*** − 0.108*** − 0.056***

(0.004) (0.004) (0.004) (0.005) (0.005)
Reach10 0.352*** 0.562*** 0.303*** 0.573***

(0.003) (0.003) (0.003) (0.003)
Female × Reach10 0.326*** 0.450*** 0.404***

(0.010) (0.010) (0.010)
Age − 0.015*** − 0.016*** − 0.020***

(0.000) (0.000) (0.000)
PBest − 0.000***

(0.000)
PBestDuration 0.004***

(0.000)
Titles fixed effects No No No No Yes
Adjusted R2 0.000 0.011 0.005 0.012 0.066
N (lists) 6,784,538 6,784,538 6,784,538 6,784,538 6,784,538
N (games) 13,952,804 13,952,804 13,952,804 13,952,804 13,952,804

Part II: OLS coefficient (std. dev.) of different Female × Reach interactions

Female × Reach10 0.326*** 0.450*** 0.404***

(0.007) (0.010) (0.010)
Female × Reach20 0.363*** 0.484*** 0.428***

(0.009) (0.009) (0.009)
Female × Reach50 0.377*** 0.497*** 0.431***

(0.008) (0.008) (0.008)
Female × Reach100 0.403*** 0.517*** 0.470***

(0.010) (0.010) (0.009)

Specifications in Part II correspond to specifications columns 3, 4, and 5 in Part I, just varying the variable Reach to consider different distances from the personal best. Only coefficient estimates (std. dev.) for the
interaction term are reported. ∗ , ∗∗ , ∗∗∗ denote significance at 5%, 1%, and 0.1%.

TABLE 3.—PERFORMANCE AFTER SETTING A NEW PERSONAL BEST

Performance relative to rating: (pt+1,t+2 − rt+1)/rt+1

Dependent variable: (1) (2) (3) (4) (5)

Constant 1.314*** 24.750*** − 0.678** 24.480*** 100.20***

(0.098) (0.258) (0.122) (0.263) (1.000)
Female 4.905*** − 2.285*** 8.182*** − 1.063*** − 1.374***

(0.279) (0.283) (0.354) (0.362) (0.364)
Reach10 − 4.083*** 3.852*** − 3.855*** − 3.772***

(0.307) (0.325) (0.329) (0.330)
Female × Reach10 − 6.405*** − 1.581* − 3.326***

(0.923) (0.912) (0.906)
PBestBroken − 4.777*** 6.564*** − 4.223*** − 6.881***

(0.234) (0.230) (0.253) (0.257)
Female × PBestBroken − 10.230*** − 3.745*** − 5.659***

(0.643) (0.637) (0.633)
Age − 0.682*** − 0.678*** − 0.598***

(0.006) (0.006) (0.006)
PBest − 0.038***

(0.000)
PBestDuration 0.003***

(0.000)
Titles fixed effects No No No No Yes
Adjusted R2 0.000 0.029 0.002 0.029 0.043
N (pairs of lists) 419,798 419,798 419,798 419,798 419,798
N (games) 5,128,463 5,128,463 5,128,463 5,128,463 5,128,463

Standard deviations are in parentheses. ∗ , ∗∗ , ∗∗∗ denote significance at 5%, 1%, and 0.1%.

interaction with the female gender both continue to have
negative and strongly significant effects. Also intuitive, the
coefficient on PBestBroken is negative and strongly signifi-
cant. When a new personal best is set, it is harder to perform

in a way to set an even higher best rating. Interestingly, the
interaction between Female and PBestBroken is also nega-
tive and strongly significant, indicating that women under-
perform relative to men after setting a new personal best.
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TABLE 4.—ACTIVITY AFTER SETTING A NEW PERSONAL BEST

Activity growth rate

Dependent variable: (1) (2) (3) (4) (5)

Constant − 0.553*** 0.617*** 0.558*** 0.615*** 0.849***

(0.002) (0.006) (0.002) (0.006) (0.023)
Female − 0.015** − 0.023** 0.004 − 0.017* − 0.028***

(0.007) (0.007) (0.009) (0.008) (0.009)
Reach10 0.209*** 0.219*** 0.202*** 0.210***

(0.007) (0.007) (0.007) (0.007)
Female × Reach10 0.053*** 0.063*** 0.056**

(0.023) (0.023) (0.023)
PBestBroken − 0.191*** − 0.159*** − 0.184*** − 0.185***

(0.006) (0.005) (0.006) (0.006)
Female × PBestBroken − 0.068*** − 0.053*** − 0.060***

(0.017) (0.017) (0.017)
Age − 0.001*** − 0.001*** − 0.001***

(0.000) (0.000) (0.000)
PBest − 0.000***

(0.000)
PBestDuration 0.000***

(0.000)
Titles fixed effects No No No No Yes
Adjusted R2 0.000 0.003 0.003 0.003 0.003
N (pairs of lists) 812,453 812,453 812,453 812,453 812,453
N (games) 6,663,152 6,663,152 6,663,152 6,663,152 6,663,152

Standard deviations are in parentheses. ∗ , ∗∗ , ∗∗∗ denote significance at 5%, 1%, and 0.1%.

This effect is also quite sizable in all the specifications. For
example, for a player with an ELO rating of 2,000, it trans-
lates into a decrease in performance of 2 × 5.66 = 11.32
points. In appendix A we have also considered, as in the
previous tables, different ReachX distances and found that
their interaction with Female remains significant at conven-
tional levels.24 Importantly, the interaction between Female
and PBestBroken remains quite significant as well, and it in-
creases in size as different ReachX distances farther away
from the personal best are considered.25

The dependent variable in table 4 is the growth rate in
playing activity, (nt+1,t+2 − nt,t+1)/nt,t+1. As in table 2, we
find that when the personal best has not been broken, hav-
ing a rating rt+1 within reach of 10 rating points from the
personal best and its interaction with Female both have a
positive impact on the rate of playing activity. When the per-
sonal best is within reach, women become relatively more
active than men. In appendix A we find that this result is
present even within a 100 rating point distance, which as in-
dicated earlier is quite large by chess standards. Interestingly
enough, both PBestBroken and its interaction with Female
have negative significant coefficients. This means that the
rate of playing activity drops immediately after breaking the
personal best and, importantly, it drops significantly more
for women than for men.26 This effect is always present and

24Interestingly, the size (in absolute value) tends to decrease up to a
within a 20–40 rating point distance as in table 1 and to increase after
that.

25This interaction effect loses most of its significance for the younger
group (AgeU20) and is greater in magnitude in the main age group
(Age20–60), for whom the coefficient always decreases in absolute value
with the distance to the personal best.

26In appendix A we vary the distance ReachX and find that the interac-
tion between Female and PBestBroken decreases as we consider greater

appears to be quite stable in magnitude at around 6% in the
last three specifications regardless of the independent vari-
ables included. Finally, with respect to the rest of the vari-
ables, we find similar effects to those in table 2.

Overall, we take these findings as showing differential re-
sponses by gender in terms of both performance and changes
in activity levels after setting a new personal best.

VI. Discussion

The results in the previous section are consistent with the
existence of behavioral gender differences in dependence
around a reference point (personal best). In the extensive
margin, women increase their effort more than men before
setting a new personal best but exert less effort after doing
so. In the intensive margin, women underperform relative to
men both to set a new personal best and after doing so.

A number of extensions and refinements are possible,
in addition to those discussed previously. For instance, be-
cause women in chess may be different from men in var-
ious respects, we have followed the “equivalence criteria”
across genders used by the FIDE and study in appendix B
a more comparable subset of men and women for our main
age group.27 Although the evidence shows some differences
across the different subsets of subjects considered that can

distances, except in the main Age20–60 group for whom this interaction
term is always similar in size and strongly significant.

27In particular, we consider ratings in the interval [2000, 2600] for men
and [1800, 2400] for women. This balancing or comparability criterion
reflects the 200 rating point difference in the FIDE regulations to award
the Grandmaster and International Master titles versus the correspond-
ing versions Women Grandmaster and Women International Master ti-
tles. These different intervals are intended to cover similar interpercentile
ranges within the respective populations. In addition, we also consider
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be of interest in their own right, the basic empirical findings
are robust and essentially remain unchanged. Similarly, in
this appendix we also provide evidence from matching esti-
mators where we compare women and men of the same age,
same personal best, and same personal best duration for this
group. The results for the relevant interactions of interest do
not vary much and continue to be robust.

We have also implemented a number of additional robust-
ness checks. We briefly discuss three of them next.28 First,
in principle, it is not impossible to think that different cir-
cumstances may exist for men and women that could them-
selves vary when close and far from the personal bests. Al-
though it seems unlikely, this might affect the extensive mar-
gin. For instance, the availability of tournaments in which
to participate may not be equal between men and women
when they are 15 points near a personal best and 100 points.
Tournament availability for players is difficult to control for
because the location of players and geographical distance
to tournaments is not available in the FIDE data set. How-
ever, it is possible to check whether availability is a rele-
vant aspect using the fact that the density of tournaments is
not uniform during the year. Tournaments are more concen-
trated during the summer months (July and August), which
is when players have more time, and hence when there is
more, cheaper, or at the very least different access to tourna-
ments than in other parts of the year. If differences in avail-
ability are a relevant determinant of differences in partici-
pation, we should see that the effects are different in differ-
ent parts of the year.29 To study this, we have implemented
the same regression specifications for each part of the year
(summer and non-summer) separately. The results show no
significant differences, which is consistent with the hypoth-
esis of no differential impact of tournament availability for
men and women when close and far from the personal bests.

A second robustness test concerns the frequency with
which ratings lists are updated by the FIDE, which nowa-
days is every month. The reason is that a player may beat
temporarily his or her personal best during a month, but this
need not be reflected in the official list published after the
month ends (if after playing more games he or she is back
below his initial personal best before the end of the month).
That is, both the “true” and the “official” personal bests may
matter in a player’s mind, but they need not always coin-
cide. Although, in principle, it is unclear whether this aspect
could be relevant in practice, it is something worth examin-
ing.30 We can then check whether the results are robust by

specific subsets according to different levels of experience, different max-
imum duration of the personal best (in terms of games and months), and
different distances to the personal best.

28We are grateful to two anonymous referees for suggesting them. They
are also included in appendix B. In general, it may be noted that in most re-
gressions the adjusted R2 is small. This is to be expected given the massive
amount of data we have and their variability.

29See Barnanchon, Rathelot, and Roulet (2021) for a study relating gen-
der differences in willingness to commute to the gender wage gap.

30First, even the players themselves may not know when they have beaten
their personal best (other than in the official lists, of course), as they may

studying changes in how frequently lists are updated from
monthly to quarterly. If official lists were published, say,
once a decade, then the official personal best would likely
be irrelevant as a reference point (the only thing that might
matter would be the unofficial personal best, if known). That
is, if the results are robust, we should find that the effects
are present at all the frequencies in the data and that, if any-
thing, there are stronger performance effects the greater the
updating frequency of lists. This is exactly what we find. We
use the exogenous variation in the frequency with which rat-
ing lists are updated by the FIDE (see footnote 8) and study
the results at monthly frequencies (July 2012 to date) and
at lower frequencies (January 2000 to June 2012). The re-
sults confirm that the effects we have documented are highly
significant at all frequencies, and that there are stronger per-
formance effects when the updating frequency is higher.31

Third, in the FIDE data set, the probability of playing
against a man slowly increases as players’ ratings increase.
Recent research in psychology suggests the possibility of
an opponent gender (OG) effect in chess whereby women
may underperform when playing against men (compared to
a woman of the same ELO rating).32 Although for the ELO
range that we study (increases within a 10, 20, or 50 ELO
point distance from the personal best), this increase is sta-
tistically no different from zero, it is worth examining this
aspect. Say that in addition to the detrimental distance-to-
personal best effect (DPB) in women’s performance that we
have documented that we find an OG effect. We can exploit
the fact that the OG effect is independent of the distance
from the personal best, whereas a DPB should tend to dis-
appear as the distance grows larger. We have taken advan-
tage of this asymmetry and studied what happens far from
the personal best, in particular at greater than distances of
50 ELO points. More precisely, we have examined players’
performances in the main age group 20–60 when their “per-
sonal best minus 50 points” is within reach. Since reaching
this new “maximum” has nothing to do with breaking a per-
sonal best, there is no room for a DPB effect. On the other
hand, the OG effect should still be present, if it exists. The
results show that the gender effects are not significantly dif-
ferent from zero; that is, they are consistent with the hypoth-
esis that the OG effect is nil and in practice not relevant.

Finally, a brief word on the generalizability. A natural
question is how much the results are likely to generalize
to other settings. Although speculative, some discussion is
warranted. We have a setting where subjects perform a cog-
nitive task, in a strictly competitive environment, and one

not have the tools to compute their rating on a game-by-game basis (not
even today, much less one or two decades ago). Second, beating one’s per-
sonal best in a way that is not “official” cannot easily be “proven” to others,
which players probably care about.

31In terms of participation, the results are similar across frequencies af-
ter breaking the personal best, and slightly stronger before that at lower
frequencies. This suggests the possibility of some substitution from the
intensive to the extensive margin.

32These findings are somewhat inconclusive though; see Stafford (2018)
and Smerdon et al. (2020).
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where women are a relatively small percentage of subjects.
In principle, settings that share some or all of these char-
acteristics (cognition, competition, and gender-skewed en-
vironments) would appear to be candidates for observing a
generalization of the results. Interestingly, these are some
of the settings that receive substantial attention in the social
sciences and in the media. As occupational sorting and seg-
regation by gender remains high in labor markets, there is
important research trying to understand gender performance
and integration in male-dominated work environments. The
role of preferences, stereotypes, and social norms also has
far-reaching implications for policies aimed at integrating
the workplace.33 Similarly, a substantial amount of research
has tried to understand the mechanisms underlying how gen-
der affects achievement in schools and in the workplace. A
prominent body of research, for instance, tries to explain
why fewer women than men pursue careers in STEM sub-
jects. Our results suggest that behavior around personal bests
represents a new promising avenue for future research on
these and related questions.

Future research should also include new theoretical de-
velopments. In terms of theoretical frameworks, our results
indicate that gender emerges as a determinant of reference-
dependent behavior. Therefore, they readily suggest includ-
ing gender in models of reference dependence, a conclusion
that may in fact be taken as a main contribution of our study.
Although the goal of our study is not theoretical, the effort
model of loss aversion in Anderson and Green (2018), for
example, can be made consistent with observed patterns if
the performance and costs functions are suitably extended
to allow for gender dependence. Similarly, the models in
Alaoui and Penta (2016, 2021) on cost-benefit and endoge-
nous depth of reasoning could also be extended along the
gender dimension.

VII. Conclusion

Reference dependence is a fundamental principle of hu-
man behavior that captures the comparative nature of hu-
man feelings and perceptions. In spite of its importance, and
the existence of a large literature on the broad applicabil-
ity of various forms of reference dependence, little is known
about how this determinant of behavior may vary across de-
mographic characteristics. In particular, little is known about
a reference point that is part of every human subject hedonic
experience: his or her personal best. Motivated by an influ-
ential and voluminous literature that studies gender, but that
is silent about reference points, our goal has been to provide
a first study linking these bodies of scientific inquiry.

We have studied a real-life cognitive task in a strictly com-
petitive setting with subjects who are experts and officially
ranked, and who perform under high stakes. In this setting,

33Dahl, Kotsadam, and Rooth (2021), for instance, examine whether in-
tegrating men and women in a male-dominated environment (the military)
can change men’s attitudes about mixed-gender productivity (mostly in
noncognitive tasks), gender roles, and gender identity.

performance and participation can be clearly and precisely
documented, and we can take advantage of the availability
of the universe of official competitions. Our results support
the hypothesis that the comparative nature of human behav-
ior is different across genders. Although many differences
in preferences and attitudes across genders have been previ-
ously documented in the literature, these findings open up
new avenues of future research. We hope they will moti-
vate researchers to undertake future empirical and theoret-
ical study linking gender and reference dependence, using
different reference points, different competitive and cooper-
ative settings, and different incentives, tasks, subjects, and
other characteristics.
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