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Based on data for N = 2,756 children (1,410 girls; Mage = 8.10 years) from 16 data sets spanning five
nations, this study investigated relations between national gender disparities and children’s beliefs about
gender and academic subjects. One national-level gender disparity involved inequalities in socioeconomic
standing favoring adult males over females (U.N. HumanDevelopment Index). The other involved national-
level gaps in standardized math achievement, favoring boys over girls (Trends in International Mathematics
and Science Study Grade 4). Three novel findings emerged. First, girls’ results from a Child Implicit
Association Test showed that implicit associations linking boys with math and girls with reading were
positively related to both national male advantages in socioeconomic standing and national boy advantages
in Trends in International Mathematics and Science Study. Second, these relations were obtained for
implicit but not explicit measures of children’s beliefs linking gender and academic subjects. Third, implicit
associations linking gender to academic subjects increased significantly as a function of children’s age. We
propose a psychological account of why national gender disparities are likely to influence children’s
developing implicit associations about gender and academic subjects, especially for girls.

Public Significance Statement
In an international study, we examined how national patterns of gender disparities relate to elementary school
children’s implicit associations between gender and academic subjects. The study involved 2,756 children
from five countries. We found that, for girls, national variations in gender inequalities in socioeconomic
status and academic achievement significantly predicted stronger implicit associations linking boys with
math and girls with reading. Moreover, children’s implicit associations linking gender and academic
subjects significantly increased with age. The findings have implications for psychology, educational equity,
and public policy.

Keywords: societal gender inequalities, gender stereotypes, Child Implicit Association Test, age
differences, implicit social cognition

Supplemental materials: https://doi.org/10.1037/dev0001797.supp

T
hi
s
do
cu
m
en
t
is
co
py
ri
gh
te
d
by

th
e
A
m
er
ic
an

P
sy
ch
ol
og
ic
al

A
ss
oc
ia
tio

n
or

on
e
of

its
al
lie
d
pu
bl
is
he
rs
.

T
hi
s
ar
tic
le

is
in
te
nd
ed

so
le
ly

fo
r
th
e
pe
rs
on
al

us
e
of

th
e
in
di
vi
du
al

us
er

an
d
is
no
t
to

be
di
ss
em

in
at
ed

br
oa
dl
y.

This article was published Online First August 22, 2024.
Dario Cvencek https://orcid.org/0000-0002-0073-5862
Elizabeth A. Sanders https://orcid.org/0000-0002-1008-8435
M. Francisca del Río https://orcid.org/0000-0002-2050-7963

María Inés Susperreguy https://orcid.org/0000-0001-5584-2692
Katherine Strasser https://orcid.org/0000-0003-2364-6798
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Children and adults tend to link males and females to different
academic subjects, such as the widespread belief that boys go with
computer science and engineering more than girls do. Such beliefs
about gender and academic disciplines can be assessed using both
implicit and explicit measures. The explicit measures usually involve
some form of verbal self-report. The most prominent implicit
measure is the Implicit Association Test (IAT; Greenwald et al.,
1998). The IAT taps rapid associations that people have between
social categories (e.g., gender, age, race) and other attributes (e.g.,
academic subjects, careers, personal traits). These associations do not
require introspection, deliberation, or verbal expression (Greenwald
& Lai, 2020; Schmader et al., 2022) and are often referred to as
uncontrolled or “automatic” (De Houwer & Boddez, 2022; Ratliff &
Smith, 2022). Implicit associations are theorized to be based on
statistical patterns in the environment that are often picked up by
people without ready introspective access or conscious awareness
(Gawronski et al., 2022; Payne et al., 2019) and yet contribute to a
person’s internal working model of the social world. The original
IAT was developed for adults. It has now been modified and adapted
for use with children (Baron & Banaji, 2006; Cvencek et al., 2011),
including even preschoolers (Cvencek, Brečić et al., 2021; Cvencek
et al., 2016).
Understanding the origins and existence of associations between

gender and academic subjects is important because they predict a
variety of negative outcomes. When held by college-aged women,
strong implicit associations of math with men (and humanities with
women) predict reduced interest in pursuing graduate studies in
math-related fields (Kiefer & Sekaquaptewa, 2007). When held by
men, implicit associations linking math with men and liberal arts
with women predict increased biased behavior, such as denial of
promotions to women in STEM fields (Régner et al., 2019).
In elementary school children, implicit associations about gender
and academic subjects predict stronger math self-concepts in boys
(math = me) and weaker math self-concepts in girls (math = not-
me), which are, in turn, predictive of children’s math achievement on
standardized tests (Cvencek et al., 2015). Given these and other
negative consequences of gender-linked associations between math
and reading, it is useful to investigate contributors to these implicit

associations during childhood before they begin to impact career
pursuits (Early Childhood STEM Working Group, 2017).

Although implicit associations linking boys with math and girls
with reading have been detected in children during elementary
school (Cvencek, Brečić et al., 2021; Cvencek et al., 2011; Galdi
et al., 2014; Levine & Pantoja, 2021), little is known about the
sources of these associations. To date, three studies have tested
how children’s implicit associations between gender and academic
subjects relate to those held by their parents. The findings indicate
that the correlations are either not significant (del Río et al., 2019,
2021) or weak (Galdi et al., 2017). This suggests that children’s
implicit associations between gender and academic subjects may
also have roots in societal sources that lay beyond the family
environment itself.

Candidate sources beyond the family are societal-level patterns of
disparities, often referred to as structural or systemic biases. Across
many cultures (but certainly not all), gender disparities favoring men
are evident in terms of standardized math and science achievement
tests, particularly in the higher grades (e.g., Breda et al., 2020; Nosek
et al., 2009). Math achievement gaps in standardized tests favoring
boys can be considered a form of societal gender disparity because
there is evidence that such advantages are closely related to—and
possibly driven by—societal-level variations in opportunity struc-
tures for girls and women (Else-Quest et al., 2010). To quantify
“national math gender gaps,” we used the Trends in International
Mathematics and Science Study (TIMSS). TIMSS is a widely used,
standardized international assessment that is designed to rank and
compare education systems worldwide using large, representative
student samples (Mullis et al., 2020). In the 2019 cycle, 58 nationally
representative samples totaling more than 330,000 students and
11,000 schools were involved (Mullis et al., 2020). At each cycle, the
international rankings are prominently publicized and discussed;
policymakers and educators often strive to improve the test scores of
their students and achieve higher international rankings.

Another index of gender disparity at the national level derives
from an indicator of systemic gender inequalities in the domains of
health, education, and economic standing. The Human Development
Index (HDI) is the result of joint efforts of several U.N. agencies,
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the World Bank, and multiple national agencies to obtain
internationally comparable indicators of socioeconomic standing.
The HDI is an annual statistic that is reported in 189 nations and
measures each nation’s overall progress with respect to social and
economic dimensions (United Nations Development Programme,
2019). We hypothesize that children could detect gender inequalities
in socioeconomic standing by noticing that men in society are more
likely to work (or hold higher prestige or more powerful jobs) than
women. To quantify “national socioeconomic gender inequalities”
favoringmen, we computed anHDImale-to-female ratio, in line with
others’ use of HDI to quantify gender inequalities. This HDI gender
ratio has been shown to yield insights about gender inequalities
favoringmen over women in socioeconomic development (Klasen&
Schüler, 2011), with calls for its regular use in scientific literature.
The HDI is widely regarded as a key indicator of socioeconomic
standing at a national level because it is derived from representative
samples and uses a standardized index that facilitates comparisons
across nations (Klasen, 2017; Marsh et al., 2021).
We believe that these two types of national gender disparities may

play a role in the development of children’s implicit associations
linking gender with academic subjects. More specifically, we think
that societal-level inequalities can be picked up by children as
patterns and structures in the environment, and these perceived
patterns can, in turn, influence children’s developing representations
of the social world. If children are exposed to persistent patterns of
gender inequalities, this may be a key input for forging implicit
associations.
At the same time, we acknowledge that there is a debate in the

literature about what implicit associations mean conceptually (De
Houwer & Boddez, 2022; Dovidio & Kunst, 2022; Eagly &
Chaiken, 2005; Greenwald & Lai, 2020; Schmader et al., 2022).
Recognizing this ongoing discussion within contemporary social
psychology, several theorists have urged for more empirical
evidence regarding the relation between individual-level psycholog-
ical measures and macrolevel societal measures (Gawronski et al.,
2022; Payne et al., 2017). We designed this study to begin to address
this point from a developmental psychology perspective—that is, to
add to the empirical literature using both implicit and explicit
measures in the same children and to connect children’s developing
implicit cognition to larger patterns of societal inequalities that are
evident in the cultures in which the children are reared. This
approach takes advantage of cultural variations to inform us about
the role of environmental context in the development of children’s
social cognition.

Study Aims

Using 16 international data sets, we investigated whether national
adult socioeconomic gender inequality and national-level math
gender gaps predict the magnitude of children’s implicit associa-
tions between gender and academic subjects (“math/reading–gender
associations”) and whether these relations differ for girls and boys.
Our first hypothesis concerned the relation between children’s

implicit associations linking math with boys and reading with girls
and two national disparities—national math gender gaps favoring
boys on standardized tests (TIMSS Grade 4; hereafter “TIMSS–4”)
and national socioeconomic gender inequality favoring men (HDI
male-to-female ratio; hereafter “HDI M/F ratio”). We note that
Nosek et al. (2009) reported IAT findings in adults linking

IAT gender–science scores to variations in national gender
inequalities. Here, we hypothesized that children’s gender-linked
implicit associations about math and reading would be stronger in
nations with larger math gender gaps favoring boys and larger
socioeconomic gender inequalities favoring men. In addition to
testing this hypothesis, we also examined, in an exploratory fashion,
whether the magnitude of such expected positive relations would
vary by gender, in part because significant gender differences are
usually found with TIMSS (favoring boys) and HDI scores (favoring
adult men).

Our second hypothesis concerned the degree to which societal
gender disparities may be reflected in children’s implicit associations
versus their explicit stereotypes. Implicit, gender-linked associations
are theorized to be fast, overlearned, “automatic” reflections of
patterns found in the social environments within which individuals
are immersed (e.g., Cvencek, Brečić et al., 2021; Dasgupta, 2013;
del Río et al., 2019; Greenwald & Banaji, 2017; Payne et al.,
2019). In contrast, explicitly measured stereotypes typically involve
deliberation, and their measurement assumes that respondents (a)
can introspectively access relevant information from memory and
(b) are motivated to report it verbally in a veridical fashion. These
assumptions are not always warranted (Fazio & Olson, 2003;
Greenwald et al., 2009). We hypothesized that societal disparities
would be reflected more strongly in children’s implicit associations
than in their explicitly measured stereotypes.

Finally, this study also offers an opportunity to examine age-
related variations in children’s implicit associations that may
not have been detected in previous studies due to the lack of
statistical power. The majority of published studies have not reported
significant age differences in children’s implicit associations linking
gender to math and reading, but in the few instances when age
differences are found, the effects showed slightly stronger implicit
associations in older children (e.g., Cvencek et al., 2015; Passolunghi
et al., 2014). Consequently, there is a need for a more detailed
investigation of the effects of age on children’s implicit associations
about gender and academic subjects with larger samples, which the
present study with provides.

This study was designed to potentially make three contributions
to the literature. First, to our knowledge, no previous study has
examined the relation between national indices of gender disparities
and children’s implicit and explicit beliefs about academic disciplines.
Second, the large-scale nature of the study (N = 2,756 children,
approximately evenly split by gender) allowed us to investigate, in
an exploratory fashion, potential gender differences in these relations.
Third, this study utilized multilevel linear regression modeling to
predict the magnitude of child-level associations about gender
and academic subjects from national disparities, which allows for
child-level inferences about the effects of societal factors such as the
nation-level socioeconomic gender inequalities and nation-level math
gender gaps. The use of multilevel modeling is a powerful statistical
approach that has gained traction in developmental science (e.g.,
Muradoglu et al., 2023), because it addresses clustering dependencies
and also appropriately tests predictors measured at different levels of
child data.

Method

All procedures were approved by the contributing authors’
respective Institutional Review Boards. All children provided
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informed assent before participating, and their parents provided
written or verbal consent.

Collection of Data Sets

We started with a literature search to identify and request data for
inclusion in the present study. We looked for published studies with
the following child-level data available: (a) IAT measures of math/
reading–gender associations, (b) explicit gender stereotypes, (c) age
of the participant, and (d) gender of the participant. Additionally, the
nation in which the data were collected must have (a) participated
nationally in the TIMSS-4 math achievement tests within 3 years of
the data collection and (b) have U.N.-published HDI data from the
year of the data collection period.
Searches were conducted in both APA PsycInfo and Google

Scholar using the search terms implicit, explicit, math, stereotype,
and children. These searches yielded eight published studies that
met all criteria (three additional published studies were found, but
those nations did not use a developmentally appropriate Child IAT
to measure children’s implicit associations or did not participate in
TIMSSwithin 3 years of the data collection period). The first authors
of these eight published studies were asked to share their published
data and also asked for unpublished data they were working on.
We received nine data sets from the eight published studies that met
our criteria, as well as seven more data sets from five unpublished
studies, resulting in a total of 16 data sets that were collected
between 2006 and 2020. For all of the 16 data sets, the TIMSS and
HDI data were available only at the level of national aggregates and
not at the level of individual children (see Supplemental Table S1 for
additional details about the data sets).

Participants

Across the 16 data sets, we achieved the collection of a large
amount of child data, spanning five nations, including Chile (N =
548), Croatia (N = 431), Italy (N = 606), Singapore (N = 267), and
the United States (N = 1,073). For three of these five nations, child-
level data on race and ethnicity were not available because parents
were not asked by researchers to provide race and ethnicity
information about their children (i.e., Chile, Croatia, and Italy).
Children who were missing age information (5.2%, n = 151) or
gender information (0.6%, n= 18) were excluded from analyses (see
Analytic Plan for details regarding missing data handling). This
resulted in a final analytic sample ofN= 2,756 children (1,410 girls)
ranging in age from 3 to 15 years old, with M = 8.10 years (SD =
1.98); see Supplemental Table S1 for each data set’s sample size
and ages.

Implicit and Explicit Measures

Measures of both implicit math/reading–gender associations and
explicit stereotypes were obtained.

Children’s Implicit Math/Reading–Gender Associations

There are several variants of Child IATs (Baron & Banaji, 2006;
Cvencek et al., 2011), as well as detailed validation studies of Child
IAT procedures (Cvencek et al., 2016). Previous research on the

Child IAT assessing math/reading–gender associations have shown
acceptable reliability, Cronbach’s α = .74 (Cvencek et al., 2011).

The Child IAT is a computer sorting task in which children
categorize pictures or words into four categories as quickly as
possible using two response buttons. The principle behind the Child
IAT is that the ease and speed with which one can sort the stimuli
reflects the associations that the participant finds more natural or
“congruent.” For example, it would likely be easier for a child to
respond quickly to the pairings of bigwith dinosaurs and smallwith
birds (“congruent pairing”) than the pairings of big with birds and
small with dinosaurs (“incongruent pairing”). The math/reading–
gender Child IAT included the categories ofmath, reading, boy, and
girl. In the congruent pairing, children responded to math and boy
stimuli with one response button and reading and girl stimuli with
the other. In the incongruent pairing, children responded tomath and
girl stimuli with one response button and reading and boy stimuli
with the other (the Italian samples used language or arts instead
of reading as a contrast to math). Children who respond faster
when math and boys share a response button, compared to when
math and girls share a button, are presumed to hold implicit
associations linking boys with math and girls with reading. All
children completed both pairings (order counterbalanced).

The D score algorithm was used to compute the Child IAT score
for each individual participant as the difference of mean response
times of the math = boy andmath = girl tasks divided by the pooled
standard deviation (Greenwald et al., 2003). This procedure yields
a D score ranging from −2 (indicating a stronger association of
math = girl and reading = boy) to +2 (indicating a stronger
association of math = boy and reading = girl). The Child IAT (like
the adult IAT) has a rational zero value, indicating an equally strong
association of math with boys and girls (Cvencek, Meltzoff, et al.,
2021). (One study administered a paper-and-pencil version of the
Child IAT, which followed the same principle as the computer
version, Passolunghi et al., 2014, and those scores were converted
to the same scale as the computerized Child IATs.)

Children’s Explicit Stereotypes

Each data set included a measure of explicit (self-reported)
gender-linked stereotypes about math and reading. For data
collected in all nations except Italy (see Supplemental Material
Section S5.1 for details), the explicit measure was administered as
two separate Likert-scale items (math stereotype and reading
stereotype) based on pictures used in Harter and Pike’s (1984)
Pictorial Scale. For each, participants were shown the pictures of
two children (a boy and a girl) from the Harter and Pike picture set
and responded by reporting (a) which child they believed possessed
an attribute to a greater degree and (b) whether they believed the
character possessed the attribute “a little” or “a lot” (the latter was
done by the children pointing to one of two differently sized circles).
One item requested selecting whether the boy or girl “liked to do
math more,” and the other item requested selecting whether the boy
or girl “liked to read more.” The scores on these two items were
averaged to arrive at the explicit stereotype score, which ranged
from−2 (indicating that girls like math more than boys and boys like
reading more than girls) to +2 (indicating that boys like math more
than girls and girls like reading more than boys). A score of zero
indicated a belief that girls and boys like math and reading equally.
All scales used with Italian data sets were scored in the same fashion,
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ranging from −2 to +2, with a score of zero indicating a belief that
girls and boys are equally good at math and reading (see
Supplemental Material Section S5.1 for more information).

National Gender Disparity Measures

National data on student standardized achievement tests and adult
socioeconomic inequalities were integrated with the child-level data
in our study. Specifically, we used national disparity data (TIMSS
and HDI) from the same year as each data set’s IAT data collection
year. If data were unavailable for the exact year that the IAT was
administered, the closest year prior was substituted (all national data
were collected within 3 years of each data set’s child-level IAT data
collection year).

National Gender Gap in Math Achievement: TIMSS

Information about national gender gaps in math was accessed by
using results from the standardized Grade 4 Trends in International
Mathematics and Science Study (TIMSS; see Supplemental Material
Section S1.2 for details). The TIMSS is administered internationally
every 4 years. TIMSS data were downloaded from the TIMSS and
Progress in International Reading Literacy Study International Study
Center on April 23, 2020.
The national math gender gap was measured by first subtracting a

given nation’s mean math score for girls from its mean math score
for boys within one TIMSS cycle (i.e., boy–girl difference). This
difference score was then assigned to each of the participants in our
data set as a gender gap score for that country and year following the
rule described above. For example, in 2011, the average math score
for Italian boys was 512, and the average math score for Italian girls
was 503; therefore, the national math gender gap for Italy in 2011
was 9 (512–503), indicating a gender gap “favoring boys” (greater
than 0). That math gender gap score was then assigned to all Italian
participants in our data set who were tested in 2011, as well as the
Italian participants tested in 2012 (because there was no TIMSS
testing in 2012). The same procedure for computing and matching
national math achievement gender gaps was followed for all other
participants based on their nation and the year in which they were
tested on the math/reading–gender association measures.
The national math gender gap was scored so that positive values

indicate a national boy advantage (i.e., boys scoring higher than girls)
and negative values indicate a national girl advantage (i.e., girls
scoring higher than boys); a value of 0 indicates that, nationally, girls
and boys have equal math scores. In the present study, we focused on
national Grade 4 gender gaps, rather than Grade 8 gender gaps,
because (a) TIMSS-4 was the closest to the mean age of the sample
(i.e., 8 years old), and (b) two of our 16 data sets were from Croatia,
which did not participate in the Grade 8 TIMSS within a 3-year
timeframe of when the child-level math/reading–gender association
data were collected.

National Socioeconomic Gender Inequality: HDI

Data on national gender inequalities were accessed by using
the U.N. Human Development Index (HDI). HDI scores were
also integrated with each of the 16 data sets, again matched by
year of math/reading–gender association data collection. The
HDI is an annually reported summary measure of each nation’s

average adult socioeconomic standing across three key dimen-
sions of human development: (a) living a long and healthy life
(life expectancy at birth), (b) having access to knowledge (expected
years of schooling, mean years of schooling), and (c) having a
sufficient standard of living (gross national income per capita). More
specifically, the HDI is the geometric mean of normalized indices
for each of the dimensions, with scores ranging from 0 to 1 (United
Nations Development Programme, 2019). The HDI was originally
constructed to measure the “gender gap in human development”
(Klasen, 2017), and we followed Dehdarirad et al. (2019), Gozzi et
al. (2021), and Troumbis’s (2020) description of the HDI as an index
of “socioeconomic standing.” This characterization makes sense
because socioeconomic standing is itself a combination of
education, income, and occupation—three dimensions that largely
overlap with the dimensions comprising the HDI. Marsh et al.
(2021) documented that the HDI correlates at r= .86 with a standard
socioeconomic status index derived from the Program for
International Student Assessment. HDI data were downloaded
from the United Nations Development Programme Download
Center on May 4, 2021.

For consistency with the TIMSS math gender gap and ease of
results interpretation, we computed national gender inequality on
the HDI as the ratio of male-to-female HDI scores (HDI M/F ratio)
for the respective year of data collection. The HDI M/F ratio is a
measure of the socioeconomic gender inequalities favoring men
over women:1 For example, in 2011, the HDI score for Italianmales
was 0.894, and the HDI score for Italian females was 0.869;
therefore, the socioeconomic gender inequality for Italy in 2011 was
computed to be 1.03 (0.894/0.869). That HDI M/F ratio was then
assigned to all Italian participants in our data set that were tested
in 2011.

The national socioeconomic gender inequality was scored so that
HDI M/F ratios greater than 1.00 indicate inequality favoring men, a
ratio of 1.00 indicates equality (i.e., women and men having equal
outcomes), and ratios less than 1.00 indicate inequality favoring
women. It is also worth noting that the HDI male-to-female ratios
focus on within-nation inequalities (Marsh et al., 2021). In other
words, rather than comparing the HDI of women from Italy to the
HDI of men from the United States, we are examining the within-
nation gender differences by comparing, for example, the HDI of
men from Italy to the HDI of women from Italy.

Covariates

To better isolate the unique and interactive effects of national
gender disparities and child gender on children’s implicit associations,
we incorporated two covariates that would be likely to have their own
effects on implicit associations: the time period of child-level data
collection and child age. With respect to the time of data collection,
the 16 data sets included in the present study spanned a period ranging
from2006 to 2020. This time periodwasmarked in some respects by a
heightened awareness about shifts in real-world gender roles and
gender inequalities in the workplace (e.g., the #MeToo movement).
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1 We also reestimated our multilevel statistical models using a male–
female HDI difference score (i.e., HDI for males minus HDI for females)
instead of the male-to-female ratio, and found the same substantive results
(i.e., what is and is not significant, as well as the pattern of signs in the
coefficients, remained the same).
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Such heightened awareness has been implicated in a recent finding
using adult participants showing that societal implicit and explicit
gender-liked beliefs about academic disciplines are malleable and
shifting towards neutrality (Charlesworth & Banaji, 2022). This said,
because time periods (years) for our 16 data sets were left-skewed, we
used a median split to create a dichotomous predictor at the data set-
level for data collected before 2014 (n = 8 data sets) versus after
2014 (n = 8 data sets).2 By utilizing this time period predictor in our
models (see below), we can better evaluate the effects of national
gender disparities on math/reading–gender associations independent
of variation in data collection year.
Our 16 data sets also varied in the mean ages of children who

participated (some data sets included very young children, while
others tended to sample older children). In keeping with the two-
level nature of the data, and because child age was collected at the
individual level, we employed two predictors to represent these two
levels of child age: (a) the child’s age relative to their data set’s mean
age (“individual-level relative age”), and (b) the mean child age of
the data sets (“dataset-level aggregate age”). Decomposing lower-
level predictors in a multilevel data structure into orthogonal within-
cluster scores (in this case, mean-centering scores within data sets)
and between-cluster scores (in this case, creating aggregate scores
for each data set) is considered best practice for multilevel analyses
(e.g., Enders & Tofighi, 2007; Hamaker & Muthén, 2020). When
lower-level predictors are not decomposed properly, predictor slope
values can be biased, and further, omission of the cluster aggregate
can lead to omitted variable bias (e.g., Bell & Jones, 2015).
Specifically, in this data report, if an individual child was 6.38 years
old, and the data set they participated in had a mean age of 5.61 years,
then the individual-level relative agewould be 0.77 years (6.38–5.61).
Use of both “individual-level relative age” (in this case, 0.77 years)
and “dataset-level aggregate age” (in this case, 5.61 years) enabled us
to control for both: (a) the average effect of child age on themagnitude
of implicit associations within any given data set, and (b) the average
effect, if any, of the mean data set age on the magnitude of implicit
associations. Controlling for both allowed us to more precisely isolate
national gender disparity effects on implicit associations, as well as to
report on age effects, if any, on implicit associations at both individual
and sample levels.

Analysis Plan

Models

We analyzed implicit and explicit measures for N = 2,756 children
(L1), nested within 16 data sets (L2) from five nations (L3) using three-
level, random intercept multilevel linear regression. Although only five
nations are represented at L3, we include nations as a random effect to
avoid nonindependence errors due to nation membership. When we
estimate models as two-level (ignoring the nation level), the model
results are essentially the same as the three-level model.
Models were estimated in R lme4 (Bates et al., 2015) using full

information maximum likelihood, which estimates model fixed effects
parameters using the variance–covariance matrix for all variables used
in the analysis (and therefore children with some missing data were
included in estimates, see Supplemental Material Section S2.4 for
details and further justification). Coefficient significance tests
employed Satterthwaite degrees of freedom via the R lmerTest
package (Kuznetsova et al., 2017). Focal predictors included gender

(effect coded: 1= girls,−1= boys), national gender gaps in TIMSS-4
math scores (with higher scores favoring boys over girls), and
national socioeconomic gender inequalities in HDIM/F ratio (scores
greater than 1 favoring males over females);3 covariates included
time period of data collection (effect coded: 1 = after 2014, −1 =
before 2014) and child age (both relative mean-centered child age as
well as data set aggregate mean age). In addition to testing predictor
main effects, we tested two-way interactions between child gender
and each of the two national gender disparity predictors to evaluate,
in an exploratory fashion, whether national gender disparity effects
on implicit associations or explicit stereotypes differed for girls and
boys. For ease of results interpretation, all continuous predictors at
both child and data set levels were standardized as z scores. Thus,
our general mixed model for the implicit math/reading–gender
associations was as follows:

Yijk = γ000 + γ010TimePeriodjk + γ100ZChildAgeijk
+ γ020ZChildAgeAggjk + γ200Genderijk
+ γ020ZTIMSSgapjk + γ030ZHDIratiojk
+ γ220ðGender × ZTIMSSgapÞijk
+ γ230ðGender × ZHDIratioÞijk + U00k + U0jk + rijk: (1)

In this model (Equation 1), the ith child score from the jth data set
in the kth nation was modeled as a function of the model intercept
(γ000, the estimated mean association level) plus predictor fixed
effects on association levels (γ010 − γ230), variation in association
levels among nations (U00k), variation in association levels among
data sets within nations (U0jk), and residual variation among children
within data sets (rijk).

Power for Cross-Level Interaction Tests

Given our small nation-level sample size, we evaluated the
minimum detectable effect size (MDES) associated with 80% power
for both our cross-level interaction tests. In so doing, we used the
simr package in R (Green et al., 2023), which generates simulation-
based power estimates for fixed effects tests in multilevel models
across a variety of random effects structures as well as different
types of dependent variable distributions (Brysbaert & Stevens,
2018; Green & MacLeod, 2016). (Code in Mathieu et al., 2012, is
also useful for evaluating power for cross-level interaction tests but
is limited to two-level linear models.) In addition to assessing the
MDES, we simulated post hoc power for our model-based observed
effects. All things being equal, these analyses revealed that our
model of the implicit dependent variable had good power for
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2 We note that when we substituted this dichotomized year of data
collection with a continuous z scored predictor, our analysis models yielded
substantively the same results for the implicit measure, and nearly the same
results for the explicit measure (the HDI effect was slightly reduced). We
kept the dichotomized version in our models to avoid distortion in the
coefficient estimation given the predictor’s left skew.

3 Because these national-level predictors were right-skewed, especially
when disaggregated at the child level, we conducted a robustness check on
results using dichotomized versions of these predictors and found that results
were substantively the same as using continuous versions. For clarity, we
retain the continuous versions of these variables in the forthcoming results.
More details on robustness checks can be found in the Supplemental Material
Section S3.1.
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detecting small cross-level interaction effects, but the model for the
explicit dependent variable had less power, likely due to the
relatively higher variance we observed for that measure, coupled
with lower marginal relations among the interaction factors and that
dependent variable (see descriptive statistics in Table 1). Additional
details about MDES and post hoc power are provided at the end of
the Results section.

Transparency and Openness

In the “Implicit and Explicit Measures,” “National Gender
Disparities Measures,” “Covariates,” “Models,” and “Power for
Cross-Level Interaction Tests” sections, we have reported all
measures in the study and how we determined our sample size and
data exclusions. We also followed the Journal Article Reporting
Standards (Kazak, 2018). All data and analysis code are available on
the Open Science Framework (https://osf.io/ksujx/). Data were
analyzed using R lme4.

Results

Zero-order correlations among variables used in analyses are
provided in Table 1 (see Supplemental Table S1 for descriptive
statistics of each of the 16 data sets).

Implicit Math/Reading–Gender Associations

Model results and effect sizes for implicit math/reading–gender
associations are displayed in the left set of four columns in Table 2 (see
Supplemental Material Section S2.3 for effect size computations). The
intercept was significantly greater than zero, indicating substantial
mean implicit association linking boys with math and girls with
reading, Coeff= 0.099 (SE= 0.009), p< .001, d= 0.25, controlling for
year of data collection, child age, national math gender gap, and
national socioeconomic gender inequality.
Model results for implicit math/reading–gender associations

further showed that children who were relatively older than other
children in their own sample (data set) and children from data sets
that were relatively older (aggregate age) were predicted to have
stronger implicit math/reading–gender associations, p < .001 and
p = .006, respectively, holding all else constant (see Table 2).

Child gender was also predictive of the magnitude of implicit math/
reading–gender associations, p = .001, with girls holding stronger
implicit associations, all else held constant. Further, national math
gender gaps favoring boys in TIMSS–4 scores were uniquely related
to the magnitude of implicit math/reading–gender associations (for
every standard deviation increase in math gender gaps, there was a
predicted increase of 0.027 points [SE = 0.008] in the magnitude of
association, p = .021).

Interestingly, we found significant two-way interactions
among child gender and national math gender gaps favoring
boys, p < .001, and child gender and national socioeconomic
gender inequality favoring men, p = .002. To understand the
nature of these interactions, we separated analytic models for
girls and boys and found that (a) the gender disparity effects on
the magnitude of association were only significant for girls, and
(b) the national math gender gap effect was more than twice as
high as the national socioeconomic gender inequality effect.
Specifically, girls from nations with higher levels of gender gap
favoring boys in TIMSS-4 math scores exhibited a significant
increase in math/reading–gender associations, Coeff = 0.075 (SE
= 0.016), p < .001, d = 0.19 (Figure 1), and a significant increase
in math/reading–gender associations was predicted for girls from
nations with higher levels of socioeconomic gender inequalities
favoring men, Coeff = 0.032 (SE = 0.016), p = .049, d = 0.08
(Figure 2). For boys, there were no significant relations found for
the math gender gap, Coeff = −0.021 (SE = 0.017), p = .211,
d = −0.05 (Figure 1) or socioeconomic gender inequality, Coeff =
−0.010 (SE = 0.017), p = .557, d = −0.02 (Figure 2).

Robustness Checks

Global Gender Gap Index. The Global Gender Gap Index
(GGI) was used as an alternative measure of national socioeconomic
gender inequality to provide a robustness check for the findings
obtainedwith the HDIM/F ratiomeasure (see SupplementalMaterial
Section S1.4 for the description of the GGI measure). Reestimating
the models using the GGI revealed the same substantive model
results as with the HDIM/F ratio (see Supplemental Material Section
S3.2 for full statistical details). This robustness check helped ensure
that the socioeconomic gender disparity effect (and interaction with
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Table 1
Descriptive Statistics and Zero-Order Correlations for Variables Used in Statistical Models

Variable M SD N 1 2 3 4 5 6 7 8

Dependent variables
1. Implicit math/reading–gender association (child level) 0.10 0.409 2,691 —

2. Explicit gender stereotype (child level) 0.07 1.212 2,489 .02 —

Predictors
3. Time period (1 = after 2014, data set level) 0.62 0.485 2,756 −.06 −.06 —

4. Aggregate child age (data set level) 8.10 1.296 2,756 .07 .02 −.32 —

5. Mean-centered child age (child level) 0.00 1.491 2,756 .08 −.01 .00 .00 —

6. TIMSS-4 math boy–girl gap (data set level) 7.40 5.584 2,756 .04 .01 .14 .00 .00 —

7. HDI M/F ratio (data set level) 1.02 0.012 2,756 −.02 −.04 −.26 −.33 .00 −.64 —

8. Gender (1 = girl, child level) 0.51 0.500 2,756 .05 −.03 −.02 .01 −.04 .01 −.01 —

Note. N = 2,756 children from 16 data sets across five nations. For these descriptives, time period (year of data collection) and child gender were
dummy-coded and represent the percentage of child data collected in the later time period (after 2014 = 1, before 2014 = 0) and the percentage of children
who are girls (girls = 1, boys = 0). Pearson’s r reported for disaggregated data; significant correlations at the .05 level are boldfaced. TIMSS- 4 = Trends
in International Math and Science Study, Grade 4; HDI = Human Development Index. M/F ratio = male-to-female HDI ratio.
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child gender) was not solely due to the unique properties of the HDI
M/F measure.
Cross-Validation of Results Using Leave-One-Out

Method. As an additional robustness check on our model results,
we used a leave-one-out cross-validation approach (e.g., Darlington
& Hayes, 2017, pp. 184–185) to ensure results were not due to a

particular data set. Specifically, we omitted one data set at a time and
re-ran the models for each dependent variable with the remaining
data (i.e., we excluded Data set 1, ran the model, then reincluded
Data set 1 and excluded Data set 2 and re-ran the models, then
reincluded Data set 2 and excluded Data set 3 and re-ran the models,
and so forth). Across these analyses, the omission of a given sample
still yielded the same pattern of results, as shown in Table 1.
More specifically, there were: (a) significant, positive main
effects at the child- and sample-levels for age, sample-level
TIMSS–4 math boy–girl gap, and child gender; (b) two-way
interactions between gender and TIMSS–4 boy–girl gap and HDI
M/F ratio on implicit math/reading–gender association, and (c)
significant, negative main effects of the time period and HDI M/F
ratio on explicit stereotypes.4

Age Effect for Implicit Math/Reading–
Gender Associations

Of interest to developmental theories, we also found that the
magnitude of implicit math/reading–gender associations increased
with age: As shown in Figure 3, data sets with comparatively older
children were predicted to have stronger implicit associations
(0.028 points more per standard deviation increase in mean data
set aggregated child age, p = .006; Table 2). Similarly, older
children were predicted to have stronger implicit math/reading–
gender associations (0.034 points more per standard deviation
increase in child age, all else held constant, p < .001; Table 2).
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Table 2
Multilevel Model Fixed Effect Results Predicting Children’s Implicit Associations and Explicit Stereotypes

Fixed effect

Implicit math/reading–gender association Explicit gender stereotype

Coeff SE p d Coeff SE p d

Intercept (mean association/stereotype) 0.099 0.009 <.001 0.25 0.099 0.029 .003 0.08
Time period (1 = after 2014, data set level) −0.015 0.009 .106 −0.04 −0.121 0.034 .003 −0.10
Aggregate child age (data set level; z) 0.028 0.010 .006 0.07 −0.049 0.037 .203 −0.04
Mean-centered child age (child level; z) 0.034 0.008 <.001 0.08 −0.017 0.027 .527 −0.01
TIMSS-4 math boy–girl gap (data set level; z) 0.027 0.012 .021 0.07 −0.039 0.039 .329 −0.03
HDI M/F ratio (data set level; z) 0.011 0.012 .366 0.03 −0.098 0.040 .030 −0.08
Gender (1 = girl, child level) 0.027 0.008 .001 0.07 −0.040 0.024 .105 −0.03
Child Gender × TIMSS-4 Boy–Girl Gap 0.050 0.011 <.001 0.12 −0.027 0.032 .405 −0.02
Child Gender × HDI M/F Ratio 0.030 0.010 .002 0.07 −0.004 0.030 .895 0.00

Note. N = 2,756 children from 16 data sets across five nations. All predictors were standardized into z scores (z) except for the two binary predictors,
Time period and Gender, which were effect-coded (see the Method section). Parameter estimates derived from 3-level random intercept models estimated
with full information maximum likelihood. TIMSS-4 = Trends in International Math and Science Study, Grade 4; HDI = Human Development Index; M/F
ratio = male-to-female HDI ratio.

Figure 1
Children’s Implicit Math/Reading–Gender Associations as a
Function of National Math Gender Gap
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Note. Model-predicted estimates of implicit math/reading–gender asso-
ciations as a function of national math gender gaps and child gender. The y
axis represents model-predicted implicit association (in D scores, see the
Method section); positive D scores indicate stronger associations of math =
boy and reading = girl, negative D scores indicate stronger associations
of math = girl and reading = boy, with 0 indicating an equally strong
association of math with boys and girls. The x axis represents national math
gender gaps (TIMSS-4 boy–girl difference; zero indicates no difference, see
the Method section). Regression lines represent predicted values derived
from model interaction results (shaded regions are 95% CIs), taking into
account the intercorrelations among variables, the nested data structure, and
the differential sizes of the 16 data sets. Points represent aggregate mean
predicted values for each sample by gender. TIMSS-4 = Trends in
International Math and Science Study, Grade 4; CIs = confidence intervals.
See the online article for the color version of this figure.

4 The exceptions were that: (a) there were three samples (from three
different countries) that, when omitted, resulted in a decreased magnitude
(but not positive sign) of the TIMSS main effect on implicit math/reading–
gender association such that the main effect was no longer statistically
significant (but again, the gender interaction with TIMSS was still
significant), and (b) there were two samples (from two different countries)
that, when omitted, resulted in a decreased magnitude (but not negative sign)
of the HDI main effect on explicit stereotype such that the effect was no
longer statistically significant. Again, for all of these exceptions, the pattern
did not change, just the significance levels of these (data set-level) main
effects.
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Explicit Gender Stereotypes About Math and Reading

Model results for the explicit measure showed a statistically
significant explicit gender stereotype about math and reading,
Coeff = 0.099 (SE = 0.029), p < .003, d = 0.08 (see Table 2, the
right set of four columns). In contrast with the results for implicit
associations, however, only two variables uniquely predicted
explicit stereotypes: data collection time period was negatively
related to explicit stereotypes, Coeff = −0.121 (SE = 0.034), p <
.003, d = −0.10, and higher socioeconomic gender inequality
favoring males was negatively related to explicit stereotypes,
Coeff = −0.098 (SE = 0.040), p = .030. For a full discussion of
these effects, see SupplementalMaterial Section S5.3. Age was not a
significant predictor of explicit stereotypes.

Cross-Level Interaction Tests of MDES and
Post Hoc Power

For implicit math/reading–gender association, the MDES for
the Child Gender × TIMSS-4 boy–girl gap interaction was .031 with
79.90% power (95% CI [77.28%, 82.34%]), and the MDES for
the Child Gender × HDI M/F ratio interaction was .027 with
79.90% power (95% CI [77.28%, 82.34%]). As shown in Table 2
and discussed above, our interaction term effect estimates for this
outcome were .050 and .030, respectively (ds = 0.12 and 0.07),

which exceeded the MDES for each test. Using the observed effect
values as true values, our post hoc power was estimated at 99.60%
and 86.50% for each test, respectively.

For the explicit gender stereotype dependent variable, the MDES
for the Child Gender × TIMSS-4 boy–girl gap interaction was
−.089 with 80.80% power (95% CI: 78.22%, 83.20%), and the
MDES for the Child Gender ×HDI M/F ratio interaction was −.079
with 80.80% power (95% CI [78.22%, 83.20%]). As shown in
Table 2, our interaction term effect estimates for this outcome were
−.027 and −.004, respectively (i.e., smaller in magnitude than the
MDESs). Using the observed effect values as true values, our post
hoc power was estimated at 14.50% and 5.30% for each test,
respectively. As always, increasing the number of data sets
and/or size of each data set would improve power, but we note
that the interaction effects we observed for this outcome were
extremely close to zero (ds = −0.02 and 0.00).

Discussion

The large-scale (N = 2,756) multinational study reported here
used child-level data to investigate potential societal sources of
children’s implicit associations linking boys with math and girls
with reading. The findings inform our understanding of differential
patterns of such implicit associations for girls and boys during
childhood in three ways. First, girls’ implicit associations of boys
with math and girls with reading were significantly predicted by
national boy advantages in TIMSS-4 math scores and national male
advantages in socioeconomic standing (HDI) among adults. Second,
these relations were obtained for implicit but not explicit measures
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Figure 2
Children’s Implicit Math/Reading–Gender Associations as a
Function of National Socioeconomic Gender Inequality
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Note. Model-predicted estimates of implicit math/reading–gender asso-
ciations as a function of national socioeconomic gender inequality and
child gender. The y axis represents model-predicted implicit association (in
D scores); positive D scores indicate stronger associations of math = boy
and reading = girl, negative D scores indicate stronger associations of
math= girl and reading= boy, with 0 indicating an equally strong association
of math with boys and girls. The x axis represents national socioeconomic
gender inequality (HDI M/F ratio; 1 indicates no difference, see the Method
section). Regression lines represent predicted values derived from model
interaction results (shaded regions are 95% CIs), taking into account
the intercorrelations among variables, the nested data structure, and the
differential sizes of the 16 data sets. Points represent aggregate mean predicted
values for each sample by gender. HDI = Human Development Index;
M/F ratio = male-to-female HDI ratio; CIs = confidence intervals. See the
online article for the color version of this figure.

Figure 3
Children’s Implicit Math/Reading–Gender Associations as a
Function of Data Set Aggregate Mean Age

Aggregate Mean Child Age (Years)
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Note. Model-predicted estimates of implicit math/reading–gender associa-
tions as a function of data set-level aggregate age (see the Method section).
The y axis represents model-predicted implicit association (in D scores);
positiveD scores indicate stronger associations ofmath= boy and reading =
girl, negative D scores indicate stronger associations of math = girl and
reading = boy, with 0 indicating an equally strong association of math with
boys and girls. The x axis represents the mean ages of the data sets used in
analyses. The regression line represents predicted values derived frommodel
results (shaded regions are 95% CIs), taking into account the intercorrela-
tions among variables, the nested data structure, and the differential sizes of
the 16 data sets. Points represent aggregate mean predicted values for each
sample. CIs = confidence intervals.
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of children’s beliefs linking gender and academic subjects. Third,
the implicit associations became stronger as a function of children’s
age. These results were robust across several indices of national
gender disparity. Below, we discuss each of these findings and also
highlight that children’s implicit associations and national gender
disparities may bidirectionally reinforce one another over the course
of development.

Connecting Societal Disparities and Implicit Associations
in Girls

Why did observed national gender disparities relate to implicit
associations of girls? Or framed more statistically: Why were the
slopes in Figures 1 and 2 significantly positive for girls and relatively
flat for boys? One possibility is that the societal stereotypes imputing
low math ability or interest to girls and women may be especially
salient to young girls due to “negativity biases.” Psychological
evidence suggests that people rapidly allocate attention to stimuli
with negative emotional content, especially to negative information
about the self (Baumeister et al., 2001; Soroka et al., 2019; Yiend,
2010). Such “negativity biases” have been found starting very early
in childhood (Lagattuta & Kramer, 2017; Repacholi et al., 2016;
Vaish et al., 2008). In many countries (including the ones tapped in
this study), women and girls are negatively stereotyped for STEM
disciplines (Cheryan & Markus, 2020; Cvencek et al., 2014; Leslie
et al., 2015; Master et al., 2017; Nosek et al., 2009; Zhao et al.,
2022).When these pernicious stereotypes (e.g., “girls are not good at
math” or “women are less interested than men in math/engineering”)
are prevalent in society and carried in the media, girls are confronted
with a negative quality about their in-group. Based on the
“negativity bias,” girls may be particularly likely to perceive and
attend to this negative information about their gender in relation to
math (even if not veridical). Research and theory suggest that such a
pattern of information in the environment could influence the
development of implicit associations (Greenwald & Lai, 2020;
Meltzoff & Cvencek, 2019;Morehouse&Banaji, 2024; Payne et al.,
2019). We acknowledge the speculative nature of this theorizing and
encourage further research on this topic.

Implicit Gender-Linked Associations About
Academic Subjects Develop Gradually

Using an adult sample, Nosek et al. (2009) showed that national
indices of (a) gender diversity in the scientific workforce (e.g.,
interest, participation, and presence in positions of leadership) more
broadly, and (b) gender inequality in STEM achievement more
specifically, are related to implicit associations measured by the IAT,
but not to explicit stereotypes. Our results align with these effects
from adults insofar as national gender disparities were related more
strongly to children’s IAT scores than to their explicit stereotypes.
We endorse the idea that implicit associations are built up through
distributed learning experience starting in early childhood and
involve deeply entrenched, “automatic” mental links (Baron &
Banaji, 2006; Cvencek et al., 2011, 2023). This idea invites further
replication and expanded research, but we think it fits in with extant
work showing that children’s valanced and nonvalanced associations
about math and reading are evident at younger ages with implicit than
explicit self-report measures (Cvencek, Brečić, et al., 2021).

The present investigation also offered a unique opportunity to
examine finer age trends that may not have been detected in earlier
individual studies with smaller sample sizes. Our current results
pertaining to age effects are highly powered and allowed us to
uncover an age-related increase in children’s implicit associations
between gender and academic subjects (Figure 3). This suggests
that children’s implicit associations with social groups continue
to increase as children approach adolescence (within the ages
tested here) and are malleable over a protracted time period (see
also Baron, 2015; Halim et al., 2011; Master et al., 2021, for more
discussion about developmental patterns in children’s stereotypes).

Children Pay Attention to Societal Disparities

Children’s acquisition of social knowledge is shaped by the
explicit verbal messages from caregivers (Wang et al., 2022).
Importantly, however, children also build social knowledge simply
through observations of patterns in the social world. Research on
social learning demonstrates that young children are intrinsically
motivated to attend to and internalize the behavior they see modeled
by others (Meltzoff, 2013; Meltzoff & Marshall, 2018; Miller et al.,
2018). In particular, young children acquire beliefs, norms, values,
and attitudes merely from observing the social interactions and
disparities in the surrounding environment (Barragan & Meltzoff,
2021; Eccles & Wigfield, 2020; Martin & Ruble, 2010; Meltzoff &
Gilliam, 2024; Skinner et al., 2020).

Although children have this capacity to learn from abstract
patterns embodied in the social world, not all environmental cues are
equally perceptible or impactful for the observer. For example,
children may pay more attention to gender disparities in their
immediate environment than they do to other, more distal societal
disparities. That is to say, the socioeconomic standing of women in
society may be salient to the adults in that society but not as salient
to young children. For children, gender disparities in their school-
related environment may be especially salient, and in the next two
subsections, we explore how context, availability, and immediacy
matter for children.

Multiple Measures of Academic Achievement

There are multiple ways of measuring children’s academic
achievement, and this raises interesting issues. Internationally, girls
receive higher grades than boys do in all major subjects (Stoet &
Geary, 2013; Voyer & Voyer, 2014). In contrast, boys outperform
girls on standardized achievement tests and international competi-
tions in math (e.g., Else-Quest et al., 2010; Hyde et al., 1990; but see
Lindberg et al., 2010). This boy advantage on standardized tests is
evident on both international (e.g., TIMSS, Programme for
International Student Assessment) and national (e.g., national
public exams) assessments (Cantley & McAllister, 2021). Why
might children tend to form their associations about gender and
academic subjects based on standardized scores rather than school
grades?

We believe that scores on international assessment of math
achievement are an especially salient source of associations about
gender and academic subjects for children for at least four reasons.
First, countries’ TIMSS rankings are often covered by national
media, and this is true for both high-achieving (e.g., Singapore;
Ng, 2020) as well as low-achieving countries (e.g., Chile;
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Salgado, 2020). Because of this media coverage, the country’s
scores may become a topic of everyday conversations, both inside
families and inside classrooms. Second, for high-achieving
countries, obtaining high TIMSS scores has become a matter
of national pride (e.g., Croatia Week, 2020). Students in those
countries work hard to prepare for standardized assessments and
spend a great deal of time practicing tasks similar to the
ones encountered in the actual TIMSS assessment (Holliday &
Holliday, 2003). Third, the nation’s results on standardized
international assessments are often prominently discussed and
used by policymakers and educators across nations in assessing
their respective nation’s comparative standing and developing
new curricula for children (Mullis et al., 2016, 2020). Fourth,
research has shown that raising the performance stakes can
contribute to gender differences in mathematics performance by
incentivizing math performance for boys and threatening the math
performance of girls (e.g., Lyons et al., 2022). Taken altogether, it
is conceivable that, at some level, assessments such as TIMSS
may be construed by children as being a “higher stakes” (or a more
objective) measure of underlying ability than everyday school
grades.

Some Societal Disparities May Be More Evident to
Children Than Others

We also found that the national gender gaps in TIMSS scores were
linked to girls’ implicit associations about gender and academic
subjects more strongly than were the national socioeconomic gender
inequalities (by comparing Figures 1 and 2, we see that the relation
between the national math gender gap and girls’ implicit associations
was twice as strong as the relation between the national socio-
economic gender inequality and girls’ implicit associations). At least
two speculations can be offered for these patterns.
First, for cultures/environments in which there are larger gender

disparities between the representation of men and women in math-
intensive fields, it has been theorized that girls do not readily see math
achievement as opening up future opportunities (Baker & Jones, 1993;
Eccles, 2011). Girls in this situation may perceive math to be less
personally useful than boys do (Else-Quest et al., 2010). Thus, for girls,
gender-linked differences in math achievement may be a reminder of
limitations on the future opportunities within their society, and this is
one reason why girls may implicitly believe that math (relative to
reading) is more for boys than for them. A second (nonmutually
exclusive) possibility is that the socioeconomic differences between
men and women are not readily apparent to children (e.g., household
finances within the family may be intermixed or combined across the
spouses). Both of these possibilities may contribute to why the effects
of the national-level disparities in HDI were weaker than the national-
level disparities on TIMSS, but these are only two of several possible
alternatives, and more research is needed.

Theorizing About Societal Gender Disparities and
Children’s Implicit Associations: Correlation Versus
Causation

Given the correlational nature of the present investigation, we
cannot draw conclusions about causal mechanisms. At the same time,
the overall pattern of results permits us to offer some ideas which
should be empirically tested in the future. We note that national

socioeconomic gender inequalities and national math gender gaps are
already present in society before any individual child develops his or
her own implicit associations about gender and school subjects. Thus,
we believe that an individual girl’s associations are influenced by
the prevailing math gender gaps in her culture, although we also
underscore that the relation is likely to be bidirectional in interesting
ways. Girls who are reared in cultures with large national math
gender gaps favoring boys may acquire implicit associations about
gender and math at an early age, and this may, in turn, contribute
to gender differences in interests, performance, and participation in
math (which further reinforces the associations; Galdi et al., 2014).
Other societal-level factors such as differential treatment of the
genders by parents and teachers (Eccles, 2011), andmore specifically,
female teachers’ math anxiety (which especially influences young
girls; Beilock et al., 2010; Dowker et al., 2016; Gunderson et al.,
2012; Levine & Pantoja, 2021) may also come into play. In sum,
already existing gender disparities in societymay drive the emergence
of implicit associations in children, which in turn, as children grow up,
feed into maintaining the existing disparities, such that gender
disparities and implicit associations about gender and academic
subjects reinforce one another over time. Such bidirectional and
mutually reinforcing mechanisms could lead some societies to have
and maintain larger gender disparities in standardized math
achievement than others. This would also be consistent with our
finding that implicit associations were stronger in older children,
suggesting that longer, more repeated exposures to societal disparities,
with attendant “over-learning,” may engender stronger implicit
associations.

Limitations and Future Research

This study had several strengths, including: (a) a large sample of
children, (b) the use of both implicit and explicit measures in the
same children, and (c) well-validated measures of national gender
disparities. Despite these strengths, we acknowledge four limitations.

First, because we only had data from 16 data sets (from five
nations), our power to detect the main effects of our focal national
variables and child-level implicit associations was less than optimal.
However, post hoc power analyses (see the Results section) showed
that the cross-level interaction tests were well-powered for the
model of the implicit dependent variable and, to a lesser extent, the
explicit dependent variable as well. As such, we were able to detect
theorized significant relations between national gender disparities
and children’s implicit associations. The cross-validation robustness
checks suggest, however, that some of the effects were dependent on
specific individual samples. Future research should examine the
robustness of the findings reported here by replicating the study with
more nations.

Second, because the data sets were previously collected as
convenience samples, we have no way of knowing whether the
implicit association data we analyzed are representative of their
nation or if the data happen to come from families who are relatively
more or less educated or in some other way different from each
nation’s sociodemographic composition. (Even if the child samples
used in the present study are not completely representative of their
nations, it is worth noting that the same theorized relations between
national disparities and individual children’s associations were
found, on average, within each nation.)
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Third, without having assessed national gender gaps in reading
achievement, it is difficult to know for surewhether the implicit gender-
linked associations are uniquely associated with math achievement
differences. Given the relative nature of the IAT, the implicit
associations linking boys with math could also reflect the associations
linking girls with reading or both associations simultaneously. Future
research combining IAT measures with other implicit measures (e.g.,
the Affective Misattribution Procedure; Vuletich et al., 2020) would
enable us to better examine the joint and individual operation of both
sides of the association.
Fourth, many of the effect sizes of relations demonstrated here

were relatively modest. Nonetheless, understanding these national
relations during childhood is of importance because even statistically
small effects can have large impacts when they involve meaningful
situations that happen repeatedly over time to large numbers of
children, such as the framing of certain academic activities as being
for one gender and not the other (Martin &Ruble, 2010;Master et al.,
2021). Research with implicit cognition has shown that stereotypic
or biased events affecting the same person repeatedly, across time
and space (“distributed learning”), can have especially strong and
meaningful cumulative effects (e.g., Greenwald et al., 2015).

Conclusion

Children link gender to academic subjects as early as elementary
school, but the sources of these early associations are understudied.
In this article, we found that national patterns of gender disparities in
society are related to implicit associations between gender and
academic subjects for girls more strongly than for boys. The current
work expands our understanding of societal-level contributions to
children’s implicit associations between gender, math, and reading,
and it provides a more detailed analysis of age effects (stronger
implicit associations in older children) than has been available in
previous studies involving fewer participants.
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1. Datasets 
1.1. Datasets for Implicit Association Measures. Descriptive statistics of each of the 16 datasets 
used in analyses are described in Table S1.  
 
Table S1 
Descriptive Statistics of Analytic Sample Dataset Characteristics 

Dataset 

Year of 
implicit 

data 
collection N Age 

 

Child IAT D-
score 

 National 
standardized 

math test 
gender gap 
(TIMSS–4) 

 
National 

socioeconomic 
gender 

inequality 
   M (SE)  M (SE)  M (SE)  HDI GGI 

Chile             
del Río et al. (2019) 2016 179 5.61 (0.03)  0.04 (0.03)  1 (3.2)  1.04 .30 
del Río et al. (2021) 2018 363 7.30 (0.06)  0.07 (0.02)  1 (3.2)  1.04 .28 

Croatia             
Cvencek et al. (2018) 2018 96 7.12 (0.12)  0.04 (0.04)  12 (2.7)  1.01 .29 
Cvencek et al. (2020) 2020 335 8.39 (0.07)  0.10 (0.02)  12 (3.1)  1.01 .28 

Italy             
Galdi et al. (2014) 2011 80 6.00 (0.00)  0.07 (0.05)  9 (3.0)  1.03 .32 
Galdi et al. (2017) 2012 43 6.65 (0.06)  0.15 (0.09)  9 (3.0)  1.03 .33 
Mariani (2012) 2010 14 6.66 (0.07)  0.31 (0.22)  15 (2.5)  1.03 .32 
Passolunghi et al. (2014) 2012 241 10.22 (0.14)  0.19 (0.03)  9 (3.0)  1.03 .33 
Tomasetto et al. (2012) 2010 153 6.71 (0.02)  0.12 (0.05)  15 (2.5)  1.03 .32 

Singapore             
Cvencek et al. (2014) 2011 147 9.57 (0.13)  0.10 (0.03)  -4 (3.0)  1.03 .31 
Cvencek et al. (2015) 2013 120 9.38 (0.16)  0.05 (0.03)  -4 (3.0)  1.03 .30 

United States             
Cvencek & Meltzoff (2018) 2018 32 7.33 (0.30)  0.08 (0.06)  7 (1.9)  1.01 .28 
Cvencek & Meltzoff (2019a) 2019 293 7.82 (0.07)  0.09 (0.02)  11 (2.9)  1.01 .28 
Cvencek & Meltzoff (2019b) 2019 125 7.19 (0.08)  0.07 (0.04)  11 (2.9)  1.01 .28 
Cvencek & Meltzoff (2019c) 2019 292 9.52 (0.15)  0.13 (0.03)  11 (2.9)  1.01 .28 
Cvencek et al. (2011) 2006 243 8.65 (0.09)  0.16 (0.02)  8 (1.6)  1.01 .30 

Note. Child IAT D-score = Implicit math/reading–gender association strength. TIMSS–4 = Trends in International 
Math and Science Study, Grade 4. HDI = Human Development Index male-to-female ratio. GGI = Global Gender 
Gap Index. Positive values for national math gender gap (TIMSS Grade 4 boy–girl differences) indicate that boys 
scored higher than girls. Larger values for national socioeconomic gender inequality (HDI, GGI) indicate larger 
male advantage in socioeconomic development over females. 
 
1.2. Sources for National Math Gender Gap Data. National data for math achievement gender 
gaps were obtained from the Trends in International Math and Science Study (TIMSS) report 
published for each cycle of the test (Mullis et al., 2004, 2008, 2012, 2016, 2020). All reports 
were accessed on April 23, 2020. As described in the main text, we identified TIMSS data from 
the same year as each dataset’s math/reading–gender association data collection. If TIMSS data 
were unavailable for the exact year of the child-level implicit/explicit data collection, the closest 
year prior was substituted (all national data used was collected within three years of each 
dataset’s child-level data collection year). For example, this meant that for IAT data collected in 
2020, TIMSS data published in 2020 were used, and for IAT data collected in 2018, TIMSS data 
published in 2016 were used, and so forth.   
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1.3. Sources for National Socioeconomic Gender Inequality Data Reported in the Main Text. 
U.N. Human Development Index (HDI) data used for the national socioeconomic gender 
inequality were obtained from the UNDP Download Center on May 4, 2021 (UNDP, 2020). 
 
1.4. Using Global Gender Gap Index Data as a Robustness Check (See Section 3.2 for results). 
The Global Gender Gap Index (GGI) was also used (in place of the HDI M/F ratio) in alternative 
analyses to test the robustness of our findings on national socioeconomic gender inequality reported 
in the main text (see Section 3.2 below). GGI scores were integrated into the analyzed datasets 
matched by the year of math/reading–gender association data collection. The World Economic 
Forum computes the national GGI scores annually as an average of female-to-male ratios on four 
sub-indexes: (a) economic participation and opportunity (labor force participation rate, wage 
equality, estimated earned income, legislators and senior officials/managers, and professional and 
technical workers), (b) educational attainment (literacy rate and enrollment in primary, secondary, 
and tertiary education), (c) health and survival (sex ratio at birth and healthy life expectancy), and 
(d) political empowerment (women in parliament, women in ministerial positions, and years with 
female head of state). GGI data were obtained from the World Economic Forum’s Global Gender 
Gap Reports on March 31, 2023 (World Economic Forum, 2006, 2010, 2011, 2012, 2013, 2016, 
2018, 2019). Data were linked to IAT data using the same principle described for TIMSS data 
above.  
As computed by the World Economic Forum, the GGI can be interpreted as a percentage of the 
gender gaps that have closed within a given country. In other words, higher GGI scores indicate 
greater gender parity (i.e., smaller gender gap, or women = men). For our analyses to be 
directionally consistent with the HDI M/F ratio, we recoded the national GGI scores. For example, 
the original GGI score for Italy in 2011 was 0.68, indicating that the gender gap was 68% closed; we 
recoded that GGI score to be 0.32 (1.0 – 0.68). All GGI scores in our analyses were recoded in this 
fashion, so that higher scores indicated greater gender non-parity (i.e., larger gender gap of men > 
women). Therefore, the GGI used in all of our analyses ranged from 0 (indicating gender parity) to 1 
(indicating non-parity favoring men over women). That way, the HDI and GGI scores were coded in 
the same direction. 
 
2. Multilevel Modeling  
2.1. Predictor Coding. For ease of results interpretation (particularly so that the intercept could 
be interpreted as the mean association strength across the dataset), we effect-coded both binary 
predictors (1, -1), and standardized remaining predictors as z-scores prior to analysis. Similarly, 
the 2-way interactions were created using the product of the effect-coded gender variable 
(female = 1) and the standardized versions of the gender gap predictors. 
 
2.2. Software. For all models, we used maximum likelihood estimates from the lme4 (Bates et 
al., 2015) and lmerTest (Kuznetsova et al., 2017) packages in R. 
 
2.3. Effect Sizes. The interpretation of the approximate d-values for coefficient estimates in our 
results is as follows. (a) For the intercept, d is the model-predicted number of standard 
deviations the grand mean of the dependent variable (DV) is from zero. This is meaningful in the 
case of modeling implicit association measures because it provides a way to quantify the 
magnitude of the association. (b) For the slope of a binary predictor that is effect-coded (as was 
the case in the present study for time of data collection and gender), d is the predicted difference 
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between the group coded as 1 and the grand mean of the DV in standard deviations, holding all 
else constant (the coefficient is doubled to obtain the difference between two groups). (c) For the 
slope of a predictor that is continuous, d is the predicted change in the DV per standard deviation 
increase in the predictor, all other things held constant. (d) For the 2-way gender interactions 
tested in the present study, d is the difference between the predictor–DV relation for the group 
coded 1 (girls) and the predictor–DV relation (in standard deviations), again holding all else 
constant; yet, with this noted, we also note that because the meaning of interactions can be 
difficult to conceptualize, we have also visualized them as part of our reporting of results (see 
Figures 1 and 2 in the main text, as well as Figure S1 in Section 5.2 below). 
 
2.4. Missingness. A very small proportion of the original sample of N = 2,925 was missing 
predictor information on age (5.2%) or gender (0.6%) variables. We excluded these children 
from analyses on the assumption that data were missing at random, because there was no 
information in any of the studies we drew from indicating that missingness could be related to 
children’s actual ages or genders. Further, our own preliminary tests showed that missingness 
levels were not significantly correlated with either dependent variable (rs = -.01 and .00 for 
missingness on gender with implicit and explicit measures, respectively; rs = -.01 and -.03 for 
missingness on age with implicit and explicit measures, respectively). Thus, excluding these 
children from analyses should have no biasing impact on model results’ point estimates. Further, 
given the small proportion of missingness and the large sample size at Level 1, excluding these 
children from analyses should also have no biasing impact on model results precision. 
 
3. Multiple Robustness Checks  
In addition to the robustness checks reported in the main text, we conducted further robustness 
checks on our model results testing the effects of the gender disparity predictors. These are listed 
in the Sections 3.1 to 3.3. 
 
3.1. Controlling for TIMSS and HDI M/F Ratio Means. We evaluated the stability of the 
gender disparity effects (on implicit associations and explicit stereotypes) after controlling for 
mean levels of national achievement and socioeconomic indices. To that end, we re-specified the 
same models shown in the main text, but with mean dataset TIMSS–4 math scores and mean 
dataset HDI levels included in the models (standardized into z-scores). Findings from these 
models showed that the main effect of TIMSS–4 math gender gaps on implicit association 
strength was no longer significant (but same positive pattern with the dependent variable 
remained); however, the focal interaction effects between gender and the TIMSS–4 math gender 
gap and the interaction between gender and the HDI M/F ratio remained significant and in the 
same direction. Similar model results were found for the explicit stereotype: HDI M/F ratio still 
uniquely negatively predicted explicit stereotype (and as in the original model results, there were 
no gender interactions with TIMSS–4 math gender gap or HDI M/F ratio). For clarity and focus, 
and because mean TIMSS–4 math scores and mean HDI scores were strongly related to the mean 
gender disparity variables (i.e., inducing multicollinearity), we present the simpler model results 
in the main text. 
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3.2. Interchanging Global Gender Gap Index (GGI) for HDI M/F Ratio as Socioeconomic 
Indicator. To ensure that the socioeconomic gender disparity effect (and interaction with child 
gender) was not solely due to the unique properties of the HDI M/F measure, we re-specified our 
models with GGI as the socioeconomic disparity predictor (standardized into z-scores) instead of 
the HDI M/F predictor. Those results are provided in Table S2 and show that there is no change 
to the pattern of findings. We retain the HDI M/F ratio as our predictor in the main text for 
consistency with prior research. 
 
Table S2 
Robustness Check: Multilevel Model Fixed Effect Results With GGI as Socioeconomic Gender 
Disparity Predictor 

Fixed effect 
Implicit math/reading–gender 

association  Explicit gender stereotype 
 Coeff (SE) p d  Coeff (SE) p d 

Intercept (mean association/stereotype) 0.100 (0.009) <.001 0.25  0.091 (0.026) <.001 0.08 
Time period (1 = after 2014, dataset level) -0.010 (0.017) .553 -0.03  -0.248 (0.052) <.001 -0.21 
Aggregate child age (dataset level) (z) 0.025 (0.009) .007 0.06  -0.046 (0.031) .136 -0.04 
Mean-centered child age (child level) (z) 0.034 (0.008) <.001 0.08  -0.017 (0.027) .524 -0.01 
TIMSS-4 math boy–girl gap (dataset level) (z) 0.019 (0.009) .026 0.05  0.038 (0.026) .139 0.03 
GGI ratio (dataset level) (z) 0.010 (0.017) .569 0.02  -0.189 (0.052) <.001 -0.16 
Gender (1 = girl, child level) 0.032 (0.008) <.001 0.08  -0.044 (0.025) .079 -0.04 

Child gender × TIMSS–4 boy–girl gap 0.031 (0.008) <.001 0.08  -0.025 (0.025) .325 -0.02 
Child gender × GGI ratio 0.031 (0.009) <.001 0.08  -0.021 (0.027) .434 -0.02 

Note. N = 2,756 children from 16 datasets across five nations. TIMSS–4 = Trends in International Math and Science 
Study, Grade 4. GGI = Global Gender Gap Index. All predictors standardized into z-scores (z) except for the two 
binary predictors, Time period and Gender, which were effect-coded (see Method in the main text). Parameter 
estimates derived from 3-level random intercept models estimated with full information maximum likelihood using 
lme4 in R. Effect size d = approximate Cohen’s d, computed as the coefficient divided by the pooled SD, with the 
pooled SD = square root of the sum of the variance components. Observed p-values reported; significant coefficients 
at the .05 level are boldfaced. 
 
3.3. Interchanging Continuous With Dichotomized Dataset-Level National Disparity 
Predictors. Although there was no significant skew in TIMSS–4 math gender gap and HDI M/F 
ratio at the dataset level (Level 2), at the child level (Level 1) significant skew was present in each 
(ps < .001). Because skew remained present in both predictors after typical data transformations 
(i.e., logged values, inverse of values, square root of values), as another check on the robustness 
of our results, we re-specified models using dichotomized versions of both the TIMSS–4 math 
gender gap and HDI M/F ratio predictors. Results for the implicit associations were substantively 
the same, with the exception that the main effect of TIMSS–4 math gender gap on implicit 
association levels was no longer significant (but the same positive relation was found); however, 
the interaction effects between gender and the TIMSS–4 math gender gap and the interaction 
between gender and the HDI M/F ratio remained significant and in the same direction. Similar 
model results were found for the explicit stereotype: With dichotomized versions of the TIMSS–4 
gender gap and HDI M/F ratio predictors, HDI M/F ratio was still uniquely negatively predictive 
of explicit stereotype (and, like the original model results, there were no gender interactions with 
TIMSS–4 math gender gap or HDI M/F ratio). 
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4. Statistical Significance of National Gender Disparities  
To assess whether there were significant national gender disparities in the current study’s pool of 
16 datasets, we used OLS multiple linear regression to estimate the significance of the intercept 
for each of the two gender disparity variables, controlling for nation membership using effect 
coding (n = 5 nations; the U.S. was used as the reference category as it had the largest 
representation in the dataset). Specifically, the intercept, adjusted for nation membership, 
indicated that the national boy–girl gap in math (i.e., TIMSS–4) averaged 6.00 points (SE = 
0.64), which was significantly different from zero (i.e., different from a null of no boy–girl gap), 
t(11) = 9.45, p < .001, d = 2.60. Similarly, the difference in HDI M/F ratio had an adjusted 
average of 1.02 (SE = 0.0003), which was also significantly different from perfect equality of 
1.00, t(11) = 71.95, p < .001, d = 19.83. These analyses establish that, for the 16 datasets 
included here, there were statistically significant national gender disparities favoring boys in 
math achievement and men in socioeconomic standing. 
 
5. Explicit Stereotype 
5.1. Explicit Stereotype Measures Used Specifically With Italian Datasets. As noted in the main 
text, the Italian datasets used slight variations of the explicit stereotype measure than were used 
with the other datasets. Across the five Italian datasets, the response options varied somewhat, as 
did the scoring procedure (see below). In some of their work, the authors performed a designed 
intervention. For any studies involving an experimental manipulation to influence stereotypes 
(e.g., stereotype activation), the authors specifically provided us with the data only for 
participants in the control condition (i.e., participants who did not undergo the manipulation). 
In four Italian datasets (Galdi et al., 2014, 2017; Mariani, 2012; Tomasetto et al., 2012), children 
were shown a picture of a girl and a boy described as “good at school” and asked which child 
they thought was better at math (and separately, language), or if they were equally good. The 
scores on the math item and the language item were combined to arrive at the explicit stereotype 
score, which ranged from -2, indicating that girls are better at math than boys, to +2, indicating 
that boys are better at math than girls. A score of 0 indicated a belief that girls and boys are 
equally good at math and reading. In the fifth Italian dataset (Passolunghi et al., 2014), three 
items with a 5-point Likert response scale were used to assess the endorsement of gender 
stereotypes about math (e.g., “In your opinion, who is better at math between girls and boys?”). 
Explicit stereotype scores were computed so they ranged from -2, indicating that girls are better 
at math than boys, to +2, indicating that boys are better at math than girls. A score of 0 indicated 
a belief that girls and boys are equally good at math.  
 
5.2. Explicit Stereotype Results. As reported in the main text, there was a statistically significant 
explicit gender stereotype favoring boys when it came to math relative to reading, p < .003, d = 
0.08. In contrast with the results for implicit associations, only two variables uniquely predicted 
explicit stereotypes. First, as shown in Table 2 of the main text, data collection time period was 
negatively predictive of the explicit stereotype level, p = .003: datasets collected more recently 
(2014–2020) were predicted to be 0.121 lower in stereotype levels compared to average (in other 
words, 0.242 points per year lower than datasets collected between 2006–2013) suggesting a 
notable decrease in gender stereotypes over time when assessed using explicit self-report 
measures (see below for further discussion). Second, although math gender gaps (TIMSS–4) 
were not predictive of explicit stereotypes (see Figure S1, Panel A), higher national 
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socioeconomic gender inequality (HDI M/F ratio) was negatively related to explicit stereotype 
level, p = .030 (Figure S1, Panel B). For every standard deviation increase in HDI M/F ratio, 
there was a predicted decrease of 0.098 points in explicit stereotype levels. (These results are 
interpreted in Section 5.3 in the context of a well-known “gender-equality paradox.”) As noted 
above (see Section 3.1), when we controlled for mean levels of TIMSS and HDI M/F ratio, the 
effect of socioeconomic gender inequality favoring men on stereotype persisted. (For 
completeness, Figure S1, Panel C provides plots the relation between explicit stereotype and age, 
which was not statistically significant.)  
 
Figure S1 

Children’s Explicit Stereotypes as a Function of National and Dataset Means 

 
Note. Model-predicted estimates of explicit stereotypes as a function of: (A) national math gender gaps and child 
gender, (B) national socioeconomic gender inequalities and child gender, and (C) dataset-level aggregate age. In all 
panels, the y-axis represents model predicted explicit stereotype (see above and Method in main text); positive 
scores indicate stronger stereotypes favoring boys, and negative scores indicate stronger stereotypes favoring girls, 
with 0 indicating the absence of stereotype favoring one gender over another. In Panel A, the x-axis represents 
national math gender gap (TIMSS–4 boy–girl difference; 0 indicates no difference, see Method in main text); in 
Panel B, the x-axis represents national socioeconomic gender inequality (HDI M/F ratio; 1 indicates no difference, 
see Method in main text); in Panel C, the x-axis represents the mean child ages of the datasets. Regression lines 
represent predicted values derived from model results, taking into account the intercorrelations among variables, the 
nested data structure, and the differential sizes of the 16 datasets. Shaded regions indicate 95% CIs for each line’s 
slope, and points represent aggregate predicted values for each dataset. 

5.3. Explicit Stereotype Supplemental Discussion. Two results with explicit measures warrant 
further discussion, which is provided in the following two sub-sections.  

5.3.1. Differences in Explicit Stereotypes. In the current study, explicit gender stereotypes 
favored boys, although with a small effect size. This result should be considered alongside results 
in a child dataset collected more recently and reported in Tang et al. (2024), who found that 
explicit stereotypes about math ability and math interest significantly favored girls. This raises the 
idea that children’s explicit gender stereotypes about math are malleable and may be shifting over 
historical time. Datasets gathered between 2006 and 2014—as used in the current study—may 
reflect explicit stereotypes favoring boys because this was a pervasive societal stereotype at that 
time in history (and in the contexts studied), whereas the newer data collected by Tang et al. 
(2024) may be capturing a genuine (and more recent) change in children’s stereotypes in the 
United States. For completeness, we also note that there are two technical differences between the 
current study and Tang et al.’s that may also be useful to bear in mind: (a) the cross-cultural nature 
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of our study in contrast to the exclusively United States sample used by Tang et al. (2024), and (b) 
procedural differences (e.g., we used the Harter and Pike picture set to present the stereotype 
problems and Tang et al. asked a purely verbal questions).  

5.3.2. Gender-Equality Paradox. A second result warranting discussion is that higher 
national socioeconomic gender inequality predicted a lower magnitude of explicit stereotypes for 
both boys and girls. This fits with the “gender-equality paradox” (Breda et al., 2020) whereby 
gender gaps in math achievement and occupational interests in math-intensive fields are stronger in 
more developed and more egalitarian societies when explicit measures are used. The most 
comprehensive work on this gender-equality paradox was reported by Breda et al. (2020), using 
individual-level data on the explicit math attitudes of 15-year-old students. They found that the 
magnitude of the stereotype linking math with men was positively associated with national indices 
of socioeconomic gender equality (including the Gross Domestic Product and the overall Human 
Development Index). 

In the published literature, three explanations have been offered for this paradox (which 
arises with explicit measures). First, students in more developed nations may not need to study as 
hard to have satisfactory career prospects in math-related fields (which will undergird their 
material security), thus affording less instrumental value to math in more developed societies 
(Breda et al., 2020; Goldman & Penner, 2016). Second, high-income parents may be more 
involved with their children’s educational choices (Williams & Best, 1990), which has been 
offered as an explanation for why parents in more developed nations may transmit gender norms 
regarding educational aptitudes and choices—including gender stereotypes about math—earlier 
than parents from economically less developed nations (Reardon et al., 2019). Finally, with regards 
to STEM in particular, more developed societies also tend to have more difficult math and science 
curricula and higher performance standards in those fields, both of which may heighten gender 
stereotypes about STEM (Breda et al., 2020; Mann & DiPrete, 2016). There is not a settled opinion 
on the reasons for the gender equality paradox, and more research is needed. 

 
6. Graphic Illustrations Using Raw Data 
The figures in the main text all present model-predicted estimates of implicit math/reading–
gender associations, which we believe is the most appropriate statistical representation of the 
data because it takes all dependencies into account. For the sake of transparency, we are also 
presenting the raw mean relations in Figs S2 and S3. 
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Figure S2 

Children’s Raw Implicit Math/Reading–Gender Associations as a Function of National and 
Dataset Means 

 
Note. Raw means of implicit stereotypes (D-scores; see Methods) as a function of: (A) national math gender gaps 
and child gender, (B) national socioeconomic gender inequalities and child gender, and (C) dataset-level aggregate 
age. In all panels, the y-axis represents raw (not the modeled-predicted estimates of) implicit stereotypes as indicated 
by D-scores; positive D-scores indicate stronger associations of math = boy and reading = girl, negative D-scores 
indicate stronger associations of math = girl and reading = boy, with 0 indicating an equally strong association of 
math with boys and girls. In Panel A, the x-axis represents national math gender gap (TIMSS–4 boy–girl difference; 
0 indicates no difference); in Panel B, the x-axis represents national socioeconomic gender inequality (HDI M/F 
ratio; 1 indicates no difference); in Panel C, the x-axis represents the mean child ages of the datasets. Regression 
lines represent simple linear associations. Shaded regions indicate 95% CIs and points represent mean values for 
each dataset. 

Figure S3 

Children’s Raw Explicit Stereotypes as a Function of National and Dataset Means 

 
Note. Raw means of explicit stereotypes as a function of: (A) national math gender gaps and child gender, (B) 
national socioeconomic gender inequalities and child gender, and (C) dataset-level aggregate age. In all panels, the 
y-axis represents raw explicit stereotype scores; positive scores indicate stronger stereotypes favoring boys, and 
negative scores indicate stronger stereotypes favoring girls, with 0 indicating the absence of stereotype favoring one 
gender over another. In Panel A, the x-axis represents national math gender gap (TIMSS–4 boy–girl difference; 0 
indicates no difference); in Panel B, the x-axis represents national socioeconomic gender inequality (HDI M/F ratio; 
1 indicates no difference); in Panel C, the x-axis represents the mean child ages of the datasets. Regression lines 
represent simple linear associations. Shaded regions indicate 95% CIs and points represent mean values for each 
dataset. 
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