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Preventing gender disparities in mathematics is aworldwide preoccupation'?.
Ininfancy and early childhood, boys and girls exhibit similar core knowledge of
number and space® . Gender disparities in maths are, therefore, thought to primarily
reflect aninternalization of the sociocultural stereotype that ‘girls are bad at maths’.
However, where, when and how widely this stereotype becomes entrenched remains
uncertain. Here, we report the results of a4-year longitudinal assessment of language
and mathematical performance of all French first and second graders (2,653,082
children). Boys and girls exhibited very similar maths scores upon school entry, but a
gender gap in favour of boys became highly significant after 4 months of schooling and
reached an effect size of about 0.20 after 1 year. These findings were repeated each year

and varied only slightly across family, class or school type and socio-economic level.
Although schooling correlated with age, exploiting the near-orthogonal variations
indicated that the gender gap increased with schooling rather than with age. These
findings point to the first year of school as the time and place where a maths gender
gap emerges in favour of boys, thus helping focus the search for solutions and

interventions.

Why are women under-represented in science, technology, engineering
and mathematics domains'?? Biologically, allhumansstartinlife with
acoreknowledge of objects, space and number that serves as the foun-
dation for mathematical development®'°. Number sense, the ability
todistinguish sets of objects based on their numerosity, isidenticalin
maleand femaleinfants®. Inyoung children, most maths-related cogni-
tive tasks exhibit near-zero gender differences in overall performance,
anddistributions of interindividual variability overlap massively across
both genders**”8, Notably, a male advantage for mental rotation and
spatial navigation skills is occasionally reported in infancy™, but it is
small, disputed and does not consistently appear before age five®'.
Most importantly, gender disparities in maths vary across cultures
and testing conditions”>", For instance, gender differences favouring
males in mental rotation and maths diminish when time pressure or
competition are removed, both characteristics frequently associated
with maths assessments™ ™.

For such reasons, young children’s mathematical attitudes, per-
ceptions, interests and competence are thought to constitute univer-
sally shared ‘neurocognitive start-up tools"® that are later shaped by a
sociocultural belief that girls exhibit lesser proficiency in mathematics
relative to boys***, Previous research by economists, sociologists,
educational researchers and psychologists has demonstrated that a
maths gender gap favouring boys emerges within the first years of
schooling in the USA, even when regressing out the effect of age? *.
This finding was confirmed by a cohort study following 2,633 chil-
dreninFrance, whichrevealed that the maths gender gap is absentin

kindergartenand becomes favourable toboys at age 7-8 (ref. 25).Inthe
USA, the boy advantage appeared earlier among high-achieving stu-
dentsbefore extending across the entire distribution®?, but this trend
varied significantly among ethnic minorities*. Both the size and the
direction of the maths gender gap, as well as attitudinal variables such
as confidence in mathematics, valuing mathematics and maths anxi-
ety, can change rapidly with certain affirmative interventions*?°26%,

Previousresearch has explored several potential factors that either
exacerbate or mitigate the maths gender gap. Adults’ beliefs and ste-
reotypes, including teachers’ techniques and ratings, could interfere
with the neutral estimation of students’ performance and reinforce
gender disparitiesin maths achievement, in bothelementary and sec-
ondary school®?**2 For example, teachers commonly underestimate
girls’mathematical abilities, assuming that boys possess innate talents
whereas girls progress only through diligence and effort, assump-
tions that may undermine girls’ confidence in their capacity to learn
mathematics?3%**3 _Girlsalso suffer more from maths anxiety than
boys, especially in scenarios involving competitive or time-limited
mathstests, aneffect discernible as early as second grade worldwide?®.
Furthermore, maths anxiety in female teachers decreases girls’math-
ematical performance, whereas boys remain unaffected®*. Parents
andteachers canalso be biased in the time spent challenging children
of either gender in maths or reading°32%,

Alimitation of former studies, however, is that many were conducted
on populationsubsamples collected 12 to 26 years ago, which, hence,
limits their ability to reveal whether the early gender gap stems from
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Fig.1|Rapid emergence of the maths gender gap inthe French national
evaluation programmeEvalAide. a, EvalAide is a nationwide longitudinal
assessment of language and mathematical abilitiesamongall French firstand
second graders, comprising three measurement periods (T1, T2and T3). We
report EvalAide datafrom four consecutive years (2018,2019,2020 and 2021),
foratotal of 2,653,082 children. The dataare for the 2018 cohort. See extended
datafiguresforafullreplicationinsubsequent years. b, Overall performance
of boys and girlsin mathematics (zscores), separately for each of four school

pre-existing gender differences, schoolingitself, aslow accumulation
of sociocultural stereotypes or acombination of these factors®?**%,

Here, we shed light on these issues by using an exceptionally large
longitudinal dataset (n = 2,653,082 children, each of whom completed
46 cognitive tests) comprising the complete population of French
typical-aged first and second graders over four consecutive years,
whichincludes the period of school deprivation due to the Covid-19
lockdown. Compared to works in the literature based on survey data,
these population-level data allowed us to investigate several potential
mediators and to provide extensive heterogeneity analyses, which, in
turn, helped refine our general understanding of the possible roots
and non-roots of the gender gap in maths.

A systematic national test battery

The countrywide French national evaluation programme EvalAide
(évaluer pour mieux aider: assessing to better help) consists of a bat-
tery of language and maths tests that were designed by scientists and
educators to provide French teachers with a detailed picture of the
needs, achievements and progress of each child in their classroom,

2 | Nature | www.nature.com

categories (private schools, regular public schools, priority education public
schoolsand higher-priority education public schools) and further split as
afunction of SES (median split or quarter-split for regular public schools).

c, Distribution of national percentile ranks in maths amongboys and girls,
showinganinitially higher density of boys for both high and low performers,
which quickly shifts toalarge advantage in favour of boys. HPE, higher-priority
education; PE, priority education.

thus supporting focused pedagogical interventions and the setting
of national standards (Fig. 1a). Every year since 2018, all French chil-
dren have simultaneously completed tests at the beginning of first
grade (T1), after 4 months of school (T2) and 12 months later at the
beginning of second grade (T3). The maths tests included digit iden-
tification, counting, number comparison, number line knowledge,
problem-solving, calculation and geometry, whereas the language
tests covered letter knowledge, letter-sound correspondences, pho-
nological awareness, reading aloud, vocabulary, oral comprehension
and reading comprehension (Supplementary Table 4). We analysed
four consecutive cohorts of 5-to-7-year-old first graders from 2018
to 2022. With such exhaustive longitudinal data, we could preclude
samplingbias, and we achieved high statistical power even when analys-
ing subgroups (for example, all children born in the same month and
year as there were approximately 50,000 children per subgroup). For
simplicity, in the main text we focus on the 2018 cohort, but replica-
tions of all figures and analyses are presented in the Extended Data and
Supplementary Information.

Data quality was high, and a reproducible data-management
pipeline was implemented for the few missing values and outliers



Table 1| Cohen'’s d effect size for gender gaps in 2018,
2019, 2020 and 2021 among children of typical age at
T1 (N300 =2,653,082 children)

Domain Year T T2 T3
Maths 2018 -0.0166 0.0468 0.2230
2019 0.0127 0.0895 0.1938
2020 0.0082 0.0832 0.1974
2021 0.0066 0.0698 0.2037
Problem-solving 2018 -0.0546 0.0296 01040
2019 -0.0212 0.0362 0.1030
2020 -0.0224 0.0362 0.1096
2021 -0.0239 0.0189 0.1364
Number line 2018 0.0271 0.0915 0.2588
2019 0.0453 0.1085 0.2595
2020 0.0487 0.1102 0.2731
2021 0.0364 0.1105 0.1729
Language 2018 -0.1935 -0.0845 -0.1371
2019 -0.1818 -0.0768 -0.1283
2020 -0.1770 -0.0756 -0.1319
2021 -0.1720 -0.0707 -0.0985

All results were statistically significant.

(approximately 1.2% of all data; no bias was induced by these meth-
ods; Supplementary Table 5). Because test difficulty increased with
grade level, in accord with the school curriculum, raw scores could
not be directly compared across sessions, and therefore, we report
normalized and Gaussianized results (z scores). The resulting scores

were stable, sensitive and relevant. For instance, we easily detected a
large and strictly monotonic effect for each additional month of age
for both maths and language performance, which reached an effect
size of approximately 0.5 standard deviations (s.d.) for children born
11 months apart. We also found a large and increasing lead (+0.5 s.d.
from the typical-age mean) for children who were 1 year ahead (1 year
younger than the mean age) and an equally large and increasing lag
(-0.75s.d.fromthe typical-age mean) for those who were1 year behind
(1year older than the mean age; Extended Data Fig. 1). As expected,
the socio-economic status (SES) of a school’s population had a large
impact (Extended Data Fig. 1): children in low-income school districts
initially lagged behind those in other districts (-0.70 s.d. at T1), but
they caught up to some extent over the course of first grade (-0.47 s.d.
atT2),inpartduetoanationwide policy that halved classroomsizesin
these districts. These effects were stable across all years (2018, 2019,
2020 and 2021).

Rapid emergence of amaths gender gap

The data also revealed the rapid emergence of a maths gender gap
as children progressed through school (Fig. 1b), as found in previous
studies®?*. At school entry, the average mathematical performance
of boys and girls was nearly identical in 2018 (Cohen’s d;; =-0.0166,
where the negative signindicates a very small advantage for girls). After
4 months of schooling, a small but already highly significant gap was
found favouring boys (Cohen’s d;, = 0.0468), and its effect size quadru-
pled by the beginning of second grade (Cohen’s d;; = 0.2230) (Table1).
Thesignificance of that change across time was confirmed by a statisti-
calgrowthmodel (Supplementary Table 6). The rapid emergence of the
gender gap wasreplicated in every cohortacross four consecutive years
(Table 1), and thus, it was not due to idiosyncratic societal, economic
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Fig.2|Decorrelation ofage and schooling. a, Size of thegendergapat T1, T2
and T3 asafunction of the age of the childrenin months when taking the test,
separately for the four cohort years (Cohen’s d). Because astrict cutoffon
birthdate determines school entry, children of the same age (xaxis) can differ
intheirlevel of schooling (coloursand regression lines). Regardless of age
when taking the test, children showed minimal or no maths gender gap at

T1, butthere wasagrowing effect after 4 months (T2) and 12 months (T3) of
schooling. Bars, indicating one standard error, are too small to be visible.

b, Same format for the language gender gap, which exhibits distinct dynamics:
girlsarealready ahead of boys at T1, an effect that widens with age. Itis transiently
reduced during the school year (T2) and partially returns after the summertime
school break (T3).
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Variation in Cohen's d

Fig.3|Evolution of the maths gender gap (Cohen’sd) betweenTland T3
ineachFrenchgeographic départementin 2018, 2019,2020 and 2021
(n=2,653,082 children). Adépartementisanadministrative division of the
Frenchterritory. There are 101 départementsin France. Overseas départements
(nottoscale) are placed to the left of mainland France. For each département,

or curricularchangesinaparticular year.Indeed, it was also seenwhen
comparing first- versus second-grade data acquired simultaneously
within the same weeks (for example, when comparing the T3 data point
forthe 2018 cohortto the T1data point for the 2019 cohortin Fig. 2a for
data acquired in September 2019). The maths gender gap was found
within each region of France (Fig. 3), in schools serving communities
atbothhighandlow socio-economical levels (Extended DataFig.1and
Fig. 4a), and in most tests (Table 2). Although the tests were not iden-
tical at T1, T2 and T3, as they were adapted to the children’s progress
throughthe school year, asimilarly rapid emergence of the gender gap
was found when werestricted the analysis to the problem-solving and
number line subtests, two tests that were repeatedly probed at T1, T2
and T3 with only small variations in item type (Table 1 and Extended
DataFig.2). Furthermore, although test difficulty was correlated with
the size of the gender gap, the emergence of the maths gender gap
between T1and T2 or T3 could not be attributed solely to anincrease
in test difficulty. For example, the average difference in gender gap
within agiven type of subtest between T1and T3 moved from 0.194 s.d.
without the test difficulty variable to 0.179 s.d. when controlling for test
difficulty (Supplementary Table 7 and Extended Data Fig. 3).

An examination of the distribution of maths scores over children
clarified how the gender gap emerged (Fig. 1c). At school onset (T1),
although boys and girls had the same mean, boys were over-represented
at both ends of the distribution (lowest and highest deciles), as has
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thevariation of Cohen’s dbetween T1and T3 was measured. Maps were created
using OpenStreetMap with the software Rv.4.3.22 under a creative commons
licence CCBY-SA2.0.DataonFrench department maps were available open
source.

been previously described®**, After 1 year of schooling, however, the
distribution had shifted massively, with the top 5% of children in maths
at T3 comprising more than twice as many boys as girls (2.33 boys for
each girl among the top 5% at T3; Fig. 1c). Similar results were found
whenthe gap was computed within each class as the zscore difference
inmaths performance between boys and girls (Extended Data Fig. 4a).

Universality of the maths gender gap

A quickly growing maths gender gap favouring boys, emerginginless
than 4 months, was observedin all types of schools, private or public.
However, the gap was larger among higher-SES schools (Figs. 1b, 4a
and 5aand Table 3),aphenomenon not found for language (Extended
DataFig.5).Inthe 2018/2019 cohort, for which detailed familial infor-
mation was available, the maths gender gap emerged in schools with
non-standard teaching methods (for example, Freinet or Montessori
pedagogy) and in religious schools (Fig. 5b). The maths gender gap
also emerged at all levels of familial SES (Fig. 5a), independently of
the occupation of the parents (Fig. 5a and Extended Data Fig. 6) and
regardless of family composition (in families led by opposite-gender
parents or same-gender parents, single mothers or single fathers;
Fig.5c).Inparticular, the gap at T3 was larger among higher-SES fami-
lies (Cohen’s d = 0.32 versus 0.26 in lower-SES families) with larger
effects when both parents held scientific occupations (for example,
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Fig.4 |Rapid emergence of the maths gender gap in the 2018,2019,2020 and 2021 cohorts (n=2,653,082 children). a, Maths gender gaps as a function of
school categoriesand SES scores (zscore) (same format as Fig. 1b). b, Distribution of percentile ranks for boys and girls (same format as Fig. 1c).

engineers, Cohen’sd = 0.35) or were teachers (Cohen’sd = 0.31) (Fig. 5a
and Extended Data Fig. 6).

The gap varies with schooling, not age

Although children’s ageincreased across the three longitudinal testing
points, our corpus allowed usto partially disentangle the effects of age
and amount of schooling. The French systemrequires childrento enter
schoolintheyear of their sixth birthday. As aconsequence, at each test
time (O, 4 or 12 months following school entry), the children varied in
age over a12-month range. When plotted as a function of age alone
withinagiven testing period, the gender gap remained nearly constant
(Fig. 2). Furthermore, some children with the same age in months at
the time of testing had different amounts of schooling (vertical com-
parisonsin Fig. 2). Within every such age slice, a significant increase
inthe gender gap was found between T1and T2 (O versus 4 months of
schooling) or between T2 and T3 (4 versus 12 months of schooling)
(Tables1and 3). Also, because of the January cutoff on school entry,
when children bornin December of a given year take the T3 test after
having been enrolled in school for awhole year, the children bornin
January of the following year are only taking the school-entry T1 test.
Even though these children were born only a few days apart and were
tested simultaneously, comparing their Tland T3 scores again revealed
alarge andsignificantgender gapinthe schooled group, thus differing
significantly from the unschooled group (Supplementary Table 8).
Although the test contents also varied among the three time points,
all the above findings were replicated with data from the number line
and problem-solving tasks, which were applied (with new items) at all
three time points (Extended Data Fig. 2c,d).

Although there could be selection bias because parents may plan
to have to a child in a given month, a control analysis alleviated this
potential concern: regarding children’s characteristics such as SES or
attending a private or public school, gender gaps were either absent
or very small and showed no evidence of differing between Decem-
ber of a given calendar year and January of the following year (Sup-
plementary Table 9). For each birth month, the gender gap in maths
always increased strongly from T1to T2 to T3 but showed little or no
consistent difference between children born in December and those
borninjanuary the nextyear (Supplementary Table 9). We confirmed
those insights with nine regression discontinuity designs that used
the exact date of birth as the running variable (with cutoff dates of

1January2013,2014 or 2015) and scores at T1, T2 or T3 as the outcome
variable. Because parents cannot precisely target the date of birth, this
approach, which is standard in the literature*, allowed us to capture
the local effect of being almost 1 year older when taking a given test
(and potential factors that are confounded with it, such as the age at
school start or the relative age within one’s kindergarten or school
cohort) while holding constant the time spent in formal schooling. We
first confirmed with these formal regression discontinuity designs that
girls’and boys’ characteristics, such as SES, are balanced on each side
of the cutoff dates (Supplementary Table 9). The results show that the
effect of delaying school entry waslarge on test scores (around 0.7 s.d.
atT1,0.6s.d.at T2and 0.55 s.d. at T3) but was comparable for girls and
boys (for details, see Supplementary Tables10-13 and Supplementary
Figs.1and 2). This is consistent with findings in the literature*® and
confirms, more formally, our main result that the emergence of the
gender gap in maths between T1and T3 cannot be explained because
the children are older at T3.

Variables modulating the maths gender gap

To further determine which variables modulated the gender gap, T3
data were entered into a mixed-effect multilevel linear model with
gender anditsinteractions with several potential modulators: age, SES,
classsize, T1 performanceinlanguage and maths, class heterogeneity
in maths, boy-to-girl ratio and gender of the top student in the class
(Table 3). The gender gap emerged at all levels of these variables, with
only small modulations (Extended DataFig.4). Although age had alarge
positive effect on meantestscores, as previously noted (Extended Data
Fig.1),anegative interaction between age and gender indicated that age
actually had asmall protective effect on the gender gap:inevery cohort,
older children displayed aslightly but significantly smaller gender gap
inmaths at T3 (in 2018, B,e. genger = ~0-0094 (0.0019), P < 0.0001; Table 3
andFig.2).Gender alsointeracted with theinitial levelinlanguage and
maths: the gender gap was larger for pupils with a higher initial maths
level and alower initial language level. At the class level, the gender gap
tended to be larger at T3 in classes where the first-in-class at Tl was a
boy (role model effect) and class size was larger, whereas the gender
gapdecreasedin classes with greater heterogeneity in maths (although
thelatter effects were not always significantin every year; Table 3and
Extended DataFig.4). The gender gap was also larger in schools witha
higher average SES (Bsgsxgender = 0.0049 (0.0020), P= 0.0146, Table 3).
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Table 2 | Cohen’s d for gender for each test and for all four
cohorts (2018, 2019, 2020 and 2021) among children of
typical age at T1 (ny,,,=2,653,082 children)

Effect size (Cohen’s d)

Associating numbers and quantities  0.0491 0.0254 0.0280 -
atT3

Effect size (Cohen's d) Problem-solving at T3 01040 0.1030 0.1096 0.1364
Year 2018 2019 2020 2021 Composite variables
n 569771 665632 695449 722,230 Language level at T1 -0.1935 -0.1818 -0.1770 -01720
Oral comprehension of wordsat I -0.0795 -0.0730 -0.0698 -00746 -anguagelevelatT2 ~0.0845 -0.0768 -0.0756 -0.0707
Oral comprehension of sentences ~ -0.2567 -0.2410 -0.2448 -02373  LanguagelevelatT3 -01371 01283 -01319 -0.0985
atTl Maths level at T1 -0.0166 0.0127 0.0082 0.0066
Oral comprehension of texts at T1 -01327 -0.1330 -0.1386 -0.1292 Maths level at T2 0.0468 0.0895 0.0832 0.0698
Phoneme manipulation at T1 -01005 -01047 -01061 -0.0948 Maths level at T3 0.2230 01938 01974 0.2037
Syllable manipulation at T1 -01562 -01364 -0.1337 -0.1307 For each subtest, significant Cohen’s d results for boys (versus girls) are highlighted in bold.
Letter-sound association at T1 -01386 -01225 -0.1124 -01074 Allresults are statistically significant.
Recognizing letters at T1 -01373 -01319 -01279 -0.1263
Comparing letters at T1 -01144 -0M62 -01212 -0.1322 Together, these findings indicate that girls engage more readily in
Oral comprehension of sentences ~01614 -01536 -01606 -0.1555 maths learning when they areinitially advanced in maths or canidentify
atT2 with the first-in-class, and less soif they are initially more advanced in
Reading words at T2 (time limited to ~ 0.0850 0.0958 0.0909 0.0735 language and reading. However, pre-existing differences between boys
1min) and girls did not explain the maths gender gap at T3, because even when
Reading texts at T2 (time limited to 0.0328 0.0491 0.0508 0.0384 controlling for them, the main effect of gender remained unchanged
1min) (Table3 and Supplementary Table 16, models 3to 9). Furthermore, even
Writing syllables at T2 -0.1004 -0.0937 -0.0897 -0.0768 whenwe selected pairs of boys and girls who were closely matched at T1
Writing words at T2 ~0.0999 -0.0979 -0.0905 -0.0993 onevery maths test, mean language performance, SES, age and school
Phoneme manipulation at T2 200781 —0.0862 —0.0917 —-0.0806 category (n = 135,966 ChiIdI‘EIjl or abogt 25%ofa cphgrt and no longer
Lettor—sound association at 12 700797 00683 0073 -00462 representative of the population), their results still diverged at T2 and
T3 (Extended Data Fig. 7 and Supplementary Table 14). Six different
Oral comprehension ofwordsat T3 -0.0896 -0.0881 -0.0905 -0.087/ reweighting techniques based on the same variables confirmed this
E‘Otr%comprehension of sentences -01802 -01786 -01764 -0.1821 divergence (Extended Data Table 1).
Writing syllables at T3 -01062 -01002 -0.1064 -0.0910
Writing words at T3 -0am3 -oi410 -o1m15 -01022  Languageskills follow distinct dynamics
Reading comprehension of sentences -0.1205 -01111  -01152 -0.0825 Importantly, language performance followed strikingly different
atT3 dynamics than maths (Fig. 2 and Extended Data Fig. 5). A gender
Reading comprehension of textsat T3 -0.1938 -0.1845 -0.1864 -0.1542 gap in language, favouring girls, was already sizeable at T1 (Cohen’s
Reading words at T3 (time limitedto ~ 0.0376 0.0318 0.0367 00609  d=-0.1935), hadshrunkatT2(Cohen’sd=-0.0845) and widened again
1min) at T3 (Cohen’sd=-0.1371) (Table 1). Controlling for differences at T1,
Reading texts at T3 (time limitedto ~ -0.0473 -0.0372 -0.0362 0.0210 the gender gap effect on language at T3 was approximately 10 times
1min) smaller than on maths at T3 (Bgender gaptanguage 73 = ~0-0328 (£0.0039) and
Writing numbers at T1 -0.0838 -0.0669 -0.0586 -0.0636 Beendergapmarnst = 0.3453 (£0.0038); Table 3and Extended Data Table 2).
Reading numbers at T1 ~0.0496 -0.0465 -0.0412 -0.0342 Thus, for language, an early and sustained female advantage existed
Problem-solving at T1 200546 00212 —0.0224 —0.0239 (Cohen’sc{forthegendergapm maths —,0.1935),wh1ch,unllke mz.lths,
Enumerating quantifies at T 00588 —0.0645 00623 —0.0556 was transiently reduced at T2 (Co.hen sd= —'0.0845) but regained
_ strength at T3 (Cohen’s d =-0.1371in 2018) (Fig. 2 and Table 1). Over-
8%1”;"[?;;2;:0’?2?:3 atTl 0.0849 00907 00729 00713 all, school appeared more beneficial to boys, who progressed in both
maths and language, yet the language gender gap was well established
Number line t T1 00271 00453 00487 0.0364 before schooland, in the longer term, changed much less with school-
Qomparing nymbers atT2 (time 0.0373 0.0662 0.0566 0.0516 ing than the maths gender gap.
limited to 1Tmin)
Number line at T2 0.0915 01085 01102 01105
Addition at T2 00180 00554 0.0437 0.0204 Changes across years and the pandemicimpact
Subtraction at T2 -0.0185 0.0545 0.0527 0.0424 Although the maths gender gap was notably stable, we briefly comment
Writing numbers at T2 0.0751 0.0836 0.0750 0.0595 on two minor variations that were observed across the four consecu-
Problem-solving at T2 00296 00362 00362 00189 tive cohorts (Fig. 2). First, between T2 and T3 of the 2019 cohort, the
pandemic-induced school disruption deprived Frenchfirst and second
Geometry at T3 -0.0348 -0.0377 -0.0340 -0.0283 .
graders of at least 52 school days, which were followed closely by the
Number line at T3 02588 0.2595 02731 01729 usual 2.5-month summer vacation. Interestingly, the gender gap in
Addition at T3 03157 0.2643 0.2615 0.2407 maths grew significantly less during this period compared to other
Subtraction at T3 0.2385 0.1895 0.1882 01775 years (T3 - T2 maths gender gap * year 2018 versus 2019 =-0.0685
Mental calculation at T3 -0.0808 -0.0784 -00867 -0.0742 (0.0027),P<0.0001), and recovered only partially in the 2020 cohort,
Writing numbers at T3 01382 01385 01302 02140 assome schools closed again (T3 — T2 maths gender gap *year 2019 ver-
Reading numbers at T3 02053 01901 01913 0211 sus2020=0.0139(0.0026), P < 0.0001and 2020 versus 2021 = 0.0083

Continued
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(0.0026), P<0.0001) (Fig.2a and Extended Data Table 3). It has previ-
ously been reported that the maths gender gap decreases during the
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Fig.5|Evolution ofthe mathsgendergap fromT1toT2and T3intargeted
populationsubgroups. a-c, This analysis focuses on familial data exclusively
available for the 2018/2019 cohort (n=569,771). Anincrease in the maths
gender gap (Cohen’sd) was evident across all levels of familial SES (a), with
more pronounced effects observed among higher-income families, notably
families where both parents worked in scientific professions (for example,

summer break*, and both findings may indicate that school context
plays aroleinthe maths gender gap. No such variations were seen for
the language gender gap, confirming that it is driven by other factors
(Fig.2band Table 1).

A second variation was that, in 2019, 2020 and 2021, but not 2018,
asmall but significant maths gender gap favouring boys was already
presentat T1(Fig.2), onlyin maths (Table1). One possible explanation
is that, in May 2019, before T1 acquisition for the 2019 cohort (Sep-
tember 2019), the French education ministry issued a formal request
to kindergarten teachers, asking them to prepare children for the
coming first-grade national assessments by introducing more formal
training in maths and language, thus making kindergarten more like
elementary school®.

Summary of empirical observations

Insummary, in an exceptionally large and exhaustive dataset fromall
French first and second graders, we observed a rapid emergence of a
gender gap in maths favouring boys in all types of schools after only
4 months of schoolinginfirstgrade, irrespective of the children’s age.
Before school entry, girls and boys were well matched in their basic
numerical abilities, regardless of their age, with only a small excess
of boys at both extremes of the scale. After just 4 months of school-
ing, however, the maths gender gap emerged and deepened as maths
instruction proceeded. Our findings support previous studies which,
based on smaller samples, found that the maths gender gap arises as

—mh

Single

Single

mothers fathers

n =34,075 n=13,679

W T2

HT T3

engineers) or were teachers; in various types of schools (b), including those
employing non-traditional teaching approaches (for example, Freinet or
Montessori pedagogy) and religious schools; and in various family types (c),
with families with same-gender parents exhibiting alarger maths gender gap
compared to other family structures (opposite-gender parents, single mothers
orsingle fathers). Figure adapted with permission fromref. 51, HAL.

early as first or second grade* . The present analyses conducted on
population-level data allowed us to go one step further and show that
the maths gender gap is an early and widespread phenomenon cov-
ering every stratum of society, regardless of school type and related
pedagogy, SES, parental occupation, family composition, school envi-
ronment and geographical location, all basic variables rarely if ever
studied simultaneously in previous work relying on smaller surveys.
We were also able to test the relations between the maths gender gap
and variables that are seldomintegrated, afortiori simultaneously, at
the scale of an entire population, such as the average socio-economic
level of schools, mean mathematical performance of the class, class
heterogeneity, class gender ratio or gender of the top studentin class.
The maths gender gap turned out to be only slightly moderated by
those variables, confirming its robustness and generality (Table 3).

Limitations of our data and inferences

Several caveats should be kept in mind. First, the present data are
descriptive in nature and, thus, cannot be used to pin down the root
causes of the gender gap. Second, the existence of only three discrete
measurement points (approximately 0, 4 or 12 months after school
entry) prevents any detailed evaluation of the potentially continuous
effect of school exposure or the effect of vacations. Third, the tests
were not strictly identical at those three time points, as they aimed
to track children’s progress during the school year. Fourth, our data
come from asingle country, France, whose specificities are discussed
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Table 3 | Multilevel mixed regression analysis of fixed and random T1 factors associated with children’s maths scores at T3
for typical-aged children (ny,,=2,653,082 children)

Variables Individual maths level at T3
Year 2018 2019 2020 2021
N individuals 569,771 665,632 695,449 722,230
N groups (classes) 39,573 46,671 49,010 49,701
Fixed effects Estimate P Estimate P Estimate P Estimate P
Intercept 0.0107 (0.0019) <0.0001 -0.1408 (0.0028) <0.0001 -0.1693(0.0028) <0.0001 -0.1739(0.0028)  <0.0001
Language individual level 0.4078 (0.0013)  <0.0001 0.4164 (0.0017) <0.0001 0.3946 (0.0017) <0.0001 0.3861(0.0017) <0.0001
atT1
Maths individual level at T1 0.3810(0.0013)  <0.0001 0.3306 (0.0017)  <0.0001 0.3506 (0.0018)  <0.0001 0.3738(0.0017)  <0.0001
Gender (boys) 0.3285(0.0018)  <0.0001 0.2975 (0.0035) <0.0001 0.3099(0.0035) <0.0001 0.3025(0.0034) <0.0001
SES scoreat T1 0.0277 (0.0020) <0.0001 0.0646 (0.0019) <0.0001 0.0055 (0.0019)  0.0047 0.0001(0.0019) NS (0.9547)
Age at T1 (month) 0.0062(0.0009) <0.0001 0.0008 (0.0003) 0.0139 0.0049 (0.0003) <0.0001 0.0062(0.0003) <0.0001
Heterogeneity of levelin -0.0305 (0.0018) <0.0001 -0.0187(0.0017)  <0.0001 -0.0259 (0.0017)  <0.0001 -0.0242(0.0017) <0.0001
maths at T1
Ratio of boys to girls per class 0.0005 (0.0018) NS (0.7742) -0.0024(0.0018) NS(0.1677) -0.0057(0.0018) 0.0012 0.0001(0.0018) NS (0.9480)
First-in-class in mathsis a 0.0063 (0.0019) 0.0008 0.0068 (0.0018) 0.0002 0.0043(0.0018)  0.0172 0.0052(0.0018)  0.0036
boyatT1
Class size 0.0095 (0.0020) <0.0001 0.0065 (0.0019) 0.0007 0.0069 (0.0019) 0.0003 0.0115 (0.0019) <0.0001
Gender x language -0.0065 (0.0024) 0.0075 -0.0138 (0.0023) <0.0001 -0.0206 (0.0023) <0.0001 -0.0310 (0.0023) <0.0001
individual level at T1
Gender x maths individual 0.0644(0.0024) <0.0001 0.0655 (0.0023) <0.0001 0.0707 (0.0023) <0.0001 0.0552(0.0022) <0.0001
levelat T1
Gender x SES score at T1 0.0049 (0.0020) 0.0146 -0.0014 (0.0019) NS (0.4486) 0.0060(0.0019) 0.0016 0.0052(0.0018)  0.0039
Genderxage at T1 -0.0094 (0.0019) <0.0001 -0.0013(0.0005) 0.0071 -0.0023 (0.0005) <0.0001 -0.0026 (0.0005) <0.0001
Gender x heterogeneity of -0.0048 (0.0018) 0.0081 -0.0040 (0.0017) 0.0160 -0.0013 (0.0017) NS (0.4236) -0.0049(0.0016) 0.0029
levelat T1
Gender x ratio of boys to -0.0010(0.0020) NS (0.6124) 0.0037(0.0018) 0.0363 -0.0005 (0.0018) NS (0.7770) -0.0045(0.0018) 0.0110
girls per class
Gender x First-in-class in 0.0064 (0.0019) 0.0006 0.0030(0.0017) NS (0.0799) 0.0066(0.0017) 0.0001 0.0062 (0.0017) 0.0002
maths is a boy at T1
Gender x class size 0.0043(0.0020) 0.0275 0.0047(0.0018)  0.0095 0.0010(0.0018) NS (0.5958) 0.0030(0.0017) NS (0.0821)
Random effects
Between-class variance (level 2)

Intercept between-class  0.1003 0.0798 0.0839 0.0845

variance

Gender variance 0.0091 0.0049 0.0086 0.0071

Maths at T1 variance 0.0046 0.0033 0.0042 0.0032
Correlation intercept | gender 0.3 0.02 -0.06 -0.22
Correlation intercept | maths  0.32 0.32 0.22 0.36
atTl
Correlation gender | maths -0.31 -0.22 -0.23 -0.51
atTl
Within-class variance (level1) 0.3982 0.3986 0.4082 0.4195
Deviance (-2logL) 1158,166.8 1,344,146.4 1,423,858.3 1,493,119.3

All variables were normalized and Gaussianized. Therefore, each beta reflects an effect size. The ImerTests used for these multilevel mixed regression analyses were two-sided. Significant
interactions between factors and gender gap are indicated in bold. NS, not significant.

in the Supplementary Information. Within France, however, the pre-
sent findings may generalize across age, geography, initial levels, SES
andtypes of classes, and they accord with previous findings of arapid
emergence of gender biases in other countries?***,

Potential causes of the maths gender gap

Given the observational nature of our data, any attempt to infer the
mechanisms producing the maths gender gap must remain hypo-
thetical, but some explanations are, nevertheless, more consistent
with our findings than others. For instance, the gap is unlikely to be
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aconsequence of girls’ previous comparative advantage in language
and reading®, which might have occurred if children, perhaps, under
parental and teacher encouragement, invested in their own pre-existing
strengths. Maths and language abilities at T1 are correlated, respec-
tively, withincreases and decreasesin the maths gender gap at T3, but
agap continued to emerge even when such differences were regressed
out. The lack of average gender differences at the beginning of grade
lalso gives little credibility to the idea that the emerging gender gap
isrelated to fundamental gender differences in aptitudes. Our data
do not, however, exclude more complex interactions between nature
and nurture, for instance alatent advantage of boys in maths learning



that comes into play only at the onset of formal education or of gen-
der differences in competitiveness and test-induced anxiety that are
exacerbated by school entry. Girls may exhibit greater maths anxiety,
possibly reinforced when facing competitive tests, a behaviour that
may explain why, among all maths and language exercises, the male
advantage is more pronounced in more challenging, new or complex
tests tapping executive functions®***, This explanation is congruent
with our finding that greater test difficulty enhances the gender gap.
Thatboys tend torely more on faster memory-retrieval strategies could
also be a factor®, although this cognitive mechanism fails to explain
the large gender gap on tests such as the number line test, which do
not involve arithmetic fact retrieval in the classical sense of the term.
We canonly speculate asto why the gender gap emerges rapidly upon
school entry rather than slowly as a function of age. Primary school
may mark the momentin children’s curriculum when maths-related
activities or exercises (for example, counting and subtracting) start
to be more clearly identified as belonging to the maths domain, with
separate school textbooks and teaching hours for maths subjects.
This sudden labelling of maths-related activities as ‘maths’ (whereas
language activities start earlier in preschool) might give space for gen-
der stereotypes surrounding maths to emerge, to be internalized by
childrenand, eventually, to affect their self-concept and performance.
Primary school teacher attitudes may contribute to this dissemination,
if teachers interact differently with boys and girls?**°, transmit their
maths anxiety to girls¥, encourage girls’ efforts at reading more than
at maths?, or attribute the successful mathematical performance of
boystotheir greater intellectual power and the successful mathemati-
cal performance of girls to their greater diligence®.

The onset of schooling may also prompt achangein the attitudes of
parents, family members, other professionals and the children them-
selves?*®, The simple belief that boys and girls have different interests
and abilities can reinforce gender disparities, especially as girls show
greater facility with language, as shown here and elsewhere?**%*, With
schooling, parents may start spending more time on their children’s
formal education and, therefore, transmit gender norms, including
those related to maths. This extra investment at the onset of school-
ing may be greater in high-SES families. This would explain why we
and others have found that a larger gender gap emerges in high-SES
families, schools and countries'®*¢,

Consequences for interventions

The present findings indicate that interventions should come earlyin
the curriculum. From a policy perspective, tackling the gender gapin
mathematics at the earliest stage (kindergarten or first grade) may be
most cost-effective, both because mathsinstructionis highly cumula-
tive and because programmes that start early may reach girls before
theylose confidence in their mathematical abilities and become resist-
ant to counter-stereotypic information®.

Which factors should be targeted? Although our evidence is only
correlational, we found that class-level variables, such as class size,
gender ratio, heterogeneity in maths level or gender of the student
at the top of class, have only a small modulating influence. Given that
our dataindicate that the maths gender gap starts with entry into the
school system, improving teacher training should undoubtedly be one
ofthe most powerful levers. Encouraging teachers’ gender-fair ratings
and active cooperative practices?*%, such as questioning girls and
boys equally often during maths and science instruction and focus-
ing equally on the talents and efforts of children of both genders’, are
efficient practices that should become part of teachers’ basic training.
Boosting teacher training in maths to increase their confidence and
interestin this topic could also be effective, especially in countries such
as France where most primary school teachers are female?. Interven-
tions can also convince boys and girls that maths is worth the effort
by exposing childrento both male and female role models withwhom

they canidentify*®; providing girls with ways to cope with competitive
stress** and maths anxiety®**; emphasizing an incremental view of
intelligence in efficient learning®; and implementing self-affirmation
tasks to protect girls from stereotype threats®.

The present findings should enhance societal awareness of the
absence of gender disparities in mathematical ability before children
startschool and their rapid emergence when formal teaching of math-
ematics begins, independently of age. Such awareness is a prerequisite
to efforts, by parents as well as teachers, to encourage their children
equally to build ontheir aptitudes for school mathematics and to pur-
suestudies and professionsrelating to science, technology, engineering
and mathematics>"2,
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Methods

Inclusion and ethics statement

In2018,2019,2020 and 2021/2022, all childrenin first or second grade
in France were tested at school within their classroom. Once the data
were anonymized, they were sent to the Department of Evaluation,
Forecasting and Performance (DEPP, Direction de l'évaluation, de la
prospective et de laperformance), whichis the national statistical insti-
tution of the Ministry of Educationin France, and stored on approved
European General Data Protection Regulation (GDPR) servers. The
National Education Data Ethics Committee, composed of qualified
members, ensures compliance with the legal framework regarding
informationgiven to parents and the protection and use of educational
data. Parents were informed about these national assessments and the
secondary use of the data for research. All children were tested, and
parents can-whenever they so chose-refuse the use of their children’s
data for further statistical purposes.

Design and dataacquisition

Purpose of the EvalAide programme. The EvalAide programme was
designed by DEPP with the help of members of a dedicated subgroup
of scientists, teachers, educators and inspectors from the French
Scientific Council for Education. Inspired by similar programmes,
such as the United Kingdom'’s ‘Phonics check’, its purpose was to
provide every French teacher in first or second grade with a detailed
picture of the needs, achievement and progress of each child in their
class, inboth maths and language. At the beginning of first grade, the
tests were used to detect children who were lagging behind in spe-
cific domains (for example, knowledge of Arabic numerals) or were
atrisk of developing developmental disorders such as dyslexia. In the
middle of first grade and at the beginning of second grade, the tests
monitored the children’s progress to examine if they were properly
responding to pedagogical intervention, therefore allowing teach-
ers to intensify their efforts and adapt their pedagogical strategies
if progress was deemed insufficient. Parents were also informed of
thetest results. Teachers were encouraged to remit the results to par-
ents duringanindividual parental meeting, thus fostering parent and
teacher collaboration. In summary, the main goal of the programme
was to help every child by identifying their specific and individual
needs. Nevertheless, as a secondary goal, the data also permitted
a fine-grained statistical monitoring of pedagogical performance
inFrance.

Cohorts. We analysed four consecutive longitudinal French national
assessment cohorts, targeting all French childrenentering first grade in
2018,2019,2020 or 2021, respectively. The total number of first-grade
classes tested was 43,970 in 2018, 51,599 in 2019, 54,073 in 2020 and
54,224 in2021. Theincreasing numbers of classes are the consequence
of a political decision to reduce class sizes for priority education and
higher-priority education schools, a decision that was progressively
implemented during those 4 years. The four cohorts comprised, res-
pectively, 610,905, 711,452, 743,734 and 804,989 children for a total
0f 2,871,080 children. Following French law, most children entered
first grade in September of the year of their sixth birthday (see the
description for age in first grade in the Supplementary Information).
In France, first grade represents a shift, compared to kindergarten,
associated with the beginning of aformal maths curriculum, whereas
fluency, letter-sound associations, and decoding and writing letters
are taught in kindergarten and pursued in first grade to follow the
formal reading curriculum.

Data collection. Altogether, 46 tests were administered by teach-
ers over a 12-month period. Assessments were implemented at three
specific times: beginning of first grade (between the third and fourth
weeks of September), hereafter called T1; middle of first grade (between

the third and fourth weeks of January; T2) and beginning of second
grade (between the third and fourth weeks of September; T3). Each test
aimed to assess specific skills in oral language, reading, mathematics
and problem-solving, as detailed in the Supplementary Information.
Most tests were administered to the whole class, and children answered
by circling targeted items or by writing in an individual notebook. The
only exceptions were the 1-min reading aloud tests, which were admin-
istered individually. The duration of test sessions was about 35 minin
language and 25 min in maths at T1, 35 min in language and 25 min in
maths at T2, and up to 35 min in language and 30 min in maths at T3.
In the days following testing, teachers and schools were responsible
for enteringeveryindividual responseinto adedicated computerized
system. The datawere copied and anonymized at the regional level and
sent to the national level, where they were stored following European
GDPR laws. The data were subject to various controls, such as deletion
of duplicates, comparisons with former datasets, and a control of cor-
rectand valid values for each variable by DEPP. All personal ID numbers
were checked for errors.

Pilot studies were performed by DEPP in January and May 2018 to
finalize the design of the tests, 8 months before the launch of the first
cohort.More than200 schools, both public (excluding priority educa-
tionand higher-priority education schools) and private, participatedin
these pilot studies, whichincluded 5,500 first graders and 300 teach-
ers, educators and inspectors, who gave feedback on the tests. Those
surveys were used to select the tests that were first implemented in
September 2018 for the whole population of first graders in France.

In subsequent years, feedback from teachers, scientists, educators
and inspectors from the French Scientific Council for Education was
gathered and used to improve the tests. A few changes were made to
the tests between the four cohorts. Two tests were withdrawn from
2018 (recognizing letters among symbols at T1 and reading pseu-
dowords at T2), seven tests were slightly changed in either their
ergonomics or the number of items they included between 2018
and the other years, one test was modified in 2021 (number line, as
explained in the Supplementary Information) and two tests were
added in 2019, 2020 and 2021 compared to 2018 (geometry at T1 and
reading comprehension of sentences at T2). When we performed an
analysis within a specific cohort, we used all the 44 common tests
that were shared (with minimal variants) between the four cohorts,
whereas for between-cohort comparisons, we considered only the
37identical tests.

Test design. Maths items comprised number reading, number writ-
ing, enumerating quantities, number comparison, problem-solving,
number line, addition, subtraction, mental calculation and geometry.
Language items comprised oral comprehension of words, sentences
and texts, phoneme manipulation, syllable manipulation, letter-sound
association, letter recognition, visuo-attentional abilities, 1-min word
reading, 1-min text reading, writing words to dictation, and reading
comprehension of sentences and of texts. Details of each assessment
and corresponding cognitive functions are briefly described in the
Supplementary Information and Supplementary Table 4.

Child gender. Gender was registered in a binary manner as male or
female and reported by the teacher. Asrecommended intheliterature,
theterm ‘gender’isused instead of ‘sex’ throughout this manuscript as
the gender for each child was declared by an external person.

Scoring

Scoring: normalization and Gaussianization. For theindividual tests,
the results were first expressed as percentage success (percentage
of correct items ranging from 0 to 100), as distributions of score for
individual tests were discretized due to the small number of items
and were often far from a normal distribution. Percentage success on
individual tests was used in the matching selection process (‘Matching
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techniques’). However, as the tests evolved in nature and difficulty
fromT1to T2to T3, the scores could not be directly compared among
thethree periods. Therefore, after normalizing all scores by first com-
puting the mean percentage success across all maths tests (respec-
tively, language), we then transformed this meaninto azscore through
Gaussianization (variables were centred with amean of 0 and a s.d.
of1). We used the function gaussianize in the LambertW packagein the
software R. Comparing the zscores across T1, T2 and T3 allowed us to
monitor achild’s progress relative to others. These Gaussianized data,
thereafter called ‘maths at Tx (z score)’ and ‘language at Tx (z score)’,
were used for all multilevel regression models and sensitivity analyses.
When comparing boys and girls, the effect size (which is an estimate
ofthe size of the gender gap) was measured using Cohen’s d using the
function cohens_d in the rstatix packageinR.

Scoring: percentile ranks. To visualize the distribution of boys and
girls,inFigs.1cand 4b and Extended Data Fig. 5b, we also found it useful
to examine the rank of each participant within their year’s population.
To this aim, we transformed the mean language and maths scores into
percentile ranks using the R function rank with the option ties.method
setto average. This option meant that when two or more children had
numerically identical mean scores, they were assigned the mean rank
of their score (for example, if two children had the same top score,
instead of arbitrarily ranking themas1and 2, they were assigned rank
1.5). Percentile ranks ranged from 0 to 100, O being the worst and 100
being the best rank. Using percentile ranks has two advantages: (1) Like
zscores, we can compare maths and language testsamong T1, T2 and
T3 even though the tests were different from one period to the next.
(2) This makes the distributions of boys and girls at the low end and
high end of the distributions more visible (see distributions in Fig. 1c
and Extended Data Figs. 4b and 5b).

Other variables. Variables at the individual level comprised child
gender, which was reported by teachers, child age at T1 and child age
category. Variables at the class level comprised the following: class size
(number of children per class) ranging from 6 to 27 children per class,
inline with the referenced STAR experiment; class mean in maths or
language per gender; class mean in maths or language; heterogene-
ity in maths or language per class at T1; proportion of boys per class;
gender of the first-in-class in maths or language at T1; and class mean
in maths or language without the mean of the first-in-class. Variables
at the school level comprised the type of school and SES. Details of
all other variables are presented in the Supplementary Information.

Data-processing workflow. All analyses were implemented in the
softwareR, using slightly different pipelines to consider the small dif-
ferences between the three cohorts. All scripts can be found in the
following GitHub repository: PauMdIm/Gendergaps.

Outlier management

Age outliers. When aberrant birthdates were identified (for example,
achild registered as born in 2018 and thus supposedly entering first
grade at the age of 2), their age was replaced by a missing value (not
available, NA). A total 0f 169, 310, 261 and 446 children had aberrant
birthdatesin 2018,2019,2020 and 2021, respectively. Ages outside of
51-98 months were replaced by NA.

Missing values for an entire session. A child who was absent from
school onthe day of the assessment was assigned either zeros or missing
values inmaths or language for the assessment period. When maths or
language tests contained missing values or zeros for a whole session
while having plausible results elsewhere, only the scores for this specific
session were replaced by NA’s, and the other two test sessions were
kept as valid. All students with at least one valid test session (T1, T2 or
T3) were kept in our analysis. A total of 75,101, 128 and 1,222 children

were excluded because all sessions were missing in 2018, 2019, 2020
and 2021, respectively.

Class size. When class size contained aberrant values (more than 28
children per class), the class size was replaced by NA. This situation
corresponded to 0.005% of the dataset in 2018, 2019 and 2020.

Missing values for gender. As our outcome was the gender gap
between children, classes for which gender information was not avail-
able were removed from our analysis. A total of 60, 41,135and O children
were removed in 2018, 2019, 2020 and 2021, respectively.

Missing dataimputation

Amongthe 2,871,080 children followed up from 2018 t0 2022,122,922,
140,580,129,153 and 236,898 children (respectively,in 2018, 2019,2020
and 2021), had at least one missing value on the different variables
before outlier management. Supplementary Table 5 details the missing
values and their proportions. Some imputation techniques, such as
removing missing data orimputing by the mean, could have biased our
analyses and conclusions, for instance because more datawas missing
from lower-SES schools. Therefore, we conducted an imputation by
chained equations onall the missing values using the mice packageinR.

Statistical analyses

Statistical tests. Whenever quantitative variables were compared,
Cohen’sdand Student’s ¢ tests were calculated with the rstatix package
inthe software R v.4.3.2. When categorical variables were compared,
chi-squared tests wereimplemented. R packages used included rstatix,
FactoMineR, dplyr, tidyverse, broom, ggplot2, jtools, LambertW,
cohens_d, reshape2, ImerTest, knitr, rmarkdown, Matchlt, remotes,
rcpp, glmertree, BayesFactor, mice and tableone, all for Rv.4.3.2. In
addition, the regression discontinuity design was performed with Stata
(v.18,2023) using the package rdrobust.

Main analysis: multilevel multivariate mixed regression models.
Multilevel multivariate mixed regression models were used to evaluate
theassociation of gender and maths scores at T3, after controlling for
several other variables (Table 3 and Supplementary Table 16). Similar
regressions were performed on maths scores at T1 (Supplementary
Table 17) and at T2 (Supplementary Table 18), as well as on language
scores at T3 (Extended Data Table 2). As described in the section
‘Scoring: normalization and Gaussianization’, data used for multilevel
modelling underwent normalization (ranging from 0 to 100), then
Gaussianization (centred and reduced withameanof O and as.d. of 1).
Of theindependent variables, only gender remained unscaled.

Inthis study, the children were taught within classes, all nested within
schools. Because of these different environments, data contained natu-
ralgroupings, whichimpacted the performance of individual children.
These various levels also implied thatindividual observations were not
independently sampled.

Multilevel linear mixed models can overcome these two limitations
of conventional models by accounting for nested sources of variationin
the dataand avoiding the assumption ofindependently sampled data.
Mathematically, nested patterns were introduced in the intercept and
inthe slope at the class level. Using stepwise multilevel models allowed
usto consider class effects (gender and maths at T1) asrandom effects.

Corresponding to the class effect, the second-level random part of
the multilevel model was specified step by step, following a stepwise
multilevel model (Supplementary Table 16): intercept, gender and
maths at T1 variances as well as their respective covariances proved
significance. Maths at T1 was introduced as arandom variable as it
was a strong predictor of maths at T3. Gender was also introduced
as arandom variable because it represented our variable of interest.
We explored progressively more complex linear regression models,
starting with the simplest, eventually adding individual, contextual



and interaction terms, as presented in Supplementary Table 16. The
decreasein deviance represented the significance of the model (devi-
ance for model 1was 1,564,075.7 and for model 10, it was 1,158,166.8).

Multilevel linear mixed modelling, fitted by maximum likelihood, was
performed using the R package (v.4.3.2) ImerTest, which allowed us to
estimate several individual and environmental parameters regarding
the gender gap (Table 3).

Matching techniques. Matching techniques were used to test the
effect of school exposure on the growing gender gap. The idea was to
identify pairs ofindividuals who were very closely matched according
to initial characteristics and differed in only one parameter (gender).
We could then estimate how, as everything else was essentially identi-
cal, this variable alone led to a distinct outcome on subsequent data
points (mathematical performance at T3).

Pairs were matched on school type (private and regular public ver-
sus priority education and higher-priority education), on deciles of
SES score, on age in first grade (+4 months), on the six tests in maths
at T1 (£5 points over 100), as well as on their mean in language at T1
(x5 points over100). Results are shown in Supplementary Table 14 and
in Extended Data Fig. 7.

The number of pairs found and their means are shown in Extended
Data Fig. 7 and Supplementary Table 14. For those analyses, we used
the package Matchlt in the software R (v.4.3.2). Once the matching
was performed, a simple test for a difference in means between boys
and girls was enough when using exact matching, but to adjust for any
potential remainingimbalance, we used linear regression to estimate
the effect. Results are detailed in Supplementary Table 14.

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.

Data availability

The original datawere collected on a national scale and centralized by
the DEPP team at the Ministry of Education in France. A formal agree-
ment was established between our research laboratory and DEPP to
enable our local use of and access to the data. We used the software

Rv.4.3.2, which canbe found at the following link: https://cran.r-project.
org/bin/windows/base/. Given that the data adhered to the GDPR
European law on data protection, extraction of data from the DEPP
structure was not permitted. For confidentiality, the raw data are not
shared in public but are made accessible through a data security con-
ventionestablished with DEPP in France. We shared asimulated dataset
to gain aninitial understanding of how the data were organized and
how the data management was structured.

Code availability

For reproducibility, the code and models that were used to generate
theresults, text, figures and tables both in the main text and in the Sup-
plementary Information are publicly available on the GitHub repository
https://github.com/PauMdim/Gendergaps.
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Extended DataFig.1|Math and languagescoresintheyears2018, 2019,
2020,and 2021 (n=2,871,080 children, including advanced- and late-in-age
firstand second graders). A) Mathscores asafunctionofagein2018 (main
figure), 2019,2020 and 2021. Mean math levels (in z-score) are presented
withinthe national population, in function ofagein month,at T1, T2and T3.

For childrenwithin the typical age range (light blue), the yearly data was precise
enoughtodetectastrictlymonotonic effect of age inmonths at each period.
Foradvanced-in-age children (dark blue) or late-in-age (green), alarge and
increasing learning gapis detected. Bars, indicating one standard error, are
oftentoosmalltobevisible. (B) Mathscores as afunction of school categories
and SES scoresin 2018 (main figure), 2019, 2020 and 2021. Mean math levels
(inz-score) are presented within the national population, in function of

10 school subcategories, defined as follow: for each of four main school

categories (i.e., private, regular, priority education [PE], and higher-priority
education [HPE] public schools), amedian or a quartile split (for regular public
schools only) wasimplemented based on the subgroup average socio-economic
status (SES). The highest SES score stands on the left and the lowest SES score on
theright of the x-axis, for atotal of 10 school subcategories: 2 median-split for
privateschools (in blue), 4 quarter-split for regular public schools (ingreen), and
2median-splits for PE (in orange) and for HPE public (in red) schools. Disparities
atthestartof 1" grade remained present at subsequent time points, apart from
PEand HPE schools whose gap decreased during schooling (T2) and increased
again after the summer break (T3). C) Language scores as afunction ofagein
2018 (mainfigure), 2019,2020 and 2021. D) Language scores as afunction of
school categories and SES scoresin 2018 (mainfigure), 2019,2020 and 2021.
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A. Problem solving gender gaps as a function of school categories and SES scores
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Extended DataFig.2|Gender gapsinproblemsolving and numberline
subtestsinthe 2018,2019,2020 and 2021 cohorts. Performance of boys
(blue) and girls (red) inz-score in (A) problem-solving and (B) number-line
assessments. Within each school category, the gender gap was almost null
orsmallatschoolstart (T1), detectable after 4 months (T2), and large after

Age when taking the test (month) Age when taking the test (month)

oneyear of schooling (T3), except for higher SES score school categories, where
the gender gap was already in favor of boys. Gender gaps effects on (C) problem-
solving and (D) number line, as measured by Cohen’s d in function of age. Bars,
indicating one standard error, are too small to be visible (n =2,653,082 children).
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Extended DataFig. 3 | Variationinthe gender gap across mathematical
subtests, plotted as function of subtest difficulty and subtest period.
Datafrom20 subtests (i.e., calculus, addition, subtraction, writing numbers,
reading numbers, comparing quantities, number line and problem solving) at
T1, T2 or T3and from the four consecutive cohorts. Math gender gaps could not
beattributedsolely to anincreasein test difficulty as the average difference
ingender gap withinagiventype of subtest between T1and T3 moves from
0.194 SD without the test difficulty variable to 0.179 SD when controlling for
testdifficulty (see Sl TableS7).
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A. Density over classrooms of the average math gender gap.
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Extended DataFig. 4 |See next page for caption.
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Extended DataFig. 4 | Class effects onthe mathgender gap. (A) Density
over classrooms of the average math gender gap, expressed as the difference
inaverage zscore betweenboys and girls (for classes with atleast 30% of boys
and 30% of girls, n=2,455,483). The distribution was centeredonzeroat T1,
butamajority of classrooms showed agender gap at T2and especially at T3.
Results weresimilar for2018,2019,2020 and 2021. (B) Mathgendergapasa
function of class size, classinitial level in math, class heterogeneity of level
inmath, and boys-girlsratio per class (in Cohen’sd). A higher heterogeneity
oflevelinmath was associated with alower gender gap in favor of boys whereas

alarger classsize (in2018 and 2019) and higher-class level in math were
associated with ahigher gender gap in favor of boys. Boy/girl ratio per class did
not have much effect on gender gapsin math. Bars, indicating one standard
error, aretoo small to be visible. (C) Math gender gap and the role model
effectinmath (in Cohen’s d). Havingagirl oraboy as the first of classin math
at T1had asmall effect onthe gender gap, measuredin Cohen’sd. For this
analysis, datafrom the best student(s) at T1in math were excluded. Classes
with girls as first of class inmath developed aslightly smaller gender gapin
favor of boys.
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A. Language gender gaps as a function of school categories and SES scores

Gender
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Extended DataFig. 5| Gender gapsinlanguageinthe 2018,2019,2020 and
2021 cohorts (n=2,653,082 children). Girls were already ahead of boys at T1
(inzscore), an effect that widened with age and was only transiently reduced
during the school year (T2), but largely restored after the school break (T3).
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Results werereplicated in2018,2019,2020 and 2021. No significant variations

inlanguage gender gap were noted when comparing Covid years to 2018 and
2021.



A. Mother’s profession
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Reading note : admin execs = administrative and commercial executives; agri workers = agricultural workers; civil execs = civil service executives; civil interm. = civil
service intermediate professions; company admin. = company administrative employees; company inter. = company intermediates; equip. operators = equipment

operators and wharehouse workers; health/ soc. Interm. = health and social work intermediates; info/art/ent. =

information, arts and entertainment professions;

liberal prof. = liberal professions ; personal serv. = personal service workers; police/mil. = police, military and private security agents; prod. foremen = production
foremen; skill. craft work. = skilled craft workers; skill ind. work = skilled industrial workers; teachers/sci. = teachers and scientific profession; tech execs = company
technical executives; trade emp. = commerce employees; unsk. craft work. = unskilled craft workers; unsk. ind. work = unskilled industrial workers; voc. edu prof. =

primary and vocational education professions.

Extended DataFig. 6| Mathgendergaps asafunction ofthe parents’
professioninthe2018-2019 cohort (n=569,771). Math gender gaps,
measured as Cohen’s d, were analyzed as a function of (A) the mother’s
profession and (B) the father’s profession. Such datawas only available for the

2018-2019 cohort, asthey were registered upon entering 6th gradein 2023.
Awidening math gender gap was observed in children, regardless of their
parents’ professions. Figure adapted with permission fromref. 51, HAL.
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Extended DataFig.7|Rapid emergence ofthemathgendergapina
subsample of boys and girls whose performance at T1 was tightly matched.
Boysand girls of typical age (69 to 80 months) were paired on their math scores
atT1,SES, age, language at TLand school category (see Sl Table S14). (A) Results
fromthe 2018 cohort. Even when T1differences were eliminated by this
matching procedure, agender gap emerged at T2and widened at T3, inline
with acumulative influence of school exposure. (B) Prior to matching, the gray

pointsindicate that there were small differences between boys and girls, either
positive or negative depending on the specific test, which vanished after
matching (orange dots). (C) Results from the 2019,2020 and 2021 cohorts,
same formatas panel A. Note thatin the matched pairs, children arenolonger
representative of the national sample (dotted line). While this difference is
notable, itisirrelevant to the main point of this analysis, whichis to show that
boysand girlscanbe very similarat T1, and stilldivergeinmathat T2and T3.



Extended Data Table 1| Results of causal inference methods applied to the gender gap in Math between T1and T3 (difference
in z-score, not in Cohen’s d) (n=2,653,082 children)

2018 2019 2020 2021
Average Average Average Average
gender gender gender
. . . gender effect
effectin effectin effectin .
Lower Upper Lower Upper Lower Upper in math Lower Upper
math a a math a a math a al between T3 a a
between T3 between T3 between T3 and T1
and T1 and T1 and T1
(Z-score)
(Z-score) (Z-score) (Z-score)
G-computat on (OLS) 0.3061 0.2946 = 0.3175 0.2889 0.2788 = 0.2990 0.2847 0.2747 = 0.2947 0.2872 0.2774 = 0.2969
IPW (logit) 0.3282 0.3230 0.3334 0.2904 0.2856 = 0.2952 0.2974 0.2926 = 0.3021 0.2895 0.2849 = 0.2942
Propensity weighted regression 0.3282 0.3230 0.3333 0.2904 0.2856 = 0.2952 0.2973 0.2926 = 0.3020 0.2895 0.2849 = 0.2941
AIPW (OLS & logit) 0.3280 0.3243  0.3317 0.2905 0.2872  0.2939 0.2973 0.2940 = 0.3007 0.2896 0.2863 = 0.2928
Random forest 0.3211 0.3174  0.3248 0.2878 0.2844 = 0.2912 0.2936 0.2903 = 0.2970 0.2882 0.2849 = 0.2915
TMLE (Target Maximum Likelihood 0.3279 03242 0.3316 0.2903 0.2870 = 0.2937 0.2971 0.2938  0.3005 0.2893 02860  0.2926

Est mat on) for causal inference

Note: CI=95% confidence interval.
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Extended Data Table 2 | Multilevel regression model for Language at T3 among children of typical age at T1(n=2,653,082
children)

Language at T3

Variables 2018 2019 2020 2021
N 569,771 665,632 695,449 722,230
N group (classes) 39,573 46,671 49,010 49,701
Fixed effects Parameter b Parameter b Parameter b Parameter b

est mates (sd) est mates (sd) est mates (sd) est mates (sd)
Intercept 0.0459 (0.0026) < 0.0001 0.0606 (0.0029) < 0.0001 0.0454 (0.0028) < 0.0001 0.0272 (0.0029) <0.0001
Language individual level at T1 0.5759 (0.0015) < 0.0001 0.5764 (0.0018) < 0.0001 0.5684 (0.0018) < 0.0001 0.5175 (0.0019) <0.0001
Math individual level at T1 0.1622 (0.0013) <0.0001 0.1451 (0.0017) < 0.0001 0.1559 (0.0017) < 0.0001 0.1672 (0.0018) <0.0001
Gender (Boys) -0.0328 (0.0039) < 0.0001 -0.0337 (0.0036) < 0.0001 -0.0386 (0.0035) < 0.0001 -0.0168 (0.0037) <0.0001
SES score at T1 0.0667 (0.0020) < 0.0001 0.1137 (0.0020) < 0.0001 0.0709 (0.0020) < 0.0001 0.0716 (0.0019) <0.0001
Age at T1 (month) -0.0043 (0.0003) < 0.0001 -0.0045 (0.0004) < 0.0001 -0.0014 (0.0003) 0.0001 -0.0002 (0.0004) 0.4927
Class size -0.0029 (0.0020) 0.1464 -0.0047 (0.0019) 0.0157 -0.0076 (0.0019) 0.0001 -0.0014 (0.0019) 0.4583
Z'tr;tl"f classisaboyinlanguage ;4006 (0.0019) 07532  00004(0.0018) 08440  -00001(0.0018) 09503  -0.0006(0.0018) = 0.7293
Boys - Girls rat o per class at T1 0.0011 (0.0018) 0.5429 -0.0027 (0.0018) 0.1390 -0.0053 (0.0018) 0.0029 0.0024 (0.0018) 0.1665

Heterogeneity of level in

-0.0234 (0.0018) <0.0001 -0.0125 (0.0017) < 0.0001 -0.0120 (0.0017) <0.0001 -0.0104 (0.0017) <0.0001
language at T1

Gender * Language at T1 -0.0070 (0.0025) 0.0059 | -0.0030 (0.0024) 0.2011 -0.0054 (0.0024) 0.0229 -0.0076 (0.0024) | 0.0019

Gender * Math at T1 0.0021 (0.0025) 0.3926 | -0.0015 (0.0023) 0.5075 0.0048 (0.0023) 0.0402 0.0026 (0.0024) | 0.2798

Gender * SES score -0.0061 (0.0021) 00031 | -0.0102(0.0019) = <0.0001 = -0.0121(0.0019) = <0.0001 = -0.0109 (0.0019)  <0.0001

Gender * Age at T1 0.0006 (0.0005) 0.2764 0.0001 (0.0005) 0.9137 0.0001 (0.0005) 0.8688 0.0001 (0.0005) | 0.7818

Gender * Class size 0.0046 (0.0020) 0.0221 0.0032 (0.0018) 0.0779 0.0033 (0.0018) 0.0767 0.0051(0.0019) | 0.0059

Gender " First of classis a boy in 0.0107 (0.0019) = <0.0001 = 0.0003 (0.0017) 0.8509 0.0047 (0.0017) 0.0061 0.0059 (0.0018) | 0.0010

Language at T1

j::sder Boys-Girls rat o per -0.0041 (0.0020) 0.0392 0.0022 (0.0018) 0.2195 -0.0031 (0.0018) 0.0811 -0.0062 (0.0019) | 0.0009
. .

Gender ™ Heterogeneity of level 0.0051 (0.0018) 0.0058 0.0033 (0.0017) 0.0505 -0.0008 (0.0017) 0.6403 0.0034 (0.0017) | 0.0492

in language at T1

Random ef ects

Between-class variance (Level 2)

Intercept variance 0.0990 0.0803 0.0803 0.0749

Gender variance 0.0060 0.0044 0.0057 0.0061

Language at T1 variance 0.0083 0.0055 0.0085 0.0136

Correlat on Intercept | Gender -0.11 -0.25 -0.22 -0.18

Correlat on Intercept | Language 0.24 0.18 0.08 0.08

atT1

_Crtl)rrelat on Gender | Language at 0.09 0.18 0.21 0.02

Within-class variance (Level 1) 0.4268 0.4229 0.4242 0.4775

Deviance (-2 log L) 1196878.7 1381396.8 1449135.7 1587511.5

Note: The formula implemented was as follow: Language at T3 ~ Age at T1+ Gender + Math level at T1 + language level at T1 + First of class being a boy in language + SES score at T1+ Class size +
Boys-Girls ratio per class + Heterogeneity of level in language in the class + 8 interactions between each variable and Gender + (1+ Gender + Language level at T1]| class).



Extended Data Table 3 | Different regression models comparing the size of the math gender gap between T2and T3 in
function of the year, gender and their interaction, between one cohort and the consecutive one (n=2,653,082 children)

T3-T2 Gender gap in math

Comparing 2018 and 2019 Comparing 2019 and 2020 Comparing 2020 and 2021
Parameter est mates Parameter est mates Parameter est mates
(sd) P (sd) P (sd) P
Intercept 0.0024 (0.0010) 0.0176 0.0040 (0.0009) <0.0001 0.0033 (0.0009) 0.0004
Year (relat ve to previous) 0.0016 (0.0014) NS (0.2532) -0.0007 (0.0013) NS (0.5916) -0.0018 (0.0013) NS (0.1665)
Main ef ect of gender 0.1803 (0.0020) <0.0001 0.1118 (0.0018) <0.0001 0.1256 (0.0018) <0.0001

Gender*Year -0.0685 (0.0027) <0.0001 0.0139 (0.0026) <0.0001 0.0083 (0.0026) 0.0012
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For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.
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< The statistical test(s) used AND whether they are one- or two-sided
N Only common tests should be described solely by name; describe more complex techniques in the Methods section.
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Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  Data were collected on a national scale and centralized by the DEPP (National department of statistics and research at the National Education
Ministry) team at the Ministry of Education in France. Their ethical committee ensured that all parents were fully informed and gave their
consent for the analysis of their children's data.

A formal agreement was established between our research lab and the DEPP structure, enabling local use and access to the data. The R
software, version 4.3.2, was utilized, and it can be found at the following link: https://cran.r-project.org/bin/windows/base/.

All scripts, encompassing both data management and analysis, are openly accessible on the following repository: https://github.com/
PauMdIim/Gendergaps.

As outlined in both our article and the methodology section, we applied a specific data management and analysis approach to all children in
the academic years 2018-2019, 2019 -2020, 2020-2021, and 2021-2022.

Given that the data adhered to the GDPR European law on data protection, extraction of data from the DEPP structure was not permitted.
However, we shared a simulated dataset to gain an initial understanding of how the data were organized and how the data management was
structured.

Data analysis For all the data management and data analysis, we used the R software in the latest version 4.3.2.
All of our scripts - both for data management and data analysis - were presented in open access on the following repository : https://
github.com/PauMdim/Gendergaps.
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The scripts are ordered by numbers, and we added a README document to precise the duration of script running as well as how to obtain the
access to the data at the DEPP structure based in Paris, France.

R Packages used included : rstatix, FactoMineR, dplyr, tidyverse, broom, ggplot2, jtools, LambertW, reshape2, ImerTest, knitr, rmarkdown,
Matchlt, remotes, rcpp, glmertree, BayesFactor, mice, tableone, cohens_d; all of them using R software 4.3.2 version. In addition, RDD was
performed with Stata (version 18, 2023) using the following packages: rdrobust

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Original data cannot be openly accessed; they are housed in a secure repository made available to researchers who establish an agreement with the DEPP Statistical
Department of the Ministry of Education, located in central Paris, France. This agreement took nine months to be finalized, granting us access to the data.
Local computers are provided, with secure access to both the R software and the internet, enabling us to manage and retrieve the data.

Furthermore, the DEPP department is currently working on making the data accessible remotely online, with the anticipated launch scheduled for 2025.

Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender The primary focus of our study centered around the gender gap.

Within our research, gender was recorded in a binary manner, specifically as either male or female, and reported by the
teacher.

Consistent with recommendations from the literature, we consistently employed the term "gender" rather than "sex"
throughout this manuscript, emphasizing that the gender classification was provided by an external source.

Reporting on race, ethnicity, or Reporting on either race or ethnicity are not allowed in the research fied in France, therefore we did not have any reports
other socially relevant about these domains.

groupings
We used three types of socioeconomical data :

1) firstly, we used the "socioeconomical status index" created by the statistical department research team in France and
described as followed in our material and methods, in the subsection "School socioeconomical status (SES)".

This score reflected the environment socioeconomical status surrounding children. Computed by DEPP, it was a combination
of the following data: parents ‘diploma level, material conditions level, family composition, cultural capital, cultural ambition,
parental implication levels and cultural practices. All these data were registered in 6th grade only. Thus, a retrospective
projection of every child’s socioeconomical characteristics was implemented, by post-hoc attribution of the SES score to the
primary school that a given 6th grader had attended. Finally, the school SES score was computed as the mean of all SES
scores of children who attended the same primary school (see Rocher et. al.). Ultimately, SES was a numerical variable,
defined by the DEPP, going from ~ 50 to ~ 150 and representing school socioeconomic status, 50 being the lowest, and 150
the most advantageous.

2) Secondly, we analyzed the type of school children went to, described in the subsection "School category" in material and
methods.

This variable was defined by the DEPP and the ministry of education using a combination of school status (private or public)
and of four additional characteristics: the proportion of disadvantaged socio-professional categories in the geographic area
surrounding the school; the proportion of students benefitting from social aid and scholarships in the living area surrounding
the school; the proportion of pupils living in a sensitive urban area within the school; and the proportion of pupils attending
the school who repeated a school year before their sixth grade.

3) Thirdly, we analyzed the profession of each parents, declared by children at the entry of grade 6, and linked to their profile
and results at grade 1.

Our study’s exhaustive data allowed us to consider all children, especially the lower SES subpopulations - which are
frequently withdrawn from studies because of their higher rate of missing data.

Population characteristics The population of our study is about age 6, with children being in advanced (Age 5) or late (Age 7) when starting their first
grade, in France. Both gender were included in our study, all socioeconomical levels were included and the exhaustive data

were analyzed (no sample) for the following school years : 2018-2019, 2019-2020, 2020-2021, 2021-2022.

Recruitment Every first and second grade's teachers of France had to make their students go through the national evaluations for 2 days
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Recruitment

Ethics oversight

all at the same time (end of september Year 1, end of january and end of september Year 2). For every child of their class,
teachers reported their results in a secured file, that the district gathered, anonymized and send at the national level (to the
DEPP department). We accessed four consecutive longitudinal French national assessment cohorts, targeting all French
children entering 1st grade respectively in 2018, 2019, 2020 and in 2021 and all 2nd graders entering 2nd grade in 2019,
2020, 2021 and 2022.

More precisely as mentionned in the material and methods section, 46 tests were administered by teachers over a 12-
months period. Assessments were implemented at three specific times: beginning of 1st grade (between the 3rd and 4th
week of September), hereafter called T1; middle of 1st grade (between the 3rd and 4th week of January; T2) and beginning
of 2nd grade (between the 3rd and 4th week of September; T3). Each test aimed to assess specific skills in oral language,
reading, mathematic and problem solving.

In the days following testing, teachers and schools were responsible for entering every individual response in a dedicated
computerized system, then the data were copied and anonymized at the regional level and sent to the national level where
they were stored following the European General Data Protection Regulation (GDPR). Parents were informed about these
national assessments. All children were tested, but parents could refuse the use of their children’s data for further statistical
purposes. As the whole population of children in France per year was included, no subgroups nor samples were selected,
therefore, "selection biases" are not applicable.

The organization that approved the ethical statement and study protocol was the DEPP at the Ministry of Education.

Inclusion and ethic statement

Every year — 2018, 2019, 2020 and 2021-2022, all children of first and second grades were tested at school, within their
classroom, in France. Once data were anonymized, they were sent and stored at the national statistical institution of the
ministry of education (DEPP) on approved European General Data Protection Regulation (GDPR) servers. The National
Education Data Ethics Committee, composed of qualified members, ensures compliance with legal framework regarding both
educational data protection and use. Parents were informed about these national assessments and data second use in
research. All children were tested, but parents could - at any moment - refuse the use of their children’s data for further
statistical purposes.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Study description

Research sample

Sampling strategy

Data collection

Timing

Data exclusions

Non-participation

This study is a quantitative longitudinal study based on observational data, using multi level models, growth models, Bayesian
models, Regression discontinuity design models, Matching and causal inference methods, on observational data, to estimate the
associations between school exposure and gender gaps in math in first and second grade.

As we included the whole population of France that started first and second grade from 2018 to 2022, we did not present with any
sample, but rather an exhaustive population. Age was of 6.5 years in average and both gender were quasi equally represented
(slightly more boys than girls, every year).

As the whole population of a children's age was included, no sample nor sub-cohorts were defined, neither were any sampling
strategy. The whole population data was available every year from 2018 to 2022.

The researcher was blind when data was collected. Teachers and children were provided with national evaluation notebook and a
pen. Once the testing session was over, teachers had to enter manually the results for each child, in a specific file on a computer. This
file was then sent to the education district, where it was anonymized and then sent to the national district of education. There, the
DEPP built a secured access to these exhaustive collected data.

Start: September 2018

Stop : September 2022

There was no interruption, even during the Covid-19 school year, teachers and administrators managed to plan the national
evaluations and gather results for the whole population of first and second graders in France.

Among the four cohorts (which respectively comprised 610,905, 711,452, 743,734, and 804,989 children for a total of 2,871,080
children), we excluded the following outliers : age outliers (A total of 169, 310, 261 and 446 children had aberrant birthdates
respectively in 2018, 2019, 2020 and 2021) ; the missing values on three entire sessions (A total of 75, 101, 128 and 1222 children
were excluded because all sessions were missing, respectively in 2018, 2019, 2020 and 2021); missing values on gender (A total of
60, 41, 135 and O children were removed respectively in 2018, 2019, 2020 and 2021)

As we included the whole population of France that started first and second grade from 2018 to 2022 we presented with an
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Non-participation exhaustive population, then excluded the above mentioned outliers which represented about 0.0003 % age outliers and 0.0001%
missing all the sessions.

Randomization N/A. The study population was exhaustive. Participants were not allocated to subgroups nor needed any randomization.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Materials & experimental systems Methods
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Plants

Plants

Seed stocks n/a

Novel plant genotypes  n/a

Authentication n/a
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