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The economic literature on time-pressured decisions is slim and has mainly relied on laboratory collected data.
Within this literature, only few studies have investigated the gender differences in the effects of time constraint
on decision making. The World Chess Federation reports the official player ratings in Standard, Rapid and Blitz
Chess. Standard, Rapid, and Blitz Chess only differ from each other in the stringency of the time constraint they
impose on the players. While Standard Chess can last several hours, Rapid (Blitz) Chess allocates each player
(30) 10 min or less for the entire game. The present paper uses 2012 to 2019 chess tournament data of the World
Chess Federation to investigate the gender differences in the effects of time constraint on performance. These
data, containing more than 1.8 million individual observations, are analyzed using several approaches to ensure
the robustness of the findings. The results indicate that the Rapid and Blitz ratings of female chess players are
below the ratings of male chess players of the same skills. While female underperformance is largely robust even
at the country level, its magnitude is rather small. Finally, reexamining the question by chess skill thresholds
produces evidence that female underperformance is greater among the elite players. The findings are discussed
in light of the past literature.
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1. Introduction
Time constraint is a ubiquitous feature of the modern life. With the
technological advances, information travels faster than ever before.
With the fast-moving information, even in non-professional settings,
people are compelled to promptly decide and react. In spite of the
pervasive presence of time constraint in decision making stances,
economists have been slow to acknowledge its importance
(Spiliopoulos & Ortmann, 2018). In economics, thus far, the effects of
time constraint on bargaining strategy (Sutter et al., 2003; Lindner &
Rose, 2017), risk preferences (Saqib & Chan, 2015), and prosociality
(Grimm & Mengel, 2011) have been examined. In contrast, there is a
rather large psychology literature on reaction time as well as the effects
of time pressure on decision quality (Kocher & Sutter, 2006;
Voyer, 2011). With the relatively slow acknowledgement of the effects
of time constraint on decision making in economics, the literature on
the gender differences in reaction to time constraint is also slim in
economic discipline (De Paola & Gioia, 2016; Shurchkov, 2012). The
present paper, using chess tournament data retrieved from the World
Chess Federation (FIDE) contributes to the literature on the gender
differences in the effects of time constraint.
An advantage of the present paper lies in the fact that its data reflect
a real-life setting. Nearly all the economic and psychology studies of the

effects of time constraint use laboratory-collected data. But, differences
exist between laboratory and real-life choices (De Paola & Gioia, 2016;
Saqib & Chan, 2015; Stafford, 2018). Particularly, time pressure and its
associated emotional stress more strongly affect decisions if these de
cisions have life-altering consequences (González-Díaz, Gossner &
Rogers, 2012; Hickman & Metz, 2015; Rand, Greene & Nowak, 2012;
Karagözoğlu & Kocher 2019; Capraro & Cococcioni, 2016;
Kocher, Schindler, Trautmann & Xu, 2018). It remains debatable whe
ther laboratory experiments are pertinent settings for the replication of
the emotional stress associated with decisions of life-altering con
sequence (De Paola & Gioia, 2016; González-Díaz et al., 2012; Hickman
& Metz, 2015; Stafford, 2018). Understandably though, nonexperi
mental data combining time constraint and such emotional stress are
rare. The present paper exploits one of the unique real life settings in
which time pressure is combined with outcomes which are rather
consequential for the decision makers in their real lives.
The World Chess Federation, whose acronym FIDE comes from its
French name Fédération Internationale des Échecs, periodically reports
the official Elo ratings of chess players. The Elo rating is the standard
measure of a player's chess skill, and is determined by the outcomes of
FIDE-sanctioned matches. The FIDE data includes the Elo ratings of
players in Standard Chess, Rapid Chess, and Blitz Chess. Standard,
Rapid, and Blitz Chess only differ in the time allocated to each player
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for the match. In Standard Chess, players have at least 90 min.1 The
chess game is called Rapid if it allocates 30 min or less to each player.
The time-set in Blitz Chess is even more stringent, with 10 min or less
per player for the entire game. Hence, with these data, it is possible to
assess how relative performance is affected by the stringency of time
constraint. This paper uses 2012 to 2019 FIDE data, which contain
more than 1.8 million individual observations. Several estimation ap
proaches are used to ensure that the results are robust. The analysis
shows that, in presence of time constraint, female players underperform
male players of equal chess skill. The gender gap is larger in Blitz Chess,
where the time constraint is the most stringent. While the gender gap
proves to be robust, its magnitude is rather small. If the sample is
partitioned by skill thresholds, there is evidence that the negative effect
of time constraint on women is larger among the elite chess players,
who likely attach a greater importance to the outcomes. The remainder
of this paper is organized as follows. The next section reviews the re
lated literature. Section III is concerned with the data and the metho
dology. The results are presented in Section IV. A discussion and the
concluding remarks follow.

scarcity in e-sports is even more dramatic than that observed in chess,
where currently, Yifan Hou is the one and only woman among the top
100 players (FIDE, 2019).
The literature has offered several explanations for female scarcity in
certain domains, ranging from innate differences in intellectual and
psychological attributes (Benbow, Lubinski, Shea & Eftekhari-Sanjani,
2000; Gottfredson & Hirschi, 1990; Jianakoplos & Bernasek, 1998;
Wilson & Daly, 1985; Sacerdote, 2002; Ayalon, 2003; Cárdenas, Dreber,
Von Essen & Ranehill, 2012; Charness & Rustichini, 2011;
Sapienza, Zingales & Maestripieri, 2009) to behavioral differences ac
quired through socialization (Andreescu, Gallian, Kane & Mertz, 2008;
Byrnes, Miller & Schafer, 1999; Massa, Mayer & Bohon, 2005; Saqib &
Chan, 2015), as well as the existence of overt and covert socio-cultural
barriers (Ćorić, 2018; Morrison, White & Van Velsor, 1987). Across the
studies, little difference between the average scores of men and women
on intelligence and aptitude tests has ever been found (Gneezy &
Rustichini, 2004; Irwing & Lynn, 2005). But, the gender ratio is largely
skewed in favor of males among the top achievers (Deary, Thorpe,
Wilson, Starr & Whalley, 2003; Irwing & Lynn, 2005). Statistically,
differences in participation rates can partly explain the differences in
the extreme values (Bilalić, McLeod & Gobet, 2007, 2009; Chabris &
Glickman 2006; Charness & Gerchak 1996; Glickman & Chabris 1996).
Using a sample of German chess players, Bilalić et al. (2009) show that
96% of the observed extreme value differences are expected given the
much greater number of men who play chess. However, the estimations
reported in Bilalić et al. (2009) have been challenged in Knapp (2010)
and Blanch (2016). Blanch (2016), examining a sample of chess players
from 24 Eurasian countries, reported large gender attainment gaps
which could not be explained away by the participation ratios in these
countries. These studies indicate that although the question of female
lower attainment in male-dominated fields such as chess should not be
formulated in isolation from female lower participation rates, i.e. the
“pipeline” issue, it appears unlikely that the narrow pipeline can fully
account for the large attainment gaps at the top levels.
While an empirical distinction may not always be possible, it is
helpful to differentiate between differences in behavior and differences
in outcomes, when men and women are compared. As previously noted,
across the disciplines, gender differences in behaviors are explained
through two channels of differential socialization and biology
(Sacerdote, 2002; Booth & Nolen 2012a). Perhaps the best documented
case of behavioral gender difference, whose implications are farreaching, relates to risk preferences (Charness & Gneezy 2012; Sarin &
Wieland 2016). The debate as to whether gender differences in risk
preferences are innate or socially induced spans several decades and has
remain unsettled (Byrnes et al., 1999; Drichoutis & Nayga 2015;
Sacerdote, 2002; Chen et al., 2017). Notwithstanding the fact that
differentiated behavior leads to differentiated outcomes, overt and
covert discrimination are discussed in length and in-depth as con
tributing factors regarding the less favorable outcomes of women
(Goldin, 2014). Aside from overt discrimination, gender stereotypes
may induce a negative bias in the evaluative judgment of women's
competence (Chan & Wang 2017; Dipboye, 1985; Swim, Borgida,
Maruyama & Myers, 1989). For instance, regardless of the objective
measures of performance, female CEOs are often evaluated less favor
ably than their male counterparts (Oakley, 2000). In male-domains,
even unambiguous proof of a better performance can instigate negative
consequences for high achieving women, as they may be labelled in
deviation from the “oughts” of their gender (Heilman & Okimoto 2007).
This pattern of “backlash” contributes to the continued scarcity of
women in the traditionally male domains, by discouraging prospective
female participants, and further narrowing the pipeline (Eagly &
Karau 2002). The effects of gender stereotypes have also been examined
regarding chess players, yielding no substantial evidence
(Stafford, 2018).
Increasingly, the economic literature views the gender participation
gaps as related to the gender differences in the tendency to compete

2. Literature review
Given that chess is a deterministic individual game and that chess
matches are thoroughly documented and digitized, chess data are po
tentially fruitful for the investigation of demographic differences in
strategic behavior as well as latent individual traits. Accordingly, sev
eral studies have exploited chess tournament data to this effect
(Dreber, Gerdes & Gränsmark, 2013; Linnemer & Visser, 2015;
Stafford, 2018). For instance, Gerdes and Gränsmark (2010) measure
differences in risk behavior among Chess Experts. They confirmed that
females are more risk-averse than males. They additionally found that
male chess players choose more aggressive strategies when they play
against female opponents, even if these risky strategies reduced their
winning probabilities. Using similar data and examining time pre
ferences, Gränsmark (2012) finds that men are more impatient while
women are more time inconsistent. Chess tournament data have not yet
been used to examine the effects of time constraint on male and female
chess players.
The elephant in the room, when chess tournament data are ex
amined, is the small number of women in the datasets (Bilalić,
Smallbone, McLeod & Gobet, 2009; Glickman & Chabris, 1996;
Stafford, 2018). The scarcity of women among top chess players has
been previously viewed within the general context of female slight re
presentation at the top level of highly competitive activities, such as
senior management (Bertrand & Hallock, 2001; Heilman, 2001), STEM
fields (Ceci & Williams, 2007; Stoet, Bailey, Moore & Geary, 2016; Xie &
Shauman, 2003), engineering (Hunt, 2016), and professional trading
(Xie, Page & Hardy, 2017). The recent development of the rather ser
ious field of “Electronic Sports” has produced another domain in which
female representation is very low in professional and top ranks
(Ruvalcaba, Shulze, Kim, Berzenski & Otten, 2018). Electronic sports (esports) refers to the competitive play of video games. The prevalence of
casual videogame playing does not vary by a large measure across
genders in the countries in which the question has been investigated
(Vermeulen, Van Looy, De Grove & Courtois, 2011). But, there is no
woman among the top 300 professional players with positive earnings
from the e-sport competitions (E-sports Earnings, 2018). The female
1
The official FIDE time-set for Standard Chess is 90 minutes for the first 40
moves + 30 minutes after the 40th move+ 30 seconds for every move made,
starting from the beginning of the game. This time set is at times modified, too
be slightly shorter or slightly longer. For instance, the 2010 World Chess
Championship was 120 minutes for the first 40 moves + 60 minutes after the
40th move + 15 minutes after the 60th move + 30 additional seconds per move
starting from move 61.
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(Gneezy et al., 2003; Gneezy & Rustichini 2004). Gneezy et al. (2003)
were first to document that competition depresses female performance
while it has an enhancing effect on males. Across the studies, women
are found less likely to compete for the opportunities which maximize
their productivity (Booth & Nolen 2012a, 2012b; Cárdenas et al., 2012;
Dargnies, 2011; Dreber, von Essen & Ranehill, 2014; Gneezy, Leonard &
List, 2009; Healy & Pate 2011; Niederle & Vesterlund, 2007, 2010;
Niederle et al. 2008; Reuben, Sapienza & Zingales, 2015; Sutter &
Glätzle-Rützler 2014; Wozniak, Harbaugh & Mayr, 2014; Zhang, 2013,
2017). Much like other areas, some strands of the scholarship suggest
that the gender difference in competitiveness is biologically driven.
Evolutionary biology argues that the differences in competitiveness are
due to the differences in the marginal benefit from competing for re
productive purposes, which is generally higher for males than for fe
males, across the species (Cassar, Wordofa & Zhang, 2016;
Trivers, 1972). This difference in marginal benefit, combined with se
lection pressures, has led to the greater presence of competitive traits in
males. But, recent scholarship indicates that this view of trait selection
is incomplete (Cassar et al., 2016; Henrich, Boyd & Richerson, 2012).
For instance, Cassar et al. (2016) provide evidence that child-benefit
ting rewards increase competitive tendencies significantly more in
mothers than in fathers. Consistently, Gneezy et al. (2009) and
Zhang (2017) report that females are as competitive as men in ma
trilineal ethnic groups of Tanzania, India, and China.
Generally, although not always, competitions incorporate time
pressure. Psychology research on time pressure precedes economic in
vestigations of the subject (Spiliopoulos & Ortmann 2018). There is
evidence for a male advantage, or the enhancement of a pre-existing
male advantage, under time-constraint. For instance, psychology re
search has shown that male advantage in cognitive tests such as mental
rotation significantly increases when time is limited (Voyer, 2011). In
one of the first economic studies focused on the gender differences in
the effects of time pressure, Shurchkov (2012) found that women un
derperformed men in a time pressured math-based laboratory experi
ment. Shurchkov (2012) suggests that the differential reaction of
women to time pressure likely contributes to the gender differences in
competitiveness. Consistently, De Paola and Gioia (2016), using a field
experiment, found that time pressure adversely affected both the
quantity and quality of women's performance while men's performance
remained unchanged.
In psychology, the tradeoff between speed and accuracy is welldocumented (Busemeyer & Diederich 2002; Diederich, 1997;
Maule, 1993; Payne, Bettman & Johnson, 1988). Even perceived time
pressure, when none exists, can affect behavior (Benson & Beach 1996;
DeDonno & Demaree 2008; Frederick, Loewenstein & O'donoghue,
2002; Maule, Hockey & Bdzola, 2000; Stahl & Wilson 1995). Generally,
decision makers are shown to adapt to time pressure by acquiring less
information, accelerating the rate of information acquisition, selec
tively evaluating a subset of the information, and by relying more often
on heuristics (Gigerenzer & Todd 1999; Weenig & Maarleveld 2002).
Adapted to the environment, simple heuristics may outperform more
complex decision rules (Gigerenzer, 1988; Gigerenzer & Selten 2002;
Hogarth & Karelaia 2007; Payne et al., 1988), while minimizing effort
(Ordóñez & Benson 1997; Payne et al., 1996; Rieskamp &
Hoffrage 2008). But, the use of heuristics and an exclusive reliance on
salient cues increase the chances of errors (Tversky & Kahneman, 1974;
Verplanken, 1993). For instance, the knowledge that an opponent is
also under time pressure could induce a change in beliefs about how the
opponent
will
behave
(Spiliopoulos
&
Ortmann
2018;
Spiliopoulos, Ortmann & Zhang, 2018), leading to systematic errors.
Moreover, it has been reported that time-pressured decision makers
perceive negative information as more salient (Ben Zur & Breznitz
1981; Einhorn & Hogarth 1981; Kahneman & Tversky 1986; Saqib &
Chan 2015). Consistently, Sutter, Kocher and Strauß (2003), using an
ultimatum game, found that under time constraint subjects reject con
siderably larger number of offers than when time constraint is not

present. Likewise, Karagözoğlu and Kocher (2019) reported that dis
agreement rates in bargaining task were much higher under high time
pressure. Finally, Cappelletti, Güth and Ploner (2011) found that time
pressure leads to higher offers in an ultimatum game. Time pressure is
found to also impact level-k reasoning (Lindner & Sutter 2013).
Kocher and Sutter (2006) showed that the depth of reasoning decreases
under time pressure. In addition, time pressure can affect behavior by
rising physiological stress (Buckert, Schwieren, Kudielka & Fiebach,
2014; Starcke, Wolf, Markowitsch & Brand, 2008) which inhibits stra
tegic thinking (De Paola & Gioia 2016).
Assuming that the male advantage in chess results from a male
advantage in strategic thinking, playing chess under time constraint
may prove beneficial to female players. But, changes in strategic
thinking is not the only consequence of time constraint. Time constraint
is also reported to affect risk attitudes (Ben-Zur & Bresnitz 1981;
Busemeyer & Townsend 1993; Payne et al., 1996; Kirchler et al., 2017;
Kocher, Pahlke & Trautmann, 2013; Madan, Spetch & Ludvig, 2015).
While preferences are assumed stable in economics (Stigler &
Becker 1977), time pressure is found to lead to reversed risk preferences
(Kocher & Sutter 2006). Greater risk-taking has been reported in face of
time pressure (Hu, Wang, Pang, Xu & Guo, 2015; Young, Goodie, Hall &
Wu, 2012). Young et al. (2012) examined gender differences in this
regard, but found no gap between men and women. Finally, time
pressure is reported to substantially increase the emotional stress of the
decision makers, intensifying the chances of erroneous judgements
(Buckert et al., 2014; Starcke et al., 2008). Given the interaction of
many factors and little prior literature on the gender differences in the
effects of these factors, it seems that the question of whether females
playing fast chess underperform their male counterparts is best em
pirically answered.
3. Data and methodology
The chess performance data used in this paper are retrieved from
the FIDE website. The FIDE website periodically publishes the list of
players who have participated in FIDE-sanctioned tournaments in a
given year and have achieved an Elo rating of 1000 or above.2 This list
includes first name, last name, gender, and the date of birth of the
players. Moreover, the data include the chess federations to which the
players belong. Almost always these federations pertain to sovereign
countries. But, like in other sports, some federations administer nonindependent regions. Examples are Andorra and Aruba. In total, there
192 countries or regions with FIDE-listed players, Unfortunately, the
FIDE data were not available in consolidated electronic formats for
years before 2012. Hence, the data used in this paper are restricted to
2012 to 2019. Across the years, 3777 observations missed gender in
formation, or the recorded gender was not the same from one year to
the other. These observations are excluded. Moreover, 65,616 ob
servations missed the date of birth. As the regressions control for age,
these observations are dropped. There was no indication that the
missing information was not random. After cleaning the data, the list
includes 153,298 players in 2012 (the smallest dataset) and 340,396
players in 2019 (the largest dataset). The cumulative number of in
dividual observations reaches 1,835,478.
The Elo rating is a measure of chess skill, determined based on
tournament performance of a chess player. It has been first proposed by
Arpad Elo (Elo, 1978), a Hungarian-American physicist. The Elo system
is also used for multiplayer competitions in a number of video and
board games. The Elo rating increases or decreases depending on the
2

The data are published several times a year. There are very little differences
across the lists published in the same year. Only one list per year is used in this
paper, pertaining to the months between July and November, whichever
available. The data used in this paper were downloaded between 2017 and
2019. In 2019, the FIDE website archived the lists of years prior to 2015.
3
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outcomes of matches between rated players. Every match, even if it
ends in a draw, generally causes a change in the Elo ratings, in a zerosum manner. The allocation of the Elo points after a match is based on
the rating discrepancies between the two opponents. If a player with a
lower Elo rating beats a player of a higher Elo rating, this match results
in large losses for the more skilled player and equal gains for the less
skilled player. Elo points are also allocated if a match results in a draw,
provided that there are rating discrepancies between the two oppo
nents, with the stronger player losing points and the other gaining. To
be included in the FIDE list, the players must have established an Elo
rating by participating in FIDE-sanctioned tournaments of mixed
gender. Note that FIDE tournament participants are not a random
sample of chess players. While it is unlikely that players with high levels
of skill systematically do not participate in FIDE-sanctioned tourna
ments, it remains a possibility regarding those with low skills. In years
2012 to 2018, the players with an Elo rating below 1000 were not re
ported by FIDE. But, in 2019, the FIDE list included 1779 players with
ratings below 1000. To remain consistent across the years, these ob
servations were dropped. In the sensitivity tests, the players with an Elo
rating below 1400 were also excluded. But, this exclusion did not alter
any conclusion.3
Table 1 shows the descriptive statistics. To simplify the exposition,
brackets of 100 Elo points are created, based on the ratings in Standard
Chess. As shown in the table, the player share increases, starting from
2.5% of the sample for those between 1000 and 1100 Elo, up to 11.3%
for the bracket 1800–1900 Elo. About 50% of the players are rated
below 1800 points. Starting from the bracket 2000–2100, the sample
share drops, reaching 0.1% for those rated between 2600 and 2700 Elo.
There are 334 players (0.02% of the sample) rated between 2700 and
2800 Elo. As indicated in the table, there are only 33 players rated
above 2800 Elo points. There is no woman among them. As shown in
the table, the female share steadily declines as the skill thresholds are
tightened. More precisely, the female share starts at 23.0% for those
rated between 1000–1100 Elo points and falls to 0.3% for those in
2700–2800 bracket. In fact, among the 334 players rated between 2700
and 2800 Elo points, there is only 1 female player (Yifan Hou).
Table 1 also indicates that female chess players are measurably
younger than their male counterparts. Particularly, the average age for
males is about 39 years, against 25 years for females. The table also
reports the share of men and women who have played Rapid and Blitz,
by Elo rating thresholds. As the table shows, females appear more likely
to take part in Rapid and Blitz Chess competitions, especially those with
higher skills. Pooling all skill levels, 31.0% of women have a Rapid
rating against 25% of men. Likewise, 25.7% of women have a Blitz
rating against 19.8% of men. Finally, the table shows the average Rapid
and Blitz ratings for all the Standard rating brackets. Standard, Rapid,
and Blitz chess ratings appear highly correlated. Figs. 1 to 3 show the
kernel densities across the three types of matches. As these figures
show, the distributions for males fairly closely approximate the normal
distribution. The gender gap in attainment is very visible in these dis
tributional figures.
The dataset allows for a panel data conception, where individual
chess players are observed from 2012 to 2019. But, since the variable of
interest is time-invariant, the data cannot be readily exploited in a
panel fixed effects estimation. Two strategies are used to exploit the
data to the fullest. First, pooling all ratings regardless of the type of the
games (Standard, Rapid, Blitz) and across the years, the following

equation is estimated:

Rating =

0

+

1 Female

5 Female

+

+

2 Rapid
3

× Blitz +
p=1

+

3 Blitz

+

p

+

5 + p Age

4 Female
J
j=1

× Rapid

j Countryj

+ t+
(1)

Rapid and Blitz are dummies indicating whether the rating pertains
to Rapid Chess or Blitz Chess. In Eq. (1), the coefficients of interest are
β4 and β5. The coefficient β4 indicates the gap associated with female
Rapid players while β5 indicates the gap for female Blitz players com
pared with their male counterparts. The equation further includes a
third-degree polynomial in age, dummies for countries, and a vector of
year dummies (λt). Dropping the dummy for females, Eq. (1) is also
estimated with individual fixed effects. To have a clearer understanding
of the magnitude of the coefficients, the equation is estimated with both
the raw rating values and with the dependent variable log-transformed.
In the latter case, the coefficients signify percentage differences.
Second, a panel mixed effects estimation methodology is used
(Allison, 2009; Rabe-Hesketh & Skrondal 2008; Wooldridge, 2010;
Schunck, 2013). This methodology is increasingly employed in panel
data analyses by social scientists (Burnett & Farkas 2009; Glaurdić &
Vuković 2017; Ousey & Wilcox 2007; Phillips, 2006; Teachman, 2011;
Zhou, 2011). The estimated mixed effects equation can be written as
follows:

ELoitK = 0 + 1 Female +
K = Rapid , Blitz

(x it

x¯i ) + x¯i + t + µi +

it

(2)

The dependent variable ELoitK is the Elo rating of player i at time t,
pertaining to either Rapid or Blitz Chess. Separate equations are esti
mated for Rapid and Blitz. In the model above, the coefficients for the
de-meaned variables resemble to the fixed effects, “within,” estimators,
while the coefficients of the panel-unit means over time ( x̄ i ) can be
interpreted as “between” estimators. The coefficient for Female, denoted
by β1, is similar to those resulting from a random effects model. The
term λt captures the time dimension and μi and ɛit are the error terms.
The controls are the same as used in Eq. (1), in addition to the players’
ratings in Standard Chess. The inclusion of the players’ Standard Chess
ratings controls for their general chess skill. Hence, the coefficient for
Female indicates how women fare in fast games compared to men,
holding their chess skills constant.
There is also a concern regarding sample selection. Clearly, the
decision to play fast chess games is made by the individual players.
Hence, without a correction, the coefficients will be affected by a se
lection bias (Gronau, 1974; Heckman, 1979). While the dataset is en
viably large, it is very limited in terms of the possible controls. There
fore, little can be done to correct for sample selection. Yet, attempts
have been made to produce alternative estimations, which likely miti
gate this issue. More formally, in the dataset, we only observe Elo K *
instead of EloK:

Elo K * =

0

+

1 Female

+ X + u K = Rapid , Blitz

(3)

In Eq. (3) onwards, the subscripts are dropped to the benefit of
parsimony. Elo K * pertains to those who have participated in the fast
chess tournaments, an endogenously selected sample. Building on
Heckman (1979), Wooldridge (1995) proposed a way to correct panel
data for sample selection. This is the approach taken in the present
paper. The first step in implementing this methodology is to estimate
the selection equation below:

3
While this threshold is arbitrary, one can argue that an Elo rating of 1400
indicates the attainment of a semi-serious level of chess skill. For instance, the
Internet Chess Club (ICC), one of the oldest online chess interfaces, starts any
new member with the default rating of 1400 (Internet Chess Club, 2018). Si
milarly, Lichess.com, one of the most popular free chess websites, starts new
members with a default rating of 1500, which is the website's median rating
(Lichess 2018).
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Table 1
Descriptive Statistics .

1000–1100
1100–1200
1200–1300
1300–1400
1400–1500
1500–1600
1600–1700
1700–1800
1800–1900
1900–2000
2000–2100
2100–2200
2200–2300
2300–2400
2400–2500
2500–2600
2600–2700
2700–2800
Above 2800
Worldwide

Share (%)

Female (%)

Mean Age
Male
Female

Rapid Chess (%)
Male
Female

Rapid Chess Rating
Male
Female

Blitz Chess (%)
Male
Female

Blitz Chess Rating
Male
Female

2.5
3.4
4.3
5.1
6.3
7.7
9.3
10.6
11.3
11.3
11.2
8.3
5.1
2.3
0.9
0.3
0.1
0.02
33†
100

23.6
19.9
17.8
15.8
14.2
12.2
10.3
8.7
7.4
6.6
7.9
5.8
4.1
3.1
3.0
2.4
1.1
0.3
0
9.8

18.8
21.6
25.1
29.1
33.1
36.6
39.7
41.5
42.6
43.3
43.9
44.0
44.9
43.1
39.9
37.2
33.5
30.8
35.4
39.2

25.1
28.7
28.2
28.1
27.2
26.2
24.9
24.3
23.9
23.1
21.4
22.0
24.12
33.2
45.9
61.9
81.8
91.0
78.8
25.0

1120
1189
1271
1359
1451
1544
1638
1732
1829
1924
2020
2116
2211
2308
2414
2527
2626
2731
2810
1774

13.4
16.7
17.5
18.1
18.3
18.1
18.0
18.5
19.2
19.7
19.4
20.8
23.8
32.5
46.5
62.6
82.5
92.8
81.8
19.8

1135
1200
1278
1366
1453
1547
1641
1735
1831
1924
2019
2115
2209
2302
2411
2522
2618
2730
2814
1826

16.0
17.1
18.34
19.8
22.0
23.0
24.5
25.8
27.4
29.4
36.6
36.3
35.0
33.3
32.4
31.9
29.4
36.0
–
25.0

29.7
34.6
33.5
34.3
32.0
32.6
32.8
33.4
31.9
30.6
21.2
28.1
39.3
59.1
74.9
84.5
88.9
0
–
31.9

1113
1176
1257
1344
1431
1523
1611
1707
1800
1892
1992
2091
2188
2294
2405
2505
2623
–
–
1595

16.9
22.0
23.1
25.0
24.5
26.5
27.0
28.5
28.0
28.6
20.6
26.9
38.6
60.3
75.3
83.0
88.9
0
–
25.7

1127
1179
1260
1343
1433
1523
1612
1703
1796
1888
1987
2075
2170
2273
2374
2508
2661
–
–
1636

Note: The data source is FIDE, 2012 to 2019. The total number of observations is 1,835,478. For more information, see: https://ratings.fide.com/download_lists.
phtml.
† There are only 33 male chess players in this level.

Fig. 1. Standard ratings distributions.
Note: The data source is FIDE, 2012 to 2019. The total number of observations
is 1,835,478. For more information, see: https://ratings.fide.com/download_
lists.phtml.

Fig. 2. Rapid ratings distributions.
Note: The data source is FIDE, 2012 to 2019. The total number of observations
is 1,835,478. For more information, see: https://ratings.fide.com/download_
lists.phtml.
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In the above, the vector S denotes the set of explanatory variables
used in the selection corrected equation. The coefficient β1 is the
Wooldridge estimator of interest Wooldridge, 1995). As shown through
Eqs. (4) and ((5), the selection equation is identified using the country
to which the chess players belong. While the data did not offer any
other mean, the vector of country dummies may in fact be a rather
reliable variable for selection correction. The argument is that partici
pation in Rapid and Blitz chess tournaments is at least partly a function
of the availability of these tournaments in the country of residence of
the players. For these estimations too, both the raw values of the ratings
and their log-transformation are used in the left-hand-side. The mixed
effects and Wooldridge estimations are shown in the Appendix. The
estimations pertaining to Eq. (1) are reported in the main text.

(4)

In Eq. (4), F indicates participation in time-constrained chess mat
ches (Rapid/ Blitz). The vector Z contains the explanatory variables and
Φ is the cumulative distribution function of the standard normal. Esti
mation of Eq. (4) yields results that can be used to predict the partici
pation probabilities of individual players. In the second stage, the selfselection is corrected for, by incorporating a transformation of these
predicted probabilities as an additional explanatory variable (Semykina
& Wooldridge 2010; Wooldridge, 1995). More precisely, the selection
corrected equation is as follows:
5
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Blitz chess. In these estimations, all the ratings, regardless of the game
type, are pooled. The dependent variable in the left panel is the logtransformed Elo ratings while the right panel uses the raw values. The
controls are sequentially added to the equation, starting with the year
dummies. Column (2) adds a third-degree polynomial in age. Column
(3) also uses country dummies. Finally, Column (4) adds individual
fixed effects. Hence, the female dummy is dropped in Column (4). The
coefficient for variable Female signifies the gender gap in Standard
chess. The coefficients for Rapid and Blitz dummies indicate how male
players’ ratings in Rapid and Blitz differ from their ratings in Standard
Chess. The interactions of these dummies with Female dummy are the
variables of interest. As the first row shows, the gender gap in Standard
chess using Eq. (1) is identical to that reported in Table 2, which was
expected. The average Elo ratings in fast games appear generally higher
than the Standard ratings, evident from the positive coefficients of
Rapid and Blitz dummies in Columns (1) to (3). Turning to the variables
of interest, as shown in Column (1), the gaps starts at 1.1% (22.0 Elo
points) lower Rapid ratings and 1.5% (32.5 Elo points) lower Blitz
ratings for female chess players. The gaps significantly shrink when the
age variables are included, and slightly recover with country dummies.
Columns (4) and (8), using individual fixed effects, lead to 0.6% (11.2
Elo points) and 0.8% (15.5 Elo points) gaps in favor of males in Rapid
and Blitz Chess, respectively.
Appendix Table 1 examines the sensitivity of these results, esti
mating the equation shown in Column (4), excluding one year at a time.
The coefficients remain almost intact. Therefore, this set of estimations
demonstrate that the results are not driven by a single year.
Appendix Table 2 investigates the same question, using the panel mixed
effects methodology and the selection correction method of
Wooldridge (1995), as proposed in Eqs. (2) through (5). In this set of
estimations, the Standard chess ratings are taken as the indicator of
chess skill. As reported in Appendix Table 2, the players’ Standard
ratings explain a large portion of their Rapid and Blitz ratings. Turning
to the variable of interest, Appendix Table 2 shows that the gaps are
somewhat larger with panel mixed effects, with 1.5% and 1.8% lower
ratings for females in Rapid and Blitz Chess respectively. But, the se
lection corrected estimates are almost identical to those reported in
Table 3. More precisely, in the selection corrected models, the gaps of
0.6% in Rapid Chess and 1.0% in Blitz Chess are found for female
players. Therefore, with these methodologies too, the female under
performance is larger in Blitz than in Rapid.
Taken together, these results indicate that time constraint depresses
relative performance among female chess players in a “dose-dependent”
manner. In other words, the female penalty appears to increase as the
time constraint becomes more stringent. The coefficients, highly sta
tistically significant in all stances, are not large. But, for elite players, a
rating lowered by 20 to 30 Elo points, i.e. 1%, may mean going nonnegligibly down the ranks. The next set of estimations focuses on the
impact of skill thresholds on the gaps.
Table 4 explores the gender gaps in fast chess further, by sub
dividing the sample according to skill levels. There is evidence that in
sports, the negative effect of stress is proportional to the importance of
the tasks (González-Díaz et al., 2012; Hickman & Metz 2015). Given
this strand of the literature, it is plausible to assume that the level of
“stress” and “pressure” caused by a chess game is greater for higher
rated players who may see their reputations or lucrative endorsements
suffer (González-Díaz et al., 2012; Hickman & Metz 2015). The sample
is, hence, partitioned in 3 segments. The “Low Skill” segment restricts
the sample to players with an Elo rating lower than 1700. The segment
pertaining to “Average” players restricts the sample to those with an Elo
rating between 1700 and 2000. While these thresholds are arbitrary,
they are guided by the qualitative appreciations prevailing in chess
player communities. For instance, chess playing websites such as Li
chess.com usually hold separate tournaments for those under 1700 and
under 2000 points (Lichess, 2018). The “Elite” players are those who
have an Elo rating of 2000 or above, the minimum FIDE requirement

Fig. 3. Blitz ratings distributions.
Note: The data source is FIDE, 2012 to 2019. The total number of observations
is 1,835,478. For more information, see: https://ratings.fide.com/download_
lists.phtml.

4. Results
Although not the main focus of this paper, before the investigation
of the fast games, the gender gap in Standard Chess is examined.
Table 2 shows the results. The data cover years 2012 to 2019, and the
dependent variable pertains to the Elo ratings in Standard Chess. The
estimation methodology is OLS applied to the pooled data. In Panel A
the Elo ratings are log-transformed, while in Panel B the same regres
sions are ran with the raw ratings. Column (1) uses no control aside
from the year dummies. A third-degree polynomial of age is added in
Column (2). Finally, the regression in Column (3) also employs country
dummies. As shown in Column (1), a gap of the size 9.8% is found in
favor of males. As Column (2) reports, when the age variables are added
to the equation, the gender gap shrinks to 3.3% Elo rating points. The
strong effect of the age polynomial on the gap is consistent with the fact
that female chess players are on average much younger than males. In
Column (3), the country dummies are added to the regression. As
Column (3) shows, the gender gap in Standard chess is 4.7% Elo rating
points. In Panel B, the gaps are reported in Elo points, for those familiar
with their significance in terms of perceived player expertise and rank.
Overall, Table 2 establishes the greater average performance of male
chess players. But, this central tendency gap is not large. The gap in
representation at the top levels of performance would have been much
larger, as the statistics of Table 1 indicates.
Using Eq. (1), Table 3 investigates the gender gaps in Rapid and
Table 2
Gender gap in standard chess.
Year Dummies
(1)
A. Log Transformed
Female
−0.098***
(0.001)
Obs.
1835,478
R-squared
0.099
B. Raw Elo Ratings
Female
−160.245***
(0.799)
Obs.
1835,478
R-squared
0.095

+Age Variables
(2)

+Country Fixed Effect
(3)

−0.033***
(0.000)
1835,478
0.344

−0.047***
(0.000)
1835,478
0.475

−54.606***
(0.661)
1835,478
0.324

−78.469***
(0.610)
1835,478
0.456

Note: The data source is FIDE, 2012 to 2019. Robust standard errors in par
entheses; * significant at 10% level; ** significant at 5% level; *** significant at
1% level. The age variables are age, age squared, and age cube.
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Table 3
Gender gap across game types: pooled data.

Female
Rapid (Dummy)
Blitz (Dummy)
Female × Rapid
Female × Blitz
Obs.
R2/Adjusted R2

Log Transformed
Year Dummies

+Age Variables

+ Countries

+ Indiv. FE†

(1)
−0.098***
(0.001)
0.011***
(0.000)
0.040***
(0.000)
−0.012***
(0.001)
−0.016***
(0.001)
2681,843
0.101

(2)
−0.035***
(0.000)
0.031***
(0.000)
0.058***
(0.000)
−0.004***
(0.001)
−0.009***
(0.001)
2681,843
0.363

(3)
−0.046***
(0.000)
0.026***
(0.000)
0.046***
(0.000)
−0.007***
(0.001)
−0.010***
(0.001)
2681,843
0.480

(4)
–
−0.005***
(0.000)
−0.005***
(0.000)
−0.006***
(0.000)
−0.009***
(0.000)
2681,843
0.974

Raw Elo Ratings
Year Dummies

+Age Variables

+ Countries

+ Indiv. FE†

(5)
−159.992***
(0.798)
18.935***
(0.573)
69.697***
(0.620)
−22.022***
(1.615)
−32.525***
(1.740)
2681,843
0.097

(6)
−57.506***
(0.650)
51.795***
(0.486)
97.945***
(0.525)
−8.975***
(1.254)
−21.845***
(1.335)
2681,843
0.344

(7)
−77.767***
(0.597)
44.178***
(0.456)
77.077***
(0.498)
−12.789***
(1.164)
−23.456***
(1.254)
2681,843
0.460

(8)
–
−10.272***
(0.135)
−10.503***
(0.156)
−11.193***
(0.417)
−15.474***
(0.477)
2681,843
0.976

Note: The data source is FIDE, 2012 to 2019. Robust standard errors in parentheses; * significant at 10% level; ** significant at 5% level; *** significant at 1% level.
The age variables are age, age squared, and age cube. Adjusted R2 are reported for regressions with Country and Individual Fixed Effects.
†
Indiv. FE stands for Individual Fixed Effects.

for Candidate Master title. Along the same lines, the US Chess Federation
accords the title of Chess Expert at a minimum rating of 2000 Elo points.
Table 4 implements the regression reported in Columns (4) and (8)
of Table 3, with this sample partitioning. Recall that these equations
controlled for a third-degree polynomial of age, with country and in
dividual fixed effects. The left panel uses the log-transformed ratings
while in the right panel, the raw rating values are employed. For both
Rapid and Blitz, the patterns appear to be non-linear, with the largest
gap in percentage found among the players of average skills. But, the
difference between the average and the elite is negligible for both Rapid
and Blitz. More precisely, in Rapid, the gap is 1.5% among the average
and 1.2% among the elite. For Blitz, the gaps are 1.7% and 1.6% among
the average and the elite, respectively. Both of these gaps are noticeably
larger than that found for the “Low Skill” subsample (0.6% in Rapid and
0.9% in Blitz). With these larger gaps, one can actually conclude that
time constraint has a rather non-negligible negative effect on skilled
female chess players. In reading the right panel results, note that, as the
samples are partitioned by Elo ratings, the Elo points associated with
the 1.7% gap among the average is actually below the points associated
with the 1.6% gap among the elite.
Appendix Table 3 shows the gender gaps in Standard, Rapid and
Blitz chess by year, allowing to follow their evolution over time. To save
space, only the gaps in the raw ratings are shown. With the yearly data,
panel mixed effects and Wooldridge selection correction methods are
not applicable. Therefore, the Rapid and Blitz gaps are estimated using
a Heckman selection correction method (Heckman, 1979). Here too, the
country dummies identify the selection equation. The female dis
advantage appears very robust over the years, with a small decline in

Standard Chess gap and sharp increases in Rapid and Blitz gaps. As the
table shows, fast games have become increasingly popular in the recent
years. Particularly, the uncensored sample in Rapid grew from 7717 in
2012 to 130,839 in 2019. Likewise, for Blitz, the uncensored sample
contained 6947 observations in 2012. The sample grew to 102,101
players in 2019. The table also shows the female share of the samples,
by year and game type. As the table indicates, the female share in
creased in Standard Chess by less than 2%, and declined for both Rapid
and Blitz by around 2%. Therefore, the increase in the gender gap in
Rapid and Blitz is unlikely due to a shift in the gender distribution of
fast games over the years. This pattern is worth further exploration in
future studies.
5. Discussion and conclusion
The present paper, using 2012 to 2019 data from the World Chess
Federation, examined how women fare when they play fast chess
games, compared with men of the same skill level. The findings are as
follows. First, the results indicate that females underperform males of
the same skill in fast chess games. But, the female gap has a rather
modest magnitude. Second, the gap is larger in Blitz Chess, where the
time constraint is the most stringent, than in Rapid Chess. Finally, if the
sample is partitioned by skill level, the gender gaps are larger among
those with higher skills. Among the elite players, defined as those with
an Elo rating of 2000 and above, the female underperformance in Blitz
is about 34 Elo points. This number of points is rather consequential.
For instance, if Yifan Hou, currently ranked at 85 in the world, had a
rating higher by 34 points she would have moved up to the rank 40

Table 4
Gender Gaps in Rapid and Blitz by Skill Levels: Pooled Data.

Rapid (Dummy)
Blitz (Dummy)
Female × Rapid
Female × Blitz
Obs.
Adjusted R2

Log Transformed
Low: Below 1700
(1)

Average: 1700 to 2000
(2)

Elite: +2000
(3)

Raw Elo Ratings
Low: Below 1700
(4)

Average: 1700 to 2000
(5)

Elite: +2000
(6)

0.005***
(0.000)
0.007***
(0.000)
−0.006***
(0.000)
−0.009***
(0.000)
1,033,220
0.910

−0.011***
(0.000)
−0.011***
(0.000)
−0.015***
(0.000)
−0.017***
(0.000)
879,030
0.811

−0.013***
(0.000)
−0.015***
(0.000)
−0.012***
(0.000)
−0.016***
(0.000)
769,593
0.896

7.717***
(0.229)
11.094***
(0.292)
−10.188***
(0.552)
−13.479***
(0.661)
1,033,220
0.907

−18.652***
(0.203)
−18.056***
(0.236)
−25.841***
(0.716)
−30.188***
(0.802)
879,030
0.791

−27.239***
(0.202)
−29.981***
(0.217)
−24.169***
(0.871)
−33.579***
(0.939)
769,593
0.906

Note: The data source is FIDE, 2012 to 2019. Robust standard errors in parentheses; * significant at 10% level; ** significant at 5% level; *** significant at 1% level.
All the regressions control for age, age squared, and age cube, as well as Country and Individual Fixed Effects.
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Table A 1
Sensitivity tests: pooled data with country and individual fixed effects.
Excluded cycle→

2012
(1)

2013
(2)

2014
(3)

2015
(4)

2016
(5)

2017
(6)

2018
(7)

2019
(8)

Rapid (Dummy)

−0.005***
(0.000)
−0.005***
(0.000)
−0.006***
(0.000)
−0.009***
(0.000)
2,521,442
0.974

−0.005***
(0.000)
−0.005***
(0.000)
−0.007***
(0.000)
−0.009***
(0.000)
2,494,444
0.974

−0.005***
(0.000)
−0.005***
(0.000)
−0.007***
(0.000)
−0.009***
(0.000)
2,453,055
0.974

−0.005***
(0.000)
−0.005***
(0.000)
−0.006***
(0.000)
−0.009***
(0.000)
2,396,817
0.974

−0.005***
(0.000)
−0.005***
(0.000)
−0.006***
(0.000)
−0.009***
(0.000)
2,332,256
0.974

−0.005***
(0.000)
−0.005***
(0.000)
−0.006***
(0.000)
−0.009***
(0.000)
2,267,130
0.974

−0.005***
(0.000)
−0.005***
(0.000)
−0.006***
(0.000)
−0.009***
(0.000)
2,199,250
0.974

−0.005***
(0.000)
−0.005***
(0.000)
−0.006***
(0.000)
−0.008***
(0.000)
2,108,507
0.978

Blitz (Dummy)
Female × Rapid
Female × Blitz
Obs.
R-Squared

Note: The data source is FIDE, 2012 to 2019. Robust standard errors in parentheses; * significant at 10% level; ** significant at 5% level; *** significant at 1% level.
All the regressions control for age, age squared, and age cube, as well as Country and Individual Fixed Effects.

(FIDE, 2019). Conversely, an Elo rating lowered by only 9 points would
have eliminated her from the current top 100 chess players’ list.
The relatively more detrimental effects of time constraint on female
performance has been previously noted in several studies (De Paola &
Gioia 2016; Shurchkov, 2012; Voyer, 2011). These previous studies
focus on performance in different tasks, and at this point, it is not
known whether the female underperformance is domain-specific or
general. Relatedly, the channel through which time constraint operates
to hamper female performance more than males is not yet known. In
chess, possible mechanisms include a diminished tendency to think
strategically, errors resulting from emotional stress, and a greater risk
aversion. Regardless of the channel of impact, the observed gender gaps
can be due to biological or acquired factors. As noted in the literature
review, settling the “nature versus nurture” debate is not straightfor
ward. The present data do not allow for an in-depth examination of this
question. But, one way to gain greater insight is to examine whether the
findings of this paper are universal or there are significant cross-country
variations. To this effect, the main equation of the paper, whose results
were presented in Column (4) of Table 3, is re-estimated by country.
The two coefficients of interest, the interaction terms of Female and
Rapid and Female and Blitz are plotted in Fig. 4.
In this figure, the statistically insignificant coefficients are set at 0.
The coefficients are presented by two different markers, based on the

Table A 2
Sensitivity tests: alternative estimations.
Rapid
Mixed effect
(1)
A. Natural Log of the Elo Ratings
Female
−0.015***
(0.000)
Standard
0.917***
Rating (ln)
(0.001)
Obs.
471,732
R-squared
–
B. Raw Elo Ratings
Female
−24.487***
(0.438)
Standard
0.923***
Rating
(0.000)
Obs.
471,732
R-squared
–

Blitz
Mixed effect

Selection
corrected
(2)

Selection
corrected
(4)

(3)

−0.006***
(0.000)
0.878***
(0.001)
471,732
0.924

−0.018***
(0.000)
0.911***
(0.001)
374,607

−0.010***
(0.000)
0.869***
(0.001)
374,607
0.913

−8.831***
(0.435)
0.889***
(0.000)
471,732
0.932

−29.195***
(0.519)
0.915***
(0.001)
374,607
–

−16.698***
(0.510)
0.881***
(0.001)
374,607
0.922

Note: The data source is FIDE, 2012 to 2019. Robust standard errors in par
entheses; * significant at 10% level; ** significant at 5% level; *** significant at
1% level. All the regressions control for age, age squared, and age cube. In the
Mixed Effects models, country dummies are also employed. For the Selection
Corrected models, only the selection equations contain the country dummies.
Table A 3
Gender gaps by year, from 2012 to 2019: raw Elo ratings.
2012
(1)
A. Standard Chess
Female

2013
(2)

−85.834***
−86.497***
(1.831)
(1.823)
Observations
145,737
155,442
R-squared
0.376
0.397
Female (%)
8.74
8.79
B. Rapid Chess, with Heckman Selection Correction
Female
−3.972***
−4.222***
(1.386)
(1.180)
Standard
0.982***
0.974***
(0.002)
(0.002)
Uncensored Obs.
7717
17,678
Female (%)
14.24
13.24
B. Blitz Chess, with Heckman Selection Correction
Female
−9.023***
−10.565***
(1.866)
(1.474)
Standard
0.973***
0.960***
(0.003)
(0.003)
Uncensored Obs.
6947
14,279
Female (%)
14.15
13.22

2014
(3)

2015
(4)

2016
(5)

2017
(6)

2018
(7)

2019
(8)

−86.692***
(1.769)
174,252
0.428
9.11

−84.832***
(1.722)
205,931
0.445
9.57

−81.096***
(1.651)
239,675
0.452
9.88

−80.372***
(1.594)
271,832
0.449
10.14

−78.572***
(1.543)
302,213
0.443
10.24

−76.265***
(1.475)
340,396
0.428
10.44

−5.705***
(1.075)
0.959***
(0.002)
30,431
12.52

−7.734***
(1.270)
0.907***
(0.003)
43,780
12.28

−9.623***
(1.192)
0.888***
(0.002)
60,943
12.26

−9.650***
(1.099)
0.878***
(0.002)
79,297
12.13

−9.322***
(1.017)
0.871***
(0.002)
101,069
11.96

−9.538***
(0.928)
0.864***
(0.002)
130,839
11.81

−10.819***
(1.317)
0.944***
(0.002)
24,105
12.87

−14.884***
(1.466)
0.900***
(0.003)
35,315
12.62

−16.920***
(1.395)
0.883***
(0.002)
48,969
12.34

−16.192***
(1.285)
0.872***
(0.002)
63,584
12.32

−18.152***
(1.188)
0.866***
(0.002)
79,311
12.14

−18.327***
(1.079)
0.860***
(0.002)
102,101
12.06

Note: The data source is FIDE, 2012 to 2019. Robust standard errors in parentheses; * significant at 10% level; ** significant at 5% level; *** significant at 1% level.
All the regressions control for age, age squared, and age cube. In Panel A, country dummies are also employed. In Panels B and C, only the selection equations contain
the country dummies.
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environment and its gender composition. Establishing the applicability
of the results to other domains and the root-causes of the gender gaps in
fast chess are possible venues for future research.
Declaration of Competing Interest
None.
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The gray data point (small sample) in the strictly positive quadrant belongs to
Lebanon.

total number of players in the country. This differentiation is motivated
by the small number of observations, and even much smaller number of
females, in some of the country level samples. With small samples, the
coefficients are more likely to turn up statistically insignificant, and
their magnitudes are greatly affected by outliers. The median number of
players by country, averaged over the 8 years, is 330 individual players.
This number is used as the cut-off for the marker differentiation. As the
figure shows, in the great majority of the countries, at least one of the
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