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Fewer women than men pursue careers in science, technology, engineering and mathematics

(STEM), despite girls outperforming boys at school in the relevant subjects. According to the

‘variability hypothesis’, this over-representation of males is driven by gender differences in

variance; greater male variability leads to greater numbers of men who exceed the perfor-

mance threshold. Here, we use recent meta-analytic advances to compare gender differences

in academic grades from over 1.6 million students. In line with previous studies we find strong

evidence for lower variation among girls than boys, and of higher average grades for girls.

However, the gender differences in both mean and variance of grades are smaller in STEM

than non-STEM subjects, suggesting that greater variability is insufficient to explain male

over-representation in STEM. Simulations of these differences suggest the top 10% of a class

contains equal numbers of girls and boys in STEM, but more girls in non-STEM subjects.
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Concepto de uno mismo 
(Self-concept)

Segregación ocupacional



Segregación ocupacional

• Si es niña, se graduará con aspiraciones con menor potencial económico1

• Escolarización clave en cuanto a aspiraciones2

• Auto-concepto muy influido por resultados escolares 3,4 à Los más exitosos 
suelen escoger carreras STEM que (al menos en USA) están mejor pagadas5

• Las niñas sacan mejores puntuaciones pero eso no se traduce en más STEM6

1. Mandel, H. The role of occupaPonal aQributes in gender earnings inequality, 1970-2010. Soc. Sci. Res. 55, 122–138 (2016)
2. Holmes, K., Gore, J., Smith, M. & Lloyd, A. An integrated analysis of school students’ aspiraPons for stem careers: which student and school factors are most predicPve? Int. J. Sci. Math. Educ. 29, 1–21 (2017) 
3. Möller, J., Pohlmann, B., Köller, O. & Marsh, H. W. A meta-analyPc path analysis of the internal/external frame of reference model of academic achievement and academic self-concept. Rev. Educ. Res. 79, 1129–1167 

(2009). 
4. Marsh, H. W., Trautwein, U., Lüdtke, O., Köller, O. & Baumert, J. Academic self-concept, interest, grades, and standardized test scores: reciprocal effects models of causal ordering. Child Dev. 76, 397–416 (2005) 
5. 5. French, M. T., Homer, J. F., Popovici, I. & Robins, P. K. What you do in high school maQers: high school GPA, educaPonal aQainment, and labor market earnings as a young adult. East. Econ. J. 41, 370–386 (2015). 
6. 6. Voyer, D. & Voyer, S. D. Gender differences in scholasPc achievement: a meta-analysis. Psychol. Bull. 140, 1174–1204 (2014).



Hipótesis de la variabilidad

• Hay más variabilidad en rasgos psicológicos entre los hombres
• “Aunque en término medio sean más tontos que las mujeres, hay más 

tontos muy tontos y más genios entre hombres que entre mujeres”

• No obstante, el gap de género en determinadas profesiones (p.ej. que 
requieren muchas mates) es >> respecto al % de mujeres con notas en 
el p99. 

1. Shields, S. A. The variability hypothesis: the history of a biological model of sex. Signs 7, 1–30 (1982). 
2. Johnson, W., Carothers, A. & Deary, I. J. Sex differences in variability in general intelligence: a new look at the old question. Perspect. Psychol. Sci. 3, 518–531 (2008). 
3. 9. Reinhold, K. & Engqvist, L. The variability is in the sex chromosomes. Evolution 67, 3662–3668 (2013). 
4. Halpern, D. F. et al. The science of sex differences in science and mathematics. Psycho. Sci. Public Interest 8, 1–51 (2007). 
5. Wang, M. T. & Degol, J. L. Gender gap in science, technology, engineering, and mathematics (stem): current knowledge, implications for practice, policy, and future directions. Educ. Psychol. 

Rev. 29, 119–140 (2017). 



of who applies for (and is then accepted at) a university. This
selection process makes undergraduates and postgraduates
unrepresentative of the general population. The results from
analyses for the whole dataset and for the university subset are
provided in Supplementary Tables 2–10, 12, and 15–25 (the
university subset also had small sample sizes for STEM and non-
STEM subjects, making results from moderator analyses sensitive
to outlier studies).

Moderating effects of study year and student age. The higher
mean and lower variability of girls’ than boys’ grades have not
changed significantly over the past eight decades (Supplementary
Table 4, Supplementary Fig. 8A: lnRRstudy year scaled (slope): 0.019,
CI: −0.017 to 0.055; Supplementary Table 4; Supplementary Fig. 8D:
lnCVRstudy year scaled (slope): −0.029, CI: −0.083 to 0.025). Within
genders, variability in grades showed a non-significant trend towards
decreasing over time, but significantly more so for girls than boys
(Supplementary Table 5, Supplementary Fig. 8G: natural logarithms
of the coefficient of variation (lnCV)study year boys–girls (slope diff): 0.032,
CI: 0.004 to 0.060). Student age did not affect the gap between girls
and boys mean grades or the gender difference in grade variability
(Supplementary Fig. 9, Supplementary Table 6). Within genders,
variability in grades showed a non-significant tendency to decrease as
students aged (Supplementary Table 7, Supplementary Fig. 9G:
lnCVstudent age boys–girls (slope): 0.010, CI: −0.067 to 0.087), and to
decrease faster for boys than girls (Supplementary Table 7, Supple-
mentary Fig. 9G: lnCVstudent age boys−girls (slope diff):−0.035, CI:−0.062
to −0.007).

Moderating effects of subject type: STEM versus non-STEM.
Girls’ significant advantage of 7.8% in mean grades in non-STEM
was more than double their 3.1% advantage in STEM. (Fig. 2a,
Supplementary Table 8: non-STEM: lnRRnon-STEM: 0.075, CI:
0.049 to 0.102; STEM: lnRRSTEM: 0.031, CI: 0.011 to 0.051; the
difference: lnRRnon-STEM-STEM diff: −0.044, CI: −0.065 to −0.024).
Variation in grades among girls was significantly lower than that
among boys in every subject type, but the sexes were more similar
in STEM than non-STEM subjects (Fig. 2b, Supplementary
Table 9; STEM: 7.6% less variable grades; lnCVRSTEM: −0.079,
CI: −0.115 to −0.043; non-STEM: 13.3% less variable grades;
lnCVRnon-STEM: −0.149, CI: −0.199 to −0.099; the difference:
lnCVRnon-STEM-STEM diff: 0.070, CI: 0.028 to 0.111). The greater

gender similarity in variability in STEM was due to girls’ grades
being significantly more variable in STEM than non-STEM
subjects (Fig. 2c, Supplementary Table 10, lnCVgirls STEM–non-STEM

diff: −0.101, CI: −0.170 to −0.033). In contrast, the variability of
boys’ grades did not differ significantly between STEM and non-
STEM subjects (Fig. 2c, Supplementary Table 10, lnCVboys

STEM–non-STEM diff: −0.030, CI: −0.102 to 0.042).
The small values of all meta-analytic estimates of

gender differences in means and variances imply a large
overlap in the grade distributions between the two sexes.
The simulated distributions of girls’ and boys’ grades in Fig. 3
show the distributions of grades overlap more in STEM
(94.2%) than non-STEM (88.2%) subjects. For example, within
the top 10% of the distribution the gender ratio is even for
STEM, and slightly female-skewed for non-STEM. Results of
additional analyses are presented in Supplementary
Tables 13–25.

Discussion
Our overall result was consistent with elements of the variability
hypothesis: female students’ grades were less variable than those
of male students, but in contrast to expectations, the greatest
difference in variability occurred in non-STEM subjects. Average
female grades were also higher than males, corroborating the
findings of Voyer and Voyer6 (Fig. 2). Gender differences in grade
variability of school pupils was unaffected by their age, weakly
affected by the year of study, and most strongly affected by
whether or not the subject was STEM.

From grade one onward, we found that girls’ grades were less
variable than those of boys. Across the last 80 years, the variability
in school grades has slightly decreased for both boys and girls
(albeit slightly faster for girls). This decline might reflect
increased student performance36, or greater reluctance to fail
students, i.e. grade inflation37. These scenarios assume that there
is a ceiling effect on grades, whereby variance is reduced because
weaker students are shifted upwards, whereas the highest per-
forming students are bumped up against the ‘ceiling’ of the
highest possible grade awarded on the grading scale. Although we
do not see strong evidence for a ceiling effect in our dataset
(Supplementary Fig. 5), below we discuss how the ceiling affect
could underestimate the magnitude of gender differences in
variability.

Overall

On average girls grades better, On average girls grades much better, On average girls grades slightly better,
Girls grades more consistent, Girls grades similarly variable, Girls grades much more consistent,
Fewer top scoring girls More top scoring girls Many fewer top scoring girls

Grades Grades Grades

Non-STEM STEM - Girls
- Boys

a b c

Fig. 1 Predicted distributions of school grades of girls (red) and boys (blue). a The grade distribution overlaps represent the prediction that, when all grades
are considered, girls on average earn higher grades and are less variable than boys, although there are more highly performing boys than girls at the upper
end of the achievement distribution. b In non-STEM subjects, the difference in mean grades between girls and boys may be even more pronounced in
favour of girls, which, coupled with similar variability, should result in many more highly performing girls than boys at the upper end of the achievement
distribution. c In contrast, for STEM grades, we expected less difference between boys and girls mean grades and more grade variability for boys, resulting
in boys dominating at both the top and bottom of the achievement distribution
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Amenaza de estereotipo 
(“las mujeres están menos interesadas en liderar”) 

PS67CH17-Spencer ARI 14 November 2015 8:18

Stereotype threat can be triggered by any cue indicating that the stereotype might be applied
in a given situation. In the lab, researchers most often manipulate stereotype threat by reducing
it for half of the participants, commonly by instructing participants that a test is not diagnostic of
the stereotyped ability or does not show group differences.

Stereotype threat affects performance through multiple mechanisms. The extra pressure to
succeed on high-threat tasks can undermine performance by potentiating the prepotent response,
which is often incorrect on difficult tasks such as academic tests. Stereotype threat depletes work-
ing memory capacity, which is needed to solve difficult questions. Stereotype threat can negatively
impact performance by leading people to pay conscious attention to automatic skills. Perfor-
mance decrements can also be explained by actions taken to protect self-integrity (such as self-
handicapping).

A series of meta-analyses show that stereotype threat undermines performance across diverse
manipulations, test types, and groups, and may explain 50% to 82% of the gender gap on the SAT-
Math test and 17% to 41% of the gap between non-Asian minorities and Whites on the SAT.
Effects are not limited to performance, however. Stereotype threat can also lead to belonging
uncertainty and withdrawal from the negatively stereotyped domain, and it may have long-term
consequences for well-being.

Social psychological interventions can be effective at reducing the negative effects of stereotype
threat. They may do so by guiding targets to reconstrue threatening situations as nonthreatening,
providing targets with a way to cope with the threat, or ideally by changing the environment to
reduce the threat itself. We recommend expanding the most effective interventions into large-scale
representative clinical trials, from which policy recommendations can be made. In the meantime,
we recommend organizations adopt a policy of affirmative meritocracy, in which they first create
an identity-safe environment and then take performance decrements due to psychological threat
into account when making selection and admission decisions.

SUMMARY POINTS

1. Stereotype threat describes the experience of being in a situation in which there is a
negative stereotype targeting an individual’s group, and the individual is concerned about
being judged or treated negatively based on that stereotype.

2. The extra pressure to avoid confirming a negative stereotype has been shown to under-
mine performance in stereotype-targeted domains.

3. Stereotype threat helps explain the underperformance effect—the finding that minority
students and women in mathematics, in comparison with their nonstereotyped counter-
parts, tend to receive lower grades than their SAT scores would predict.

4. Stereotype threat undermines performance through multiple mechanisms.

5. Beyond performance decrements, stereotype threat can also lead to belonging uncertainty
and withdrawal from the negatively stereotyped domain, and it may have long-term
consequences for well-being.

6. Social psychological interventions can be effective at reducing the negative effects of
stereotype threat.

7. Interventions that lower stereotype threat can lead to improved performance by members
of stereotyped groups.

www.annualreviews.org • Stereotype Threat 431
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Backlash
Si una mujer decide liderar: 

“Caray, que mujer más 
mandona! Menuda bruja!”

“Las jefas mujeres son más 
agresivas que los hombres”



Una buena estudiante
Percepción de que entre los 

estudiantes mejores que ella en 
STEM, hay una proporción 

mayor de hombres que en otras 
materias

Amenaza de 
estereotipo Backlash

Rehúye STEM



Diagrama PRISMA

Eligibility criteria. To be included for data extraction at the full-text screening
phase, studies needed to present teacher-assigned grades or global GPA (grade
point average, i.e. grades averaged across many subjects) for a cohort containing
both male and female students. The students could be from grade one and above.
These criteria excluded kindergarten and single-sex studies, and self-reported
grades or test data. Because of socio-cultural effects on gender differences, we
required samples of students that took classes together; we therefore excluded
online courses. We also excluded retrospective studies comparing adults that were
not in the same study cohort. Where longitudinal data was reported, we included
only the first year of data that met the inclusion criteria. In the case of studies that
reported high school GPA for an undergraduate sample, we only included the
university grades, if reported, and we deemed the high school grades ineligible. This
is because the high school grades of groups of undergraduates do not come from
the same cohort—they represent a subsample of students from disparate high
schools, and only those students who performed well enough to attend university.

When we identified studies that reported data from the same large database, we
only included the study with the largest sample size, and excluded the rest to avoid
pseudo-replication. The list of excluded studies, with reasons for exclusion, is
presented in Supplementary Data 2.

Data extraction and coding. From the original papers, we extracted the sample
sizes, means, and standard deviations for male and female academic grades. For the
studies used by Voyer and Voyer6, we attempted to contact authors if any of these
data were missing. All contacted authors were also asked to provide any additional
data (published or unpublished) they might have available. If we received no
response after 1 month, we sent a follow-up email. Only unstandardised grade data
was collected. When presented data was standardised, we contacted authors to
request the corresponding unstandardised values. For the studies published after
August 2011, we only contacted authors if variance data was missing. In total, data
from authors was acquired for 15 studies, including two unpublished studies.

Papers up until
August 2011

Records identified through
database screening

Records after duplicates
removed

Records screened
(title + abstract + keywords)

Records screened for grades
data

Full-text articles assessed for
eligibility

Eligible studies

Final full dataset

Papers published
2011 - May 2015

Voyer & Voyer 2014
meta-analysis

Scopus
Web of
science

1992 2183

3145

3060

1317

127309

149 Studies: 72 Studies: 7 Studies:
171 Cohorts: 91 Cohorts:

268 Cohorts:

6 Cohorts:
239 Effect sizes 101 Effect sizes

347 Effect sizes

228 Studies:

240 Effect sizes

1743 Excluded

55 Excluded159 Excluded

Reasons:Reasons:

PDF unavailable (13)
Study not in English (5)
Standardised grades (6)
Not the same cohort (1)
Test scores (1)

Missing descriptive statisticsMissing descriptive statistics (134)

(19)
Self-reported grades (19)
Replicate data (7)
Not the same cohort (6)
Study not in English (2)
Test scores (2)

1089

ERIC

Additional data
acquired from

authors

Search: “school grade*’’ OR “school
achievement*” OR “school mark*’’ OR

“grade point average’’  

Fig. 4 PRISMA diagram showing the process of locating studies included in this meta-analysis. The full list of included studies, and the list of studies
excluded at the stage of full-text screening, are available in Supplementary Data 1 and 2
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• Estudios retrospec=vos en adultos



Tamaño del efecto (effect size) chicas/chicos

Moderator variables. In addition to the descriptive statistics for grades of males
and females, we extracted a number of moderator variables, all of which are pre-
sented in Supplementary Table 1. We generally followed the variables used by
Voyer and Voyer6 (e.g. racial composition), as well as recording additional
information (e.g. age of students). An analysis of the moderating effect of racial
composition on the gender gap in school grades is presented in the Supplementary
Note 1 and Supplementary Tables 1, 3. Continuous moderators were scaled and
centred (resulting in mean of 0, and standard deviation of 1) prior to the analyses.
We used multiple imputations to fill in missing values of study year and students’
mean age (details in Supplementary Methods).

Effect sizes. Using standardised effect sizes allowed us to combine original data
collected on different scales (grades were recorded on different scales among
included studies). To test for differences in mean grades between genders, we used
the natural logarithm response ratio (hereafter referred to as lnRR), and its cor-
responding sampling error variance s2lnRR

47.

lnRR ¼ ln
!xf
!xm

! "
; ð1Þ

s2lnRR ¼ s2m
nm!x2m

þ s2f
nf!x

2
f
; ð2Þ

where:
!xf and !xm = the mean grade of female and male students, respectively,
s2m and s2f = the variance in grades of female and male students, respectively,
nm and nf = the number of male and female students in each sample,

respectively.
Positive values of lnRR imply greater mean grades for girls.
We extended the literature search in Voyer and Voyer6 by 5 years, and our

analysis of mean grades differed from theirs in two ways: (1) we included only
studies where we could compare variances, and; (2) we used lnRR instead of the
standardised mean difference in performance (SMD or Hedges g24; see
Supplementary Equations 1–4). We chose to use lnRR because, unlike SMD, it is
unaffected by differences in variance (standard deviation) between groups.
However, for comparison with Voyer’s6 results, we have repeated the lnRR analyses
using SMD as the effect size. The results for both lnRR and SMD analyses—which
are very similar to each other—are presented in the Supplementary Figure 4, and
Supplementary Tables 2–4, 6, 8, 12, 13, 16, 19, 22, 25.

To assess differences in variance of grades of boys and girls, we used the natural
logarithm coefficient of variation ratio (lnCVR) and its associated sampling error
variance s2lnCVR

35.

lnCVR ¼ ln
CVf

CVm

! "
þ 1
2 nf % 1ð Þ

þ 1
2 nm % 1ð Þ

; ð3Þ

s2lnCVR ¼ s2m
nm!x2m

þ 1
2 nm%1ð Þ % 2ρln !xm ;ln sm

´
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s2m

nm!x2m
1

2 nm%1ð Þ

q
þ s2f

nf !x
2
f
þ 1

2 nf%1ð Þ

%2ρln !xf ;ln sf

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s2f

nf !x
2
f

1
2 nf%1ð Þ

r
; ð4Þ

where:
CVf and CVm= the coefficient of variation for males and females s

!x

$ %
:

ρln !xC ;ln sC and ρln !xE ;ln sE = the correlations between the logged means and
standard deviations of the male and female students, respectively.

All other notation is described above. Positive values of lnCVR imply greater
variance in girls’ grades relative to boys’ grades. By dividing the female and male
standard deviations by their respective means, we controlled for the effect of a
proportional relationship (the mean–variance relationship) between the standard
deviation and the mean. To test how the variance in grades has changed over time,
we also computed the natural logarithm of the coefficient of variation (lnCV) for
boys and girls separately, and its associated sampling error variance35:

lnCV ¼ ln
s
!x

& '
þ 1
2 n% 1ð Þ ; ð5Þ

s2lnCV ¼ s2

n!x2
þ 1
2 n% 1ð Þ

% 2ρln !x;ln s

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s2

n!x2
1

2 n% 1ð Þ

s

: ð6Þ

All notation as described above. For the same mean, a more negative value of
lnCV implies a smaller variance.

Statistical analyses. We performed our main analyses on lnCVR and lnRR, and
their associated error terms, using the rma.mv function in the R (v.3.4.2) package
metafor v.2.0-048. One-third of effect sizes were not independent, because they

came from the same study and/or the same cohort of students. We therefore
included cohort ID and comparison ID as random effects in each model (the levels
of study ID overlapped too much with cohort ID to model both levels simulta-
neously; e.g. in the school data, 120 studies and 141 cohorts, respectively). We also
modelled covariance between effect sizes, assuming that effect sizes from the same
cohort had 0.5 correlations between grades in different subjects (recommended in
ref. 49) because sampling error variances among these effect sizes based on the same
cohort are likely to be correlated. We added this covariance matrix as our sampling
error variance matrix (V argument in the rma.mv function). In addition, to account
for the two main types of non-independence in our data (hierarchical/nested and
correlation/covariance structures), we used the robust function within the metafor
package to generate fixed effects estimates and confidence intervals, based on
robust variance estimation, from each rma.mv model. To test for the overall effect
of gender on mean and variance in school grades, we constructed meta-analytical
models with no fixed effects (i.e. meta-analytic model or intercept-only model). We
tested whether the results were significantly different between school and university
by including the ‘school or university’ categorical moderator in a meta-regression
model on the whole dataset. We then ran separate meta-analytical models on the
school and university data subsets to quantify respective heterogeneities (Supple-
mentary Methods). To test whether the gender gap in school grades varied between
subjects, we included subject type (STEM, non-STEM, Global, Other/NR) as a fixed
effect in meta-regression analyses. To test whether the gender difference in school
grades has changed over historical time, or with student age, we included either
study year or average student age as a fixed effect. To test whether the variance of
either males or females has changed over historical time, or with student age, we
used lnCV as the response variable, and the fixed effects of sex and study year, or
sex and age, and their interactions. Point estimates from all statistical models were
considered statistically significant when their CI did not span zero.

Robustness of results. There is a possibility of a bias in our results due to over-
reporting of positive findings in published studies, so we tested our data for
publication bias using multilevel-model versions of funnel plots and Egger’s
regression50,51. We also performed alternative analyses of key components of our
study to test whether our conclusions are robust. Overlaps of grade distributions
were inferred using simulation methods. Details and results of these analyses are
presented in Supplementary Methods and Supplementary Tables 15–18, 20–23.

Data availability
All data, code, and models that were used to generate results text, figures, and tables in
the main text and supplementary information are available to download from dedicated
repositories on the Open Science Framework52,53.
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Contrary to our expectations (Fig. 1), and those of many
others10, the gender difference in variability was smaller for
STEM than non-STEM subjects (Fig. 2). When the small gender
gap in grade variability is combined with the small gender dif-
ference in mean grades, it indicates that in STEM subjects, the
distributions of girls’ and boys’ grades are more similar than in
non-STEM subjects (Fig. 3). One possible explanation is that
boys’ are more affected by the ceiling affect in STEM than non-

STEM. For example, if a grading scale cannot distinguish between
students in the top 1% or top 0.1%, and if there exists a male skew
in the top 0.1% only in STEM but non in non-STEM, then gender
differences in variance would be underestimated in STEM. Wai
et al.22 tried to get around this ceiling effect by analysing seventh-
grade test scores explicitly designed to differentiate between
exceptional students. They found a female:male ratio of 0.25 in
the top 1% of students in STEM subjects, which is more imbal-
anced than our data suggests (Fig. 3c). While this finding is
intriguing, it should be noted that STEM careers are not restricted
to the exceptionally talented (although fields that subscribe to the
belief that talent is important for success tend to employ fewer
women38). Therefore, while our data does not preclude a gender
gap among the exceptionally talented, it nevertheless indicates a
practical similarity in girls’ and boys’ academic achievements,
which are likely to provide an imperfect but valid measure of the
ability to pursue STEM (Fig. 3).

Because students’ grades impact their academic self-concept
and predict their future educational attainment (e.g. refs. 1,5), we
might therefore predict roughly equal participation of men and
women in STEM careers. However, the equivalence of girls’ and
boys’ performance in STEM subjects in school does not translate
into equivalent participation in STEM later in life. Is this because
grades are not measuring the abilities required to succeed in
STEM? Or does the relative advantage girls have over boys in
non-STEM subjects at school lead them to rationally favour
career choices with fewer competitors? We consider each of these
questions in turn.

We analysed school grades, where girls show a well-established
advantage over boys25, whereas most previous tests of gender
differences in variability have focussed on test scores18,19,23. To
explore whether the smaller variability difference in STEM
compared to non-STEM is confined to school grades, we per-
formed a supplementary analysis of a large international dataset
of standardised test scores of 15-year-olds (see Supplementary
Note 2 for details). This supplementary analysis found gender
differences in variance that were consistent across subjects; girls’
test scores were more consistent than boys, with equivalent
gender differences in non-STEM and STEM subjects (Supple-
mentary Fig. 11). However, girls only showed a mean advantage
in non-STEM. Therefore, it appears that the mean differences
between test scores and grades are caused by shifts in the position
of girls’ and boys’ distributions, rather than changes in the shape
of distributions in STEM compared to non-STEM (girls’ dis-
tributions of both grades and test scores are narrower than boys’
distributions, but the difference is not more pronounced in
STEM). If girls perceive they have fewer competitors in non-
STEM subjects because, on average, fewer boys perform better
than girls, this might lead to a preference for non-STEM over
STEM careers39,40.

Gender differences in expectations of success can arise due to
backlash effects against individuals who defy the stereotype of
their gender, and/or due to gender differences in ‘abilities tilt’
(having comparatively high ability in one discipline compared to
another). Women in male-dominated pursuits, including STEM,
face a paradox: if they conform to gender stereotypes, they might
be perceived as less competent, but if they defy gender stereotypes
and perform ‘like a man’, then their progress can be halted by
‘backlash’ from both men and women13,41. Furthermore, analyses
of test scores have revealed that girls are more likely than boys to
show an abilities tilt in the direction favouring non-STEM sub-
jects (i.e. receive higher scores in non-STEM compared to
STEM)42. Our data are consistent with girls showing an ability tilt
in the direction of non-STEM subjects, although we cannot
compare individual student grades (Supplementary Table 11).
Intriguingly, there is evidence that balanced high-achieving
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Fig. 2 Main meta-analytic results. Results of analyses on a ratios of the
grade means, b ratios of grade variabilities, and c coefficients of variations
for girls (red) and boys (blue). Diamonds and circles represent meta-
analytic estimates of mean effect sizes, and their 95% confidence intervals
are drawn as whiskers. In a, natural logarithm of response ratio (lnRR)
represents the average difference between girls’ and boys’ mean grades;
positive values of lnRR indicate lower boys’ mean grades. In b, natural
logarithm coefficient of variation ratio (lnCVR) represents the average
difference in grade variation between boys and girls; negative values of
lnCVR indicate greater male variance. In c, natural logarithms of the
coefficient of variation (lnCVs) are shown for boys and girls to illustrate
grade variation by gender; more negative values of lnCV indicate less
variation. Data and code for reproducing this figure are available at
refs. 52,53
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Moderator variables. In addition to the descriptive statistics for grades of males
and females, we extracted a number of moderator variables, all of which are pre-
sented in Supplementary Table 1. We generally followed the variables used by
Voyer and Voyer6 (e.g. racial composition), as well as recording additional
information (e.g. age of students). An analysis of the moderating effect of racial
composition on the gender gap in school grades is presented in the Supplementary
Note 1 and Supplementary Tables 1, 3. Continuous moderators were scaled and
centred (resulting in mean of 0, and standard deviation of 1) prior to the analyses.
We used multiple imputations to fill in missing values of study year and students’
mean age (details in Supplementary Methods).

Effect sizes. Using standardised effect sizes allowed us to combine original data
collected on different scales (grades were recorded on different scales among
included studies). To test for differences in mean grades between genders, we used
the natural logarithm response ratio (hereafter referred to as lnRR), and its cor-
responding sampling error variance s2lnRR

47.

lnRR ¼ ln
!xf
!xm

! "
; ð1Þ

s2lnRR ¼ s2m
nm!x2m

þ s2f
nf!x

2
f
; ð2Þ

where:
!xf and !xm = the mean grade of female and male students, respectively,
s2m and s2f = the variance in grades of female and male students, respectively,
nm and nf = the number of male and female students in each sample,

respectively.
Positive values of lnRR imply greater mean grades for girls.
We extended the literature search in Voyer and Voyer6 by 5 years, and our

analysis of mean grades differed from theirs in two ways: (1) we included only
studies where we could compare variances, and; (2) we used lnRR instead of the
standardised mean difference in performance (SMD or Hedges g24; see
Supplementary Equations 1–4). We chose to use lnRR because, unlike SMD, it is
unaffected by differences in variance (standard deviation) between groups.
However, for comparison with Voyer’s6 results, we have repeated the lnRR analyses
using SMD as the effect size. The results for both lnRR and SMD analyses—which
are very similar to each other—are presented in the Supplementary Figure 4, and
Supplementary Tables 2–4, 6, 8, 12, 13, 16, 19, 22, 25.

To assess differences in variance of grades of boys and girls, we used the natural
logarithm coefficient of variation ratio (lnCVR) and its associated sampling error
variance s2lnCVR

35.

lnCVR ¼ ln
CVf
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where:
CVf and CVm= the coefficient of variation for males and females s

!x

$ %
:

ρln !xC ;ln sC and ρln !xE ;ln sE = the correlations between the logged means and
standard deviations of the male and female students, respectively.

All other notation is described above. Positive values of lnCVR imply greater
variance in girls’ grades relative to boys’ grades. By dividing the female and male
standard deviations by their respective means, we controlled for the effect of a
proportional relationship (the mean–variance relationship) between the standard
deviation and the mean. To test how the variance in grades has changed over time,
we also computed the natural logarithm of the coefficient of variation (lnCV) for
boys and girls separately, and its associated sampling error variance35:

lnCV ¼ ln
s
!x

& '
þ 1
2 n% 1ð Þ ; ð5Þ

s2lnCV ¼ s2

n!x2
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2 n% 1ð Þ
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s
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All notation as described above. For the same mean, a more negative value of
lnCV implies a smaller variance.

Statistical analyses. We performed our main analyses on lnCVR and lnRR, and
their associated error terms, using the rma.mv function in the R (v.3.4.2) package
metafor v.2.0-048. One-third of effect sizes were not independent, because they

came from the same study and/or the same cohort of students. We therefore
included cohort ID and comparison ID as random effects in each model (the levels
of study ID overlapped too much with cohort ID to model both levels simulta-
neously; e.g. in the school data, 120 studies and 141 cohorts, respectively). We also
modelled covariance between effect sizes, assuming that effect sizes from the same
cohort had 0.5 correlations between grades in different subjects (recommended in
ref. 49) because sampling error variances among these effect sizes based on the same
cohort are likely to be correlated. We added this covariance matrix as our sampling
error variance matrix (V argument in the rma.mv function). In addition, to account
for the two main types of non-independence in our data (hierarchical/nested and
correlation/covariance structures), we used the robust function within the metafor
package to generate fixed effects estimates and confidence intervals, based on
robust variance estimation, from each rma.mv model. To test for the overall effect
of gender on mean and variance in school grades, we constructed meta-analytical
models with no fixed effects (i.e. meta-analytic model or intercept-only model). We
tested whether the results were significantly different between school and university
by including the ‘school or university’ categorical moderator in a meta-regression
model on the whole dataset. We then ran separate meta-analytical models on the
school and university data subsets to quantify respective heterogeneities (Supple-
mentary Methods). To test whether the gender gap in school grades varied between
subjects, we included subject type (STEM, non-STEM, Global, Other/NR) as a fixed
effect in meta-regression analyses. To test whether the gender difference in school
grades has changed over historical time, or with student age, we included either
study year or average student age as a fixed effect. To test whether the variance of
either males or females has changed over historical time, or with student age, we
used lnCV as the response variable, and the fixed effects of sex and study year, or
sex and age, and their interactions. Point estimates from all statistical models were
considered statistically significant when their CI did not span zero.

Robustness of results. There is a possibility of a bias in our results due to over-
reporting of positive findings in published studies, so we tested our data for
publication bias using multilevel-model versions of funnel plots and Egger’s
regression50,51. We also performed alternative analyses of key components of our
study to test whether our conclusions are robust. Overlaps of grade distributions
were inferred using simulation methods. Details and results of these analyses are
presented in Supplementary Methods and Supplementary Tables 15–18, 20–23.

Data availability
All data, code, and models that were used to generate results text, figures, and tables in
the main text and supplementary information are available to download from dedicated
repositories on the Open Science Framework52,53.
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Contrary to our expectations (Fig. 1), and those of many
others10, the gender difference in variability was smaller for
STEM than non-STEM subjects (Fig. 2). When the small gender
gap in grade variability is combined with the small gender dif-
ference in mean grades, it indicates that in STEM subjects, the
distributions of girls’ and boys’ grades are more similar than in
non-STEM subjects (Fig. 3). One possible explanation is that
boys’ are more affected by the ceiling affect in STEM than non-

STEM. For example, if a grading scale cannot distinguish between
students in the top 1% or top 0.1%, and if there exists a male skew
in the top 0.1% only in STEM but non in non-STEM, then gender
differences in variance would be underestimated in STEM. Wai
et al.22 tried to get around this ceiling effect by analysing seventh-
grade test scores explicitly designed to differentiate between
exceptional students. They found a female:male ratio of 0.25 in
the top 1% of students in STEM subjects, which is more imbal-
anced than our data suggests (Fig. 3c). While this finding is
intriguing, it should be noted that STEM careers are not restricted
to the exceptionally talented (although fields that subscribe to the
belief that talent is important for success tend to employ fewer
women38). Therefore, while our data does not preclude a gender
gap among the exceptionally talented, it nevertheless indicates a
practical similarity in girls’ and boys’ academic achievements,
which are likely to provide an imperfect but valid measure of the
ability to pursue STEM (Fig. 3).

Because students’ grades impact their academic self-concept
and predict their future educational attainment (e.g. refs. 1,5), we
might therefore predict roughly equal participation of men and
women in STEM careers. However, the equivalence of girls’ and
boys’ performance in STEM subjects in school does not translate
into equivalent participation in STEM later in life. Is this because
grades are not measuring the abilities required to succeed in
STEM? Or does the relative advantage girls have over boys in
non-STEM subjects at school lead them to rationally favour
career choices with fewer competitors? We consider each of these
questions in turn.

We analysed school grades, where girls show a well-established
advantage over boys25, whereas most previous tests of gender
differences in variability have focussed on test scores18,19,23. To
explore whether the smaller variability difference in STEM
compared to non-STEM is confined to school grades, we per-
formed a supplementary analysis of a large international dataset
of standardised test scores of 15-year-olds (see Supplementary
Note 2 for details). This supplementary analysis found gender
differences in variance that were consistent across subjects; girls’
test scores were more consistent than boys, with equivalent
gender differences in non-STEM and STEM subjects (Supple-
mentary Fig. 11). However, girls only showed a mean advantage
in non-STEM. Therefore, it appears that the mean differences
between test scores and grades are caused by shifts in the position
of girls’ and boys’ distributions, rather than changes in the shape
of distributions in STEM compared to non-STEM (girls’ dis-
tributions of both grades and test scores are narrower than boys’
distributions, but the difference is not more pronounced in
STEM). If girls perceive they have fewer competitors in non-
STEM subjects because, on average, fewer boys perform better
than girls, this might lead to a preference for non-STEM over
STEM careers39,40.

Gender differences in expectations of success can arise due to
backlash effects against individuals who defy the stereotype of
their gender, and/or due to gender differences in ‘abilities tilt’
(having comparatively high ability in one discipline compared to
another). Women in male-dominated pursuits, including STEM,
face a paradox: if they conform to gender stereotypes, they might
be perceived as less competent, but if they defy gender stereotypes
and perform ‘like a man’, then their progress can be halted by
‘backlash’ from both men and women13,41. Furthermore, analyses
of test scores have revealed that girls are more likely than boys to
show an abilities tilt in the direction favouring non-STEM sub-
jects (i.e. receive higher scores in non-STEM compared to
STEM)42. Our data are consistent with girls showing an ability tilt
in the direction of non-STEM subjects, although we cannot
compare individual student grades (Supplementary Table 11).
Intriguingly, there is evidence that balanced high-achieving
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Fig. 2 Main meta-analytic results. Results of analyses on a ratios of the
grade means, b ratios of grade variabilities, and c coefficients of variations
for girls (red) and boys (blue). Diamonds and circles represent meta-
analytic estimates of mean effect sizes, and their 95% confidence intervals
are drawn as whiskers. In a, natural logarithm of response ratio (lnRR)
represents the average difference between girls’ and boys’ mean grades;
positive values of lnRR indicate lower boys’ mean grades. In b, natural
logarithm coefficient of variation ratio (lnCVR) represents the average
difference in grade variation between boys and girls; negative values of
lnCVR indicate greater male variance. In c, natural logarithms of the
coefficient of variation (lnCVs) are shown for boys and girls to illustrate
grade variation by gender; more negative values of lnCV indicate less
variation. Data and code for reproducing this figure are available at
refs. 52,53
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Unlike standardized mean difference (SMD) in performance, lnRR is unaffected by differences in variance (standard deviation) between groups

Moderator variables. In addition to the descriptive statistics for grades of males
and females, we extracted a number of moderator variables, all of which are pre-
sented in Supplementary Table 1. We generally followed the variables used by
Voyer and Voyer6 (e.g. racial composition), as well as recording additional
information (e.g. age of students). An analysis of the moderating effect of racial
composition on the gender gap in school grades is presented in the Supplementary
Note 1 and Supplementary Tables 1, 3. Continuous moderators were scaled and
centred (resulting in mean of 0, and standard deviation of 1) prior to the analyses.
We used multiple imputations to fill in missing values of study year and students’
mean age (details in Supplementary Methods).

Effect sizes. Using standardised effect sizes allowed us to combine original data
collected on different scales (grades were recorded on different scales among
included studies). To test for differences in mean grades between genders, we used
the natural logarithm response ratio (hereafter referred to as lnRR), and its cor-
responding sampling error variance s2lnRR

47.

lnRR ¼ ln
!xf
!xm

! "
; ð1Þ

s2lnRR ¼ s2m
nm!x2m

þ s2f
nf!x

2
f
; ð2Þ

where:
!xf and !xm = the mean grade of female and male students, respectively,
s2m and s2f = the variance in grades of female and male students, respectively,
nm and nf = the number of male and female students in each sample,

respectively.
Positive values of lnRR imply greater mean grades for girls.
We extended the literature search in Voyer and Voyer6 by 5 years, and our

analysis of mean grades differed from theirs in two ways: (1) we included only
studies where we could compare variances, and; (2) we used lnRR instead of the
standardised mean difference in performance (SMD or Hedges g24; see
Supplementary Equations 1–4). We chose to use lnRR because, unlike SMD, it is
unaffected by differences in variance (standard deviation) between groups.
However, for comparison with Voyer’s6 results, we have repeated the lnRR analyses
using SMD as the effect size. The results for both lnRR and SMD analyses—which
are very similar to each other—are presented in the Supplementary Figure 4, and
Supplementary Tables 2–4, 6, 8, 12, 13, 16, 19, 22, 25.

To assess differences in variance of grades of boys and girls, we used the natural
logarithm coefficient of variation ratio (lnCVR) and its associated sampling error
variance s2lnCVR
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where:
CVf and CVm= the coefficient of variation for males and females s

!x

$ %
:

ρln !xC ;ln sC and ρln !xE ;ln sE = the correlations between the logged means and
standard deviations of the male and female students, respectively.

All other notation is described above. Positive values of lnCVR imply greater
variance in girls’ grades relative to boys’ grades. By dividing the female and male
standard deviations by their respective means, we controlled for the effect of a
proportional relationship (the mean–variance relationship) between the standard
deviation and the mean. To test how the variance in grades has changed over time,
we also computed the natural logarithm of the coefficient of variation (lnCV) for
boys and girls separately, and its associated sampling error variance35:

lnCV ¼ ln
s
!x

& '
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All notation as described above. For the same mean, a more negative value of
lnCV implies a smaller variance.

Statistical analyses. We performed our main analyses on lnCVR and lnRR, and
their associated error terms, using the rma.mv function in the R (v.3.4.2) package
metafor v.2.0-048. One-third of effect sizes were not independent, because they

came from the same study and/or the same cohort of students. We therefore
included cohort ID and comparison ID as random effects in each model (the levels
of study ID overlapped too much with cohort ID to model both levels simulta-
neously; e.g. in the school data, 120 studies and 141 cohorts, respectively). We also
modelled covariance between effect sizes, assuming that effect sizes from the same
cohort had 0.5 correlations between grades in different subjects (recommended in
ref. 49) because sampling error variances among these effect sizes based on the same
cohort are likely to be correlated. We added this covariance matrix as our sampling
error variance matrix (V argument in the rma.mv function). In addition, to account
for the two main types of non-independence in our data (hierarchical/nested and
correlation/covariance structures), we used the robust function within the metafor
package to generate fixed effects estimates and confidence intervals, based on
robust variance estimation, from each rma.mv model. To test for the overall effect
of gender on mean and variance in school grades, we constructed meta-analytical
models with no fixed effects (i.e. meta-analytic model or intercept-only model). We
tested whether the results were significantly different between school and university
by including the ‘school or university’ categorical moderator in a meta-regression
model on the whole dataset. We then ran separate meta-analytical models on the
school and university data subsets to quantify respective heterogeneities (Supple-
mentary Methods). To test whether the gender gap in school grades varied between
subjects, we included subject type (STEM, non-STEM, Global, Other/NR) as a fixed
effect in meta-regression analyses. To test whether the gender difference in school
grades has changed over historical time, or with student age, we included either
study year or average student age as a fixed effect. To test whether the variance of
either males or females has changed over historical time, or with student age, we
used lnCV as the response variable, and the fixed effects of sex and study year, or
sex and age, and their interactions. Point estimates from all statistical models were
considered statistically significant when their CI did not span zero.

Robustness of results. There is a possibility of a bias in our results due to over-
reporting of positive findings in published studies, so we tested our data for
publication bias using multilevel-model versions of funnel plots and Egger’s
regression50,51. We also performed alternative analyses of key components of our
study to test whether our conclusions are robust. Overlaps of grade distributions
were inferred using simulation methods. Details and results of these analyses are
presented in Supplementary Methods and Supplementary Tables 15–18, 20–23.

Data availability
All data, code, and models that were used to generate results text, figures, and tables in
the main text and supplementary information are available to download from dedicated
repositories on the Open Science Framework52,53.
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Variación en notas a lo largo del 0empo

Contrary to our expectations (Fig. 1), and those of many
others10, the gender difference in variability was smaller for
STEM than non-STEM subjects (Fig. 2). When the small gender
gap in grade variability is combined with the small gender dif-
ference in mean grades, it indicates that in STEM subjects, the
distributions of girls’ and boys’ grades are more similar than in
non-STEM subjects (Fig. 3). One possible explanation is that
boys’ are more affected by the ceiling affect in STEM than non-

STEM. For example, if a grading scale cannot distinguish between
students in the top 1% or top 0.1%, and if there exists a male skew
in the top 0.1% only in STEM but non in non-STEM, then gender
differences in variance would be underestimated in STEM. Wai
et al.22 tried to get around this ceiling effect by analysing seventh-
grade test scores explicitly designed to differentiate between
exceptional students. They found a female:male ratio of 0.25 in
the top 1% of students in STEM subjects, which is more imbal-
anced than our data suggests (Fig. 3c). While this finding is
intriguing, it should be noted that STEM careers are not restricted
to the exceptionally talented (although fields that subscribe to the
belief that talent is important for success tend to employ fewer
women38). Therefore, while our data does not preclude a gender
gap among the exceptionally talented, it nevertheless indicates a
practical similarity in girls’ and boys’ academic achievements,
which are likely to provide an imperfect but valid measure of the
ability to pursue STEM (Fig. 3).

Because students’ grades impact their academic self-concept
and predict their future educational attainment (e.g. refs. 1,5), we
might therefore predict roughly equal participation of men and
women in STEM careers. However, the equivalence of girls’ and
boys’ performance in STEM subjects in school does not translate
into equivalent participation in STEM later in life. Is this because
grades are not measuring the abilities required to succeed in
STEM? Or does the relative advantage girls have over boys in
non-STEM subjects at school lead them to rationally favour
career choices with fewer competitors? We consider each of these
questions in turn.

We analysed school grades, where girls show a well-established
advantage over boys25, whereas most previous tests of gender
differences in variability have focussed on test scores18,19,23. To
explore whether the smaller variability difference in STEM
compared to non-STEM is confined to school grades, we per-
formed a supplementary analysis of a large international dataset
of standardised test scores of 15-year-olds (see Supplementary
Note 2 for details). This supplementary analysis found gender
differences in variance that were consistent across subjects; girls’
test scores were more consistent than boys, with equivalent
gender differences in non-STEM and STEM subjects (Supple-
mentary Fig. 11). However, girls only showed a mean advantage
in non-STEM. Therefore, it appears that the mean differences
between test scores and grades are caused by shifts in the position
of girls’ and boys’ distributions, rather than changes in the shape
of distributions in STEM compared to non-STEM (girls’ dis-
tributions of both grades and test scores are narrower than boys’
distributions, but the difference is not more pronounced in
STEM). If girls perceive they have fewer competitors in non-
STEM subjects because, on average, fewer boys perform better
than girls, this might lead to a preference for non-STEM over
STEM careers39,40.

Gender differences in expectations of success can arise due to
backlash effects against individuals who defy the stereotype of
their gender, and/or due to gender differences in ‘abilities tilt’
(having comparatively high ability in one discipline compared to
another). Women in male-dominated pursuits, including STEM,
face a paradox: if they conform to gender stereotypes, they might
be perceived as less competent, but if they defy gender stereotypes
and perform ‘like a man’, then their progress can be halted by
‘backlash’ from both men and women13,41. Furthermore, analyses
of test scores have revealed that girls are more likely than boys to
show an abilities tilt in the direction favouring non-STEM sub-
jects (i.e. receive higher scores in non-STEM compared to
STEM)42. Our data are consistent with girls showing an ability tilt
in the direction of non-STEM subjects, although we cannot
compare individual student grades (Supplementary Table 11).
Intriguingly, there is evidence that balanced high-achieving
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variation. Data and code for reproducing this figure are available at
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Distribución de notas en niños y niñas

students—who possess the potential to succeed in disparate
fields—prefer non-STEM careers43, and that girls are more likely
to be balanced than boys, at least among high achievers44. A
female skew towards balanced abilities could be a manifestation
of them showing lower levels of between-discipline variability (i.e.
greater consistency across disciplines). Gender differences in
between-discipline variability, rather than within-discipline
variability, is an interesting avenue for future research.

A girl’s answer to the question of ‘what do you want to be when
you grow up?’ will be shaped by her own beliefs about gender, and
the collective beliefs of the society she is raised in45. While our
results support the variability hypotheses, we have shown that the
magnitude of the gender gap in STEM grades is small, and only
becomes male-skewed at the very top of the distribution (Fig. 3).
Therefore, by the time a girl graduates, she is just as likely as a boy
to have earned high enough grades to pursue a career in STEM.
When she evaluates her options, however, the STEM path is trod by
more male competitors than non-STEM, and presents additional
internal and external threats due to her and societies’ gendered
beliefs (stereotype threat and backlash effects). To increase
recruitment of girls into STEM, this path should be made more

attractive for them. A future study could estimate how male-skewed
we would expect STEM careers to be based solely on gender dif-
ferences in academic achievement, by quantifying the academic
grades of current STEM employees. Our study focussed on gender
differences in academic achievement, but understanding gender
differences in any trait would be improved by simultaneously
comparing gender differences in mean and in variability.

Methods
Literature search and study selection. We performed a systematic literature
search following guidelines from PRISMA (Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses46). The PRISMA flow diagram depicting our
search and screening process is shown in Fig. 4. We broadly followed the search
protocol used by Voyer and Voyer6. We searched three databases for articles
published between August 2011 and May 2015: ERIC, SCOPUS and ISI Web of
Science. We did not use the PsychINFO or PsycARTICLES databases used by
Voyer and Voyer6, as they were malfunctioning at the time of our search. We
searched for articles containing the term ‘school grade/s’, ‘school achievement/s’,
‘school mark/s’ or ‘grade point average/s’. The exact search strings used for each
database and additional details of the literature search are provided in Supple-
mentary Methods. While there was no clear signal of publication bias in the school
subset (Supplementary Tables 12, 25), a limitation of our literature search is that we
did not actively search for unpublished studies or theses.
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of who applies for (and is then accepted at) a university. This
selection process makes undergraduates and postgraduates
unrepresentative of the general population. The results from
analyses for the whole dataset and for the university subset are
provided in Supplementary Tables 2–10, 12, and 15–25 (the
university subset also had small sample sizes for STEM and non-
STEM subjects, making results from moderator analyses sensitive
to outlier studies).

Moderating effects of study year and student age. The higher
mean and lower variability of girls’ than boys’ grades have not
changed significantly over the past eight decades (Supplementary
Table 4, Supplementary Fig. 8A: lnRRstudy year scaled (slope): 0.019,
CI: −0.017 to 0.055; Supplementary Table 4; Supplementary Fig. 8D:
lnCVRstudy year scaled (slope): −0.029, CI: −0.083 to 0.025). Within
genders, variability in grades showed a non-significant trend towards
decreasing over time, but significantly more so for girls than boys
(Supplementary Table 5, Supplementary Fig. 8G: natural logarithms
of the coefficient of variation (lnCV)study year boys–girls (slope diff): 0.032,
CI: 0.004 to 0.060). Student age did not affect the gap between girls
and boys mean grades or the gender difference in grade variability
(Supplementary Fig. 9, Supplementary Table 6). Within genders,
variability in grades showed a non-significant tendency to decrease as
students aged (Supplementary Table 7, Supplementary Fig. 9G:
lnCVstudent age boys–girls (slope): 0.010, CI: −0.067 to 0.087), and to
decrease faster for boys than girls (Supplementary Table 7, Supple-
mentary Fig. 9G: lnCVstudent age boys−girls (slope diff):−0.035, CI:−0.062
to −0.007).

Moderating effects of subject type: STEM versus non-STEM.
Girls’ significant advantage of 7.8% in mean grades in non-STEM
was more than double their 3.1% advantage in STEM. (Fig. 2a,
Supplementary Table 8: non-STEM: lnRRnon-STEM: 0.075, CI:
0.049 to 0.102; STEM: lnRRSTEM: 0.031, CI: 0.011 to 0.051; the
difference: lnRRnon-STEM-STEM diff: −0.044, CI: −0.065 to −0.024).
Variation in grades among girls was significantly lower than that
among boys in every subject type, but the sexes were more similar
in STEM than non-STEM subjects (Fig. 2b, Supplementary
Table 9; STEM: 7.6% less variable grades; lnCVRSTEM: −0.079,
CI: −0.115 to −0.043; non-STEM: 13.3% less variable grades;
lnCVRnon-STEM: −0.149, CI: −0.199 to −0.099; the difference:
lnCVRnon-STEM-STEM diff: 0.070, CI: 0.028 to 0.111). The greater

gender similarity in variability in STEM was due to girls’ grades
being significantly more variable in STEM than non-STEM
subjects (Fig. 2c, Supplementary Table 10, lnCVgirls STEM–non-STEM

diff: −0.101, CI: −0.170 to −0.033). In contrast, the variability of
boys’ grades did not differ significantly between STEM and non-
STEM subjects (Fig. 2c, Supplementary Table 10, lnCVboys

STEM–non-STEM diff: −0.030, CI: −0.102 to 0.042).
The small values of all meta-analytic estimates of

gender differences in means and variances imply a large
overlap in the grade distributions between the two sexes.
The simulated distributions of girls’ and boys’ grades in Fig. 3
show the distributions of grades overlap more in STEM
(94.2%) than non-STEM (88.2%) subjects. For example, within
the top 10% of the distribution the gender ratio is even for
STEM, and slightly female-skewed for non-STEM. Results of
additional analyses are presented in Supplementary
Tables 13–25.

Discussion
Our overall result was consistent with elements of the variability
hypothesis: female students’ grades were less variable than those
of male students, but in contrast to expectations, the greatest
difference in variability occurred in non-STEM subjects. Average
female grades were also higher than males, corroborating the
findings of Voyer and Voyer6 (Fig. 2). Gender differences in grade
variability of school pupils was unaffected by their age, weakly
affected by the year of study, and most strongly affected by
whether or not the subject was STEM.

From grade one onward, we found that girls’ grades were less
variable than those of boys. Across the last 80 years, the variability
in school grades has slightly decreased for both boys and girls
(albeit slightly faster for girls). This decline might reflect
increased student performance36, or greater reluctance to fail
students, i.e. grade inflation37. These scenarios assume that there
is a ceiling effect on grades, whereby variance is reduced because
weaker students are shifted upwards, whereas the highest per-
forming students are bumped up against the ‘ceiling’ of the
highest possible grade awarded on the grading scale. Although we
do not see strong evidence for a ceiling effect in our dataset
(Supplementary Fig. 5), below we discuss how the ceiling affect
could underestimate the magnitude of gender differences in
variability.

Overall

On average girls grades better, On average girls grades much better, On average girls grades slightly better,
Girls grades more consistent, Girls grades similarly variable, Girls grades much more consistent,
Fewer top scoring girls More top scoring girls Many fewer top scoring girls

Grades Grades Grades

Non-STEM STEM - Girls
- Boys

a b c

Fig. 1 Predicted distributions of school grades of girls (red) and boys (blue). a The grade distribution overlaps represent the prediction that, when all grades
are considered, girls on average earn higher grades and are less variable than boys, although there are more highly performing boys than girls at the upper
end of the achievement distribution. b In non-STEM subjects, the difference in mean grades between girls and boys may be even more pronounced in
favour of girls, which, coupled with similar variability, should result in many more highly performing girls than boys at the upper end of the achievement
distribution. c In contrast, for STEM grades, we expected less difference between boys and girls mean grades and more grade variability for boys, resulting
in boys dominating at both the top and bottom of the achievement distribution
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of who applies for (and is then accepted at) a university. This
selection process makes undergraduates and postgraduates
unrepresentative of the general population. The results from
analyses for the whole dataset and for the university subset are
provided in Supplementary Tables 2–10, 12, and 15–25 (the
university subset also had small sample sizes for STEM and non-
STEM subjects, making results from moderator analyses sensitive
to outlier studies).

Moderating effects of study year and student age. The higher
mean and lower variability of girls’ than boys’ grades have not
changed significantly over the past eight decades (Supplementary
Table 4, Supplementary Fig. 8A: lnRRstudy year scaled (slope): 0.019,
CI: −0.017 to 0.055; Supplementary Table 4; Supplementary Fig. 8D:
lnCVRstudy year scaled (slope): −0.029, CI: −0.083 to 0.025). Within
genders, variability in grades showed a non-significant trend towards
decreasing over time, but significantly more so for girls than boys
(Supplementary Table 5, Supplementary Fig. 8G: natural logarithms
of the coefficient of variation (lnCV)study year boys–girls (slope diff): 0.032,
CI: 0.004 to 0.060). Student age did not affect the gap between girls
and boys mean grades or the gender difference in grade variability
(Supplementary Fig. 9, Supplementary Table 6). Within genders,
variability in grades showed a non-significant tendency to decrease as
students aged (Supplementary Table 7, Supplementary Fig. 9G:
lnCVstudent age boys–girls (slope): 0.010, CI: −0.067 to 0.087), and to
decrease faster for boys than girls (Supplementary Table 7, Supple-
mentary Fig. 9G: lnCVstudent age boys−girls (slope diff):−0.035, CI:−0.062
to −0.007).

Moderating effects of subject type: STEM versus non-STEM.
Girls’ significant advantage of 7.8% in mean grades in non-STEM
was more than double their 3.1% advantage in STEM. (Fig. 2a,
Supplementary Table 8: non-STEM: lnRRnon-STEM: 0.075, CI:
0.049 to 0.102; STEM: lnRRSTEM: 0.031, CI: 0.011 to 0.051; the
difference: lnRRnon-STEM-STEM diff: −0.044, CI: −0.065 to −0.024).
Variation in grades among girls was significantly lower than that
among boys in every subject type, but the sexes were more similar
in STEM than non-STEM subjects (Fig. 2b, Supplementary
Table 9; STEM: 7.6% less variable grades; lnCVRSTEM: −0.079,
CI: −0.115 to −0.043; non-STEM: 13.3% less variable grades;
lnCVRnon-STEM: −0.149, CI: −0.199 to −0.099; the difference:
lnCVRnon-STEM-STEM diff: 0.070, CI: 0.028 to 0.111). The greater

gender similarity in variability in STEM was due to girls’ grades
being significantly more variable in STEM than non-STEM
subjects (Fig. 2c, Supplementary Table 10, lnCVgirls STEM–non-STEM

diff: −0.101, CI: −0.170 to −0.033). In contrast, the variability of
boys’ grades did not differ significantly between STEM and non-
STEM subjects (Fig. 2c, Supplementary Table 10, lnCVboys

STEM–non-STEM diff: −0.030, CI: −0.102 to 0.042).
The small values of all meta-analytic estimates of

gender differences in means and variances imply a large
overlap in the grade distributions between the two sexes.
The simulated distributions of girls’ and boys’ grades in Fig. 3
show the distributions of grades overlap more in STEM
(94.2%) than non-STEM (88.2%) subjects. For example, within
the top 10% of the distribution the gender ratio is even for
STEM, and slightly female-skewed for non-STEM. Results of
additional analyses are presented in Supplementary
Tables 13–25.

Discussion
Our overall result was consistent with elements of the variability
hypothesis: female students’ grades were less variable than those
of male students, but in contrast to expectations, the greatest
difference in variability occurred in non-STEM subjects. Average
female grades were also higher than males, corroborating the
findings of Voyer and Voyer6 (Fig. 2). Gender differences in grade
variability of school pupils was unaffected by their age, weakly
affected by the year of study, and most strongly affected by
whether or not the subject was STEM.

From grade one onward, we found that girls’ grades were less
variable than those of boys. Across the last 80 years, the variability
in school grades has slightly decreased for both boys and girls
(albeit slightly faster for girls). This decline might reflect
increased student performance36, or greater reluctance to fail
students, i.e. grade inflation37. These scenarios assume that there
is a ceiling effect on grades, whereby variance is reduced because
weaker students are shifted upwards, whereas the highest per-
forming students are bumped up against the ‘ceiling’ of the
highest possible grade awarded on the grading scale. Although we
do not see strong evidence for a ceiling effect in our dataset
(Supplementary Fig. 5), below we discuss how the ceiling affect
could underestimate the magnitude of gender differences in
variability.

Overall

On average girls grades better, On average girls grades much better, On average girls grades slightly better,
Girls grades more consistent, Girls grades similarly variable, Girls grades much more consistent,
Fewer top scoring girls More top scoring girls Many fewer top scoring girls

Grades Grades Grades

Non-STEM STEM - Girls
- Boys

a b c

Fig. 1 Predicted distributions of school grades of girls (red) and boys (blue). a The grade distribution overlaps represent the prediction that, when all grades
are considered, girls on average earn higher grades and are less variable than boys, although there are more highly performing boys than girls at the upper
end of the achievement distribution. b In non-STEM subjects, the difference in mean grades between girls and boys may be even more pronounced in
favour of girls, which, coupled with similar variability, should result in many more highly performing girls than boys at the upper end of the achievement
distribution. c In contrast, for STEM grades, we expected less difference between boys and girls mean grades and more grade variability for boys, resulting
in boys dominating at both the top and bottom of the achievement distribution
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students—who possess the potential to succeed in disparate
fields—prefer non-STEM careers43, and that girls are more likely
to be balanced than boys, at least among high achievers44. A
female skew towards balanced abilities could be a manifestation
of them showing lower levels of between-discipline variability (i.e.
greater consistency across disciplines). Gender differences in
between-discipline variability, rather than within-discipline
variability, is an interesting avenue for future research.

A girl’s answer to the question of ‘what do you want to be when
you grow up?’ will be shaped by her own beliefs about gender, and
the collective beliefs of the society she is raised in45. While our
results support the variability hypotheses, we have shown that the
magnitude of the gender gap in STEM grades is small, and only
becomes male-skewed at the very top of the distribution (Fig. 3).
Therefore, by the time a girl graduates, she is just as likely as a boy
to have earned high enough grades to pursue a career in STEM.
When she evaluates her options, however, the STEM path is trod by
more male competitors than non-STEM, and presents additional
internal and external threats due to her and societies’ gendered
beliefs (stereotype threat and backlash effects). To increase
recruitment of girls into STEM, this path should be made more

attractive for them. A future study could estimate how male-skewed
we would expect STEM careers to be based solely on gender dif-
ferences in academic achievement, by quantifying the academic
grades of current STEM employees. Our study focussed on gender
differences in academic achievement, but understanding gender
differences in any trait would be improved by simultaneously
comparing gender differences in mean and in variability.

Methods
Literature search and study selection. We performed a systematic literature
search following guidelines from PRISMA (Preferred Reporting Items for Sys-
tematic Reviews and Meta-Analyses46). The PRISMA flow diagram depicting our
search and screening process is shown in Fig. 4. We broadly followed the search
protocol used by Voyer and Voyer6. We searched three databases for articles
published between August 2011 and May 2015: ERIC, SCOPUS and ISI Web of
Science. We did not use the PsychINFO or PsycARTICLES databases used by
Voyer and Voyer6, as they were malfunctioning at the time of our search. We
searched for articles containing the term ‘school grade/s’, ‘school achievement/s’,
‘school mark/s’ or ‘grade point average/s’. The exact search strings used for each
database and additional details of the literature search are provided in Supple-
mentary Methods. While there was no clear signal of publication bias in the school
subset (Supplementary Tables 12, 25), a limitation of our literature search is that we
did not actively search for unpublished studies or theses.
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Fig. 3 Inferred relative distributions of academic abilities of girls (red) and boys (blue). a STEM and b non-STEM school subjects, c the proportion of girls in
each percentile. The relative mean and variance for each gender are based on the results of the meta-regression of school grades for school pupils, with
subject as a moderator. In a and b, dashed vertical lines indicate cutoff points, above which 25%, 5% and 1% of top-scoring pupils can be found. The
proportion of girls to boys across the distribution is shown in c, where values to the right on the x-axis correspond to the right tail of the achievement
distributions. f:m values represent ratios of top-scoring girls to boys above each cutoff point (i.e, f:m > 1=more females; f:m < 1=more males). Data and
code for reproducing this figure are available at refs. 52,53
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Conclusión 

• Los resultados apoyan la ‘hipótesis de la variabilidad’, pero sólo 
parcialmente:
• Las notas de las chicas son menos variables que las de los chicos, pero, 

sorprendentemente, sobretodo en no-STEM. 
• La magnitud del “gender GAP” es muy pequeña y sólo se inclina hacia a los 

chicos en percentiles muy altos (>10% para STEM, >1% para no-STEM)

• Cuando una chica se gradúa tiene esencialmente las mismas notas 
(aptitudes) que un chico para seguir carreras STEM



Discusión: ¿Por qué no elige STEM?

• Percibe menos competidores en no-STEM
• Estereotipos propios y sociales

• Riesgo de estereotipo
• Efecto Backlash si se ataca el estereotipo

“if they conform to gender stereotypes, they might be perceived as less competent, but if
they defy gender stereotypes and perform ‘like a man’, then their progress can be halted by
‘backlash’ from both men and women”
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Una buena estudiante
Percepción de que entre los 

estudiantes mejores que ella en 
STEM, hay una proporción 

mayor de hombres que en otras 
materias

Amenaza de 
estereo>po Backlash

Rehúye STEM



Gràcies! 


