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This study investigates gender differences in basic numerical skills that are predictive of math achievement.
Previous research in this area is inconsistent and has relied upon traditional hypothesis testing, which does
not allow for assertive conclusions to be made regarding nonsigniﬁcant ﬁndings. This study is the ﬁrst to
compare male and female performance (N = 1,391; ages 6–13) on many basic numerical tasks using both Bayesian and frequentist analyses. The results provide strong evidence of gender similarities on the majority of
basic numerical tasks measured, suggesting that a male advantage in foundational numerical skills is the
exception rather than the rule.

The study of gender differences in math achievement has long been a topic of interest and has produced many inﬂuential, yet mixed, ﬁndings. In
1958, Anastasi concluded that boys begin to outperform girls in mathematics during the elementary
school years. However, she also noted that gender
differences may depend on contextual factors such
as the type of mathematical problem being
assessed. For example, girls were observed to excel
on tasks of computational ﬂuency, while boys were
observed to excel on more cognitively demanding
tasks such as problem solving. Early research replicated this pattern of results (Benbow & Stanley,
1980; Fennema & Carpenter, 1981; Marshall, 1984)
and reviews of the literature reported consistent
gender differences in math achievement (Fennema,
1974; Halpern, 1986; Maccoby & Jacklin, 1974). Consequently, researchers began to assess whether this
consensus held when considering all of the evidence using meta-analytic approaches (Hyde, 2005;
Hyde, Fennema, & Lamon, 1990). In the 1990s, an
inﬂuential meta-analysis of 100 studies (3,175,188
participants) revealed virtually no gender differences in overall math performance and also demonstrated that the gender gap in math achievement
had diminished over historical time (Hyde et al.,
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1990). More recent research suggests that this gap
has continued to close, and that today, men and
women display equal aptitude for mathematics
(Hyde, 2005; Hyde, Lindberg, Linn, Ellis, & Williams, 2008; Lindberg, Hyde, Petersen, & Linn,
2010).
Stereotypes About Gender Differences in Math
Achievement
Although the gender gap in math performance
has reportedly closed over time, gender gaps in math
attitudes, perceptions, and interests remain prominent. More speciﬁcally, girls continue to report
negative feelings concerning math (Nosek, Banaji, &
Greenwald, 2002; Nosek & Smyth, 2011) and to perceive math as a “male subject” (Cvencek, Meltzoff, &
Greenwald, 2011; Nosek et al., 2002). As a result,
girls tend be less interested in quantitative ﬁelds such
as Science, Technology, Engineering, and Mathematics (STEM) and therefore less likely to pursue a career
in these areas (Eccles & Wang, 2016; Kiefer & Sekaquaptewa, 2007; Shapiro & Williams, 2012). It has
been proposed that young children’s attitudes, perceptions, and interests surrounding math are shaped
early in development by environmental inﬂuences
such as parent and teacher beliefs (Gunderson,
Ramirez, Levine, & Beilock, 2012). One such belief
includes the stereotype that boys are more likely to
succeed in math than girls—a stereotype that
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continues to be held by parents and teachers
alike (Cimpian, Lubienski, Timmer, Makowski, &
Miller, 2016; Gunderson, Ramirez, Levine, et al.,
2012; Jacobs, Davis-Kean, Bleeker, Eccles, &
Malanchuk, 2005; Lavy & Sand, 2015; Riegle-Crumb
& Humphries, 2012; Robinson-Cimpian, Lubienski,
Ganley, & Copur-Gencturk, 2014). For example,
Riegle-Crumb and Humphries (2012) found that
teachers tend to perceive white boys as having
greater mathematical abilities than their female
counterparts and assumed that female students
were performing worse in math than they actually
were. Similarly, Cimpian et al. (2016) found that as
early as ﬁrst grade, teachers consistently underrate
female, relative to male, math performance despite
a general lack of evidence for differences in
achievement across the genders (Cimpian et al.,
2016). The authors interpreted these ﬁndings to
suggest that teachers may be setting lower expectations for female math achievement leading to
gender disparities in top-performing math students. In addition, these stereotypes continue to be
perpetuated in the home. For example, Jacobs
et al. (2005) observed that parents tend to provide
more math-supportive environments for their sons
compared with their daughters and that when
fathers hold the stereotype that boys are better at
math than grils, their daughter’s interest in the
subject decreases.
Therefore, empirical evidence suggests that in
the 21st century, parents and teachers continue to
hold the belief that boys are more likely to succeed
in math compared with girls. Given that such
beliefs have troubling consequences for female
math education and career choices, it remains
important to continue to conduct research that has
the potential to address gender-related stereotypes
in math.
The stereotype that boys are better at math than
girls is most commonly reinforced by evidence indicating a persistent male advantage on standardized
tests such as the mathematics section of the Scholastic Aptitude Test (SAT-M; Gallagher & Kaufman,
2005). However, as Spelke (2005) notes, it can be
problematic to infer gender differences from such
tests as they comprise many items that show varying gender disparities (Gallagher, Levin & Cahalan,
2002). Therefore, it is possible that items on tests of
math achievement can be selected in such a way
that may bias one gender over the other. Consequently, Spelke proposed that researchers should
instead examine gender differences in more basic—
both developmentally and in terms of cognitive
complexity—numerical
processing.
This
is

especially germane as individual differences in
these basic numerical processes have been shown to
be predictive of math achievement in children and
in adults (De Smedt, Noel, Gilmore, & Ansari, 2013;
Feigenson, Libertus, & Halberda, 2013; Schneider
et al., 2016). Moreover, as discussed earlier, gender
stereotypes are prevalent among teachers and parents of young children. It is, therefore, critical to
assess the degree to which gender differences exist
in the basic number skills that young children are
developing and that serve as part of the foundation
upon which higher-level math skills are built. Ultimately, if there is any credence to the stereotype
that boys are more likely to succeed in math than
girls, one should expect to see a male advantage on
the basic numerical tasks that are predictive of success in more advanced math. Against this background, the aim of the present study is to
investigate if gender differences exist on commonly
used measures of basic numerical processing.
Gender Differences in Basic Numerical Processing
Investigating gender differences in basic numerical processing is important for multiple reasons.
For one, research in this area has expanded rapidly
over the past three decades (De Smedt et al., 2013;
Schneider et al., 2016). However, surprisingly little
is known about how gender may inﬂuence the
development of these early developing skills. Given
that basic numerical processing is made up of many
different components with different developmental
trajectories and relationships to arithmetic achievement (Lyons, Price, Vaessen, Blomert, & Ansari,
2014), it is plausible that gender differences may
manifest differently within various basic numerical
skills. By systematically investigating gender differences across a series of widely used basic numerical
tasks, we can provide a more reﬁned picture about
both gender similarities and differences in foundational numerical skills in the early years. This work
could potentially inform how we might expect gender differences to play out in more complex numerical processing as each of the skills described earlier
have been shown to be predictive of higher order
math processing and are the focus of considerable
developmental research trying to understand the
foundational underpinnings of children’s mathematical competencies (e.g., De Smedt et al., 2013;
Feigenson et al., 2013; Schneider et al., 2016). Second, as previously discussed, the stereotype that
boys are more likely to succeed in math continues
to be widely held by both parents and teachers and
such stereotypes have shown to be harmful for
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female math education and participation in STEM.
Therefore, looking at gender differences within the
foundational components of math can be informative for addressing the (potential) roots of gender
differences in math and informing math-related
gender stereotypes.
To date, research investigating gender differences in basic numerical processing has been surprisingly scarce. Of the studies that have examined
gender differences in this area, very little difference has been observed with respect to overall
performance on classic tasks of basic numerical
processing (e.g., number comparison). Gender differences in number processing have been most
consistently reported on measures that are thought
to index the degree to which spatial processes
inﬂuence numerical processing, such as the
Spatial Numerical Association of Response Codes
(SNARC) effect (i.e., one is quicker to process
smaller numbers when responding with their left
hand, and larger numbers when responding with
their right hand) and number-line estimation (asking participants to estimate the relative spatial
position of a numeral on a number line). The evidence in this area suggests that boys display a larger SNARC effect during both explicit and implicit
number processing (Bull, Cleland, & Mitchell,
2013) and make more accurate and linear number
estimations (Bull et al., 2013; Gunderson, Ramirez,
Beilock, et al., 2012; Reinert, Huber, Nuerk, &
Moeller, 2016; Thompson & Opfer, 2008). The male
advantage in number-line estimation has been
observed in both adults and children, and has
been elicited by both bounded (i.e., the number
line is marked with a start-, mid-, and end-point)
and unbounded (i.e., the number line is marked
only with a start-point and the length of one-unit)
number-line tasks. Importantly, it should be noted
that in the few studies that also collected measures
of math achievement, this advantage did not translate into superior math performance on measures
of numerical operations and math reasoning (Bull
et al., 2013; Thompson & Opfer, 2008). Spatial processing is one of the few cognitive domains that
shows reliable gender differences favoring boys
(e.g., Halpern et al., 2007; Levine, Foley, Lourenco,
Ehrlich, & Ratliff, 2016; Voyer, Voyer, & Bryden,
1995). One possibility, then, is that boys are more
likely to rely on spatial approaches or strategies
when completing basic numerical tasks.
In terms of more traditional tasks of basic numerical processing, the ﬁndings are much less consistent.
For example, one study (n = 140) reported a gender
difference favoring boys on a single- and multidigit
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number comparison task (Krinzinger, Wood, & Willmes, 2012), whereas another (n = 1,156) revealed a
gender difference favoring girls on a similar task
(Wei et al., 2012). In addition, in a sample of 526
seven- to sixteen-year olds, no gender differences
were observed on a number comparison task and
on three other basic numerical tasks, including
reading numbers, writing numbers, and ordering
numbers (Rosselli, Ardila, Matute, & Inozemtseva,
2009). In contrast, a different study (n = 220)
observed a male advantage on a number writing
task (Krinzinger, Kaufmann, et al., 2012). Gender
differences have also been observed on the
numerical distance effect (NDE), a measure
derived from number comparison tasks wherein it
is easier to discriminate between two numbers as
the numerical distance between them increases
(Bull et al., 2013). In a sample of 52 adult participants, the authors observed that boys were faster
to discriminate between two numbers and that
only girls displayed an NDE. Bull et al. (2013)
interpreted this ﬁnding to suggest that boys have
a more accurate mental representation of number,
which makes it easier to discriminate between
numbers that are closer together. However, there
is now evidence against this interpretation of
results from number comparison studies (Lyons,
Nuerk, & Ansari, 2015). In addition, the lack of
an NDE did not translate into a male advantage
in terms of arithmetic performance, as the NDE
did not correlate with performance on the arithmetic task.
The ﬁndings regarding gender differences in
basic numerical processing may differ for multiple
reasons. First, with the exception of Wei et al.
(2012), the few studies that looked at gender differences within basic numerical skills comprised relatively small sample sizes, which are naturally more
susceptible to greater variability in outcomes across
studies. Second, many different tasks were used to
assess what is sometimes thought of as the same
basic number skill. For example, to assess number
comparison, Rosselli et al. (2009) administered a
task in which participants were presented with two
cards, each containing eight three-digit numbers,
and asked to state the largest number on each card.
Comparatively, to assess presumably the same skill,
Krinzinger, Wood, et al. (2012) administered both a
single- and multidigit number comparison task in
which children were asked to indicate which of two
numbers was larger by pointing. Finally, Wei et al.
(2012) administered a number comparison task in
which participants were presented with pairs of single-digit numbers in varying sizes and asked to
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determine which was larger while ignoring the
physical size of the number. The large degree of
variety in the tasks used to assess gender differences in basic number skills could potentially
explain the conﬂicting results in this area. Finally,
of the studies that showed conﬂicting results, most
focused on children between the ages of 7–10;
although this does not explain the inconsistent ﬁndings, it does highlight the fact that none of the previous studies looked at gender differences across
the elementary school years.
Taken together, the research concerning traditional basic numerical processing does not provide
strong evidence for or against gender differences in
this area. The lack of consistency across studies in
terms of sample size and task implementation, in
addition to the relatively limited scope in age
groups studied, speaks to the need for a study that
uses a large sample to systematically investigate
gender differences in a wide range of basic numerical tasks across multiple developmental stages. This
is precisely what we aim to do here.
Current Study
To sum, the majority of evidence investigating
gender differences in math achievement converges
around gender similarities; however, the same cannot be said for gender differences within the foundational components of more complex math
processing. More speciﬁcally, of the relatively small
handful of studies that have looked at gender differences in basic numerical skills, some have
observed a gender difference favoring boys, others
have observed an advantage favoring girls, and
some have observed no difference at all. Overall,
the fact that gender differences have been observed
within some foundational components of math
achievement suggests that gender differences in
math may be more nuanced than current thinking
would suggest. Put differently, not all basic numerical processing tasks index the same underlying processes, and thus, gender similarities and differences
may vary as a function of the speciﬁc basic numerical processing task being examined. To this end,
the present study aims to take a systematic
approach to investigate gender differences on a series of frequently used basic numerical skills across
multiple age groups.
If boys outperform girls on tasks that makeup
the foundations of mathematical skills, this would
lend support to the stereotype that boys have an
early advantage that makes them more likely to
succeed in math than girls. Conversely, if boys and

girls perform equally on basic numerical tasks, it
would suggest that both genders may be equally
equipped (at least in terms of foundational numerical abilities) to acquire more complex math skills.
Further, to help better contextual our results, we
investigate how gender differences in basic numerical processing may differ as a function of age.
The Use of Bayesian Statistics to Assess Evidence for
Gender Differences
Even in studies that have failed to detect gender
differences in basic numerical processing (Aunio
et al., 2004; Rosselli et al., 2009), the use of frequentist statistics does not allow for the conclusion to be
made that the evidence favors the hypothesis that
gender differences do not exist on these measures.
More speciﬁcally, a statistically nonsigniﬁcant result
could mean one of two things; that there is no effect
or that there was not enough evidence to detect an
effect. Traditional null-hypothesis testing does not
afford differentiation between these two possibilities
(Rouder, Speckman, Sun, Morey, & Iverson, 2009;
van de Schoot et al., 2014; Wagenmakers, Morey, &
Lee, 2016; Wagenmakers, Verhagen, & Ly, 2015). To
rectify this issue, the present study takes a Bayesian
approach to the study of gender differences in basic
numerical processing. Bayesian statistics allows one
to quantify evidence for the null hypothesis by
weighing the evidence for the null against the evidence for the alternative hypothesis. The present
study weighs the evidence for a gender difference
on 12 basic numerical tasks (counting, dot comparison, dot estimation, number comparison, numberline estimation [100], number-line estimation [1,000],
number ordering [one digit], number ordering [two
digits], object matching, visual-audio matching,
addition and subtraction, and multiplication and
division), against the evidence for no gender difference. In sum, this approach allows us to state with
greater conﬁdence whether gender differences truly
exist on these basic numerical tasks.

Method
It should be noted that the data presented here come
from a large data set, a portion of which has been
previously described and reported elsewhere (Bartelet, Ansari, Vaessen, & Blomert, 2014; Lyons &
Ansari, 2015; Lyons et al., 2014, 2015). Importantly,
while the overall data set remains the same, the present study addresses theoretical questions and
employs statistical analyses distinct from those
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Table 1
Brief Descriptions of the Tasks Administered
Task

Brief description

Number comparison (NumComp)
Dot comparison (DotComp)
Number ordering (NumOrd)
Counting (Counting)
Dot estimation (DotEst)
Number-line estimation (NumLine)
Addition/subtraction (AddSub)
Multiplication/division (MultDiv)
Object matching (ObjMatch)
Visual-audio matching (VisAud)
Stimulus–Response processing (StimResp)
Reading (Reading)
Ravens (Ravens)

Determine which of two symbolic numbers is larger
Determine which of two dot arrays contains more
Determine whether three symbolic numbers presented horizontally are in the correct
ascending order. Single- and double-digit sequences were administered separately
Count number of dots (1–9) on the screen as quickly and as accurately as possible
Estimate how many dots makeup a visually presented array of dots
Indicate on a horizontal line (either 0–100 or 0–1000) where a symbolic number should fall
Addition and subtraction subtasks of a standardized test of arithmetic ability
Multiplication and division subtasks of a standardized test of arithmetic ability
Determine which of two sets of common objects contain the same number of objects as
a sample array
Determine if a number spoken out loud matches a visually presented number
Press the one marked square out of four as quickly as possible
Standardized measure of reading ability
Standardized assessment of nonverbal (spatial) reasoning/IQ

Note. Task abbreviations in parentheses are used throughout the remainder of the manuscript.

studies cited earlier. For an in-depth description of
the procedure and tasks, see Lyons et al. (2014). Brief
descriptions of the tasks are displayed in Table 1.
Participants
Data were collected from 1,463 children in
Grades 1–6 from seven different primary schools in
the Netherlands. Parents either provided or withheld consent by returning the appropriate form.
Children who performed at chance on any of the
tasks for which chance can be deﬁned (> 49% error
rate on any of the binary forced-choice numerical
tasks: NumComp, DotComp, NumOrd, VisAud,
ObjMatch; > 24% error rate on the four-choice StimResp task) were removed from further analysis, as
chance performance is difﬁcult to interpret. This led
to the removal of 37 children (2.53%) from further
analyses. For each grade, outliers were removed by
checking whether a child’s score on a given task
was more or < 4 SDs from the mean for that task.
This led to the removal of 35 additional children
from the analysis (2.39%). A total of 72 children
were ultimately removed from the data set resulting in a ﬁnal sample size of N = 1,391 (722 female;
see Table S1 for a breakdown of ns by grade). The
data collection was approved by the Ethics Review
Board at Maastricht University.
Task Scoring
On the majority of the tasks administered (NumComp, DotComp, NumOrd [one digit and two

digits], VisAud, ObjMatch, Counting and StimResp), performance scores were calculated as a
composite of error rates and response times (correct
trials only), using the formula: P = RT(1 + 2ER),
where a higher value indicates worse performance.
Error rates were multiplied by 2 because most tasks
were constrained by binary responses (ER = 0.5
indicates chance). Combining response times and
error rates provides a more complete picture of
overall performance, as it reduces the number of
statistical tests by half, which in effect reduces the
risk of false positives and also controls for variability in speed-accuracy trade-offs across tasks. Essentially, the combined score is a measure of reaction
times (ms) after they have been penalized for inaccurate performance. The scale ranges between a
participant’s actual average response time (where
P = RT) for completely accurate performance (0%
errors) and twice that value (P = 2RT) for chance
performance (50% errors).
Performance was calculated differently for the
DotEst and NumLine (NL100 and NL1000) tasks, as
these tasks include many trials on which exactly
correct answers are unlikely, which makes traditional error rates difﬁcult to interpret. Performance
for these tasks was, therefore, calculated using percent absolute errors: PAE = |Est  Target|/Scale,
where Est is the child’s estimation, Target is the target number, and Scale is the scale or range of target
numbers. Scale was 100 for NL100, 1000 for
NL1000, and 16 for DotEst. Final scores were calculated by averaging the PAE for each trial, with a
higher number indicating worse performance.
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Analyses

Results

The aim of the present study was to investigate
gender differences in performance on basic numerical tasks. We did so using both traditional hypothesis testing and Bayesian analyses. Following
traditional frequentist methods, we ran a series of
univariate analyses of variance (ANOVAs) in SPSS
(IBM Corp, 2013) with task as the dependent variable and gender (0 = male, 1 = female) and grade as
ﬁxed factors. To control for multiple comparisons,

 ak, 1967) corrected sigwe used the Dunn-Sidak
(Sid
niﬁcance threshold of p = .003 (this value was
derived using the following formula: 1  (1  a)1/
k
, where a = .05 and k = 15 (k refers to the number
of independent signiﬁcance tests that were run). To
examine how gender differences may differ
depending on grade, we ran a series of t tests comparing performance as a function of gender for each
task per grade (corrected signiﬁcance threshold:
p = .0006). Using traditional hypothesis testing, we
can infer from a signiﬁcant result that a gender difference may exist on a given task; however, we cannot infer from a nonsigniﬁcant result that there is
evidence in support of the null hypothesis. We,
therefore, furthered our investigation of gender differences in basic numerical processing through
Bayesian analyses.
Bayesian analyses weigh the evidence for the
alternative (B10; evidence for the existence of a
gender difference), against the evidence for the
null (B01; evidence for the lack of a gender difference). The resulting statistics provide an index of
the strength of the evidence for or against the
alternative (i.e., the Bayes factor, BF). This allows
us to infer how likely it is that a gender difference
truly exists on any of our 15 measures. We ran
Bayesian ANOVAs for each task with task performance as the dependent variable and gender and
grade as ﬁxed factors using the software JASP
(JASP Team, 2016). This provided us with B10 and
B01 factors for the main effect of gender and the
Gender 9 Grade interaction. To quantify the evidence for the alternate hypothesis (that gender differences do exist), we used the default Cauchy
distribution prior centered on the null with a
width of 0.707. Given the dearth of prior evidence
relevant to the present investigation of gender differences in basic number processing, we chose this
default prior rather than an informative prior. To
quantify evidence for the null hypothesis (that
there are no gender differences), we set the prior
as an effect size of 0 (which again is the default in
JASP for calculating BF01).

Frequentist Results
Table 2 displays the results from the multiple
univariate ANOVAs. A signiﬁcant main effect of
grade was observed for each task, which simply
indicated that older children performed better on
each task (see Table S1 for mean task performance).
In addition, a signiﬁcant main effect of gender
favoring boys was observed on the NumOrd (two
digits), NL100, NL1000, and AddSub tasks. Furthermore, an interaction between gender and grade
was observed on the Counting, NL100, and NL1000
tasks, indicating that gender differences varied by
grade for these tasks. A series of t tests (displayed
in Table 3) revealed a signiﬁcant gender difference
favoring girls in Counting in Grade 1 but none of
Table 2
Results From the Univariate Analyses of Variance Investigating the
Effects of Gender and Grade on Task Performance

NumComp
DotComp
NumOrd (one digit)
NumOrd (two digits)
Counting
DotEst
NumLine (0–100)
NumLine (0–1,000)
AddSub
MultDiv
ObjMatch
VisAud
StimResp
Reading
Ravens

F
p
F
p
F
p
F
p
F
p
F
p
F
p
F
p
F
p
F
p
F
p
F
p
F
p
F
p
F
p

Gender

Grade

Interaction

7.05
.008
1.67
.196
1.50
.220
10.81
.001
8.49
.004
2.11
.147
53.58
<.001
118.39
<.001
28.55
<.001
1.84
.176
3.93
.048
2.39
.122
0.66
.418
0
.970
0
.992

318.14
<.001
121.81
<.001
243.40
<.001
133.93
<.001
258.78
<.001
73.98
<.001
448.96
<.001
143.84
<.001
550.30
<.001
62.36
<.001
278.58
<.001
447.91
<.001
285.74
<.001
447.82
<.001
77.37
<.001

0.23
.950
2.44
.033
0.72
.612
0.76
.554
5.92
<.001
0.31
.910
8.79
<.001
8.39
<.001
1.10
.357
0.63
.596
2.02
.073
0.378
.864
1.41
.219
0.82
.532
0.21
.957

Note. The Bonferonni corrected signiﬁcance threshold was
p < .003. Signiﬁcant results are bolded.
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the other grades; a signiﬁcant gender difference
favoring boys in the NL100 task in Grades 1 and 2,
but none of the other grades; and a signiﬁcant gender difference favoring boys in the NL1000 task in
Grades 2–5, but not in Grade 6.
Although it is informative to know on which
tasks and in which grades gender has a signiﬁcant
effect, it is also crucial to assess the strength of such
effects. Effect sizes reﬂecting the magnitude of overall and grade-speciﬁc gender differences in task
performance are displayed in Table 4. As is
reﬂected in the table, the overall gender difference
favoring boys in the NumOrd (two digits) and
AddSub tasks appear to be relatively small. In
addition, when broken down by grade, the effect of
gender on NumOrd (two digits) and AddSub performance is no longer signiﬁcant, suggesting that
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within each grade, boys and girls are performing
equally on both measures. Gender appears to have
the strongest effect on overall performance in the
NumLine tasks. When looking across the grades,
the male advantage in the NL100 task appears to
strengthen between Grades 1 and 2, but it drops
below signiﬁcance in Grades 3–6. The gender difference favoring boys in the NL1000 task appears to
be the strongest and most consistent; however, the
strength of the effect appears to decrease as grade
increases, and by Grade 6, the effect of gender is no
longer signiﬁcant. To further assess the magnitude
of the signiﬁcant gender differences, and to
quantify evidence in favor of the null, especially in
the case of nonsigniﬁcant results, we followed up
the traditional hypothesis testing with Bayesian
analyses.

Table 3
Results From the t Tests Investigating the Difference in Performance Between Boys and Girls on Each Task Within Each Grade

NumComp
DotComp
NumOrd (one digit)
NumOrd (two digits)
Counting
DotEst
NumLine (0–100)
NumLine (0–1,000)
AddSub
MultDiv
ObjMatch
VisAud
StimResp
Reading
Ravens

t
p
t
p
t
p
t
p
t
p
t
p
t
p
t
p
t
p
t
p
t
p
t
p
t
p
t
p
t
p

Grade 1

Grade 2

Grade 3

Grade 4

Grade 5

Grade 6

0.34
.734
2.21
.028
0.65
.516
—
—
3.80
< .001
0.10
.920
3.97
< .001
—
—
0.43
0.67
—
—
1.46
.147
0.05
.961
1.63
.104
0.89
.375
0.44
.661

0.55
.584
1.99
.047
0.73
.464
1.36
.177
1.71
.088
1.16
.248
4.36
< .001
5.83
< .001
1.42
.159
—
—
2.23
.027
1.11
.267
0.65
.515
0.843
.400
0.316
.752

1.52
.130
0.73
.464
1.67
.096
2.31
.021
0.39
.700
1.08
.280
1.83
.068
6.06
< .001
3.03
.003
0.46
.644
0.31
.755
0.23
.816
0.83
.408
0.17
.867
0.75
.453

1.70
.090
1.05
.294
0.19
.849
0.272
.785
0.28
.776
0.76
.448
2.22
.027
4.85
< .001
2.42
.016
1.03
.305
0.69
.493
0.01
.989
1.00
.316
0.04
.968
0.25
.804

2.92
.004
0.30
.762
1.18
.240
2.13
.035
1.26
.207
0.15
.882
2.44
.015
4.13
< .001
2.936
.004
0.68
.497
1.27
.206
1.83
.069
0.63
.531
1.35
.177
0.07
.944

1.36
.176
0.29
.776
1.17
.245
1.38
.170
0.06
.951
0.63
.529
2.10
.037
1.74
.083
2.62
.009
1.38
.170
0.57
.568
1.25
.213
1.51
.132
0.64
.523
0.05
.958

Note. The Bonferonni corrected signiﬁcance threshold was p < .0006. Signiﬁcant results are bolded. Because lower scores reﬂect better
performance in all tasks except for AddSub, MultDiv, Reading, and Ravens, the signs for these four tasks were switched so that for all
tasks a negative value reﬂects better male performance, and a positive value reﬂects better female performance.
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Table 4
Effect Sizes (Cohen’s ds) Reﬂecting the Magnitude of the Difference Between Male and Female Performance on Each Task

Note. The effect sizes in the “all” column were calculated from F-statistics (shown in Table 2), whereas the effect sizes in the grade columns were calculated from t-statistics (shown in Table 3). Signiﬁcant values are bolded. Because lower scores reﬂect better performance
in all tasks except for AddSub, MultDiv, Reading, and Ravens, the signs for these four tasks were switched so that on all tasks a positive effect size (the color blue) indicates better performance favoring girls, whereas a negative effect size (the color red) indicates better
performance favoring boys (see online version for color version of the table).

Bayesian Results
Figure 1 displays the BFs for the main effect of
gender (see Table S2 for a list of exact values and
BFs for the interaction term). The B10 values reﬂect
the strength of the evidence for the alternative (a
gender difference does exist), whereas the B01 values reﬂect the strength of the evidence for the null
(a gender difference does not exist). According to
Jeffreys (1961), the interpretation of BFs can be
organized into three categories: if less than 3, the
evidence is anecdotal (i.e., the evidence is not sufﬁcient); if above 3, the evidence is substantial; and if
above 10, the evidence is strong. As can be seen in
Figure 1, there is negligible evidence for both the
alternative and the null on the AddSub, NumOrd
(two digits), and ObjMatch tasks. Therefore, we do
not have sufﬁcient evidence to infer whether a gender difference exists on these measures. However,
on the remaining 12 tasks, the evidence clearly supports either the alternative or the null. First, on the
NumComp, DotComp, NumOrd (one digit), DotEst, MultDiv, VisAud, StimResp, Reading, and
Ravens tasks, there is substantial to very strong evidence in support of the null hypothesis and very
weak evidence for the alternative, meaning that it is
very unlikely that gender inﬂuences performance
on these measures. On the remaining three tasks
(NL100, NL1000, and Counting), there was

substantial evidence for an effect of gender on the
NL100 and Counting tasks, and very strong evidence for a gender difference in performance on the
NL1000 task. However, in all cases in which the
evidence supports the alternative, there is very
strong evidence for a Grade 9 Gender interaction,
suggesting that the gender differences observed on
these three measures are not consistent across the
grades (Table S2).

Discussion
Despite evidence indicating gender similarities in
math, the stereotype that boys are more likely to
succeed in math than girls continues to be widely
held. Such stereotypes, when held by parents,
teachers, and students themselves, can be harmful
for female math education and may ultimately discourage girls from pursuing careers in STEM ﬁelds.
If this stereotype is in fact true, a male advantage
should be observed in the basic numerical skills
that makeup the foundation of more advanced
math skills. To date, research in this area has been
scarce and the ﬁndings that have been reported are
inconsistent. Moreover, the majority of previous
work has employed primarily traditional hypothesis
testing to assess gender differences on basic numerical tasks; however, traditional hypothesis testing

Gender Differences
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Figure 1. Bayesian results—main effect of gender.
Notes. A Bayes factor (BF) < 3 (dashed gray line) is considered anecdotal; 3 < BF < 10 is considered substantial; BF > 10 (thick gray line)
is considered strong. For exact values and BF values for the interaction term, see Table S2.

does not allow for assertive conclusions to be made
concerning nonsigniﬁcant ﬁndings (e.g., it cannot
be used to quantify the evidence in support of the
null hypothesis). The present study is, to our
knowledge, the ﬁrst to compare male and female
performance in basic numerical processing using a
single, large sample of children (1,391) from both
frequentist and Bayesian perspectives.
Overall, the evidence from the present study largely supports the null hypothesis (i.e., a gender difference does not exist) for the majority of tasks
measured here. In other words, the presence of gender differences in basic numerical processing in
children appears to be more the exception than the
rule. Frequentist analyses revealed a nonsigniﬁcant
difference between male and female performance
on the majority of the tasks administered
(numerical comparison, dot comparison, numerical
ordering [one and two digits], dot estimation, multiplication/division, object matching, visual-audio
matching, stimulus–response processing, reading
ability, and nonverbal intelligence). The nonsigniﬁcant ﬁndings were further quantiﬁed through Bayesian analyses, which afﬁrmed that the evidence for
the null was substantial to very strong and that the

evidence for the alternative was very weak. It is,
therefore, highly unlikely that gender inﬂuences
performance on any of the aforementioned tasks in
children in Grades 1–6. In contrast, the frequentist
analyses revealed a signiﬁcant gender difference on
the numerical ordering (two digits) and addition/
subtraction tasks. However, the associated effect
sizes were relatively weak and when broken down
by grade, boys and girls appeared to perform
equally well on both of these measures. Moreover,
Bayesian analyses showed that the evidence for a
gender difference on these tasks was insufﬁcient
(e.g., there is not enough evidence in support of
either the null or the alternate hypothesis). That is
to say, in the present study, there was not enough
evidence to determine whether gender inﬂuences
performance on the numerical ordering (two digits)
or addition/subtraction tasks, and therefore, we
cannot draw ﬁrm conclusions regarding the effect
of gender on either of these measures. We ﬁnd evidence for gender differences on only three of the
basic numerical tasks assessed here: the two number-line tasks (0–100 and 0–1,000) and the counting
task, and only the two number-line tasks showed
an advantage for boys over girls. Furthermore,
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these effects decreased with development (i.e., gender differences were smaller in older relative to
younger children). Taken together, the present ﬁndings indicate that, for the most part, gender does
not inﬂuence basic numerical processing.
With the exception of number-line estimation,
prior research looking at gender differences in basic
numerical skills has been somewhat mixed. Therefore, it is unclear how our ﬁndings regarding more
traditional tasks of basic numerical processing (e.g.,
number comparison) ﬁt in with the current literature. For example, our null ﬁndings converge with
those reported by Rosselli et al. (2009) who
observed nonsigniﬁcant gender differences on both
a number comparison and number ordering task.
However, these ﬁndings diverge from what was
reported by Krinzinger, Wood, et al. (2012), who
observed a male advantage in number comparison,
and Wei et al. (2012) who observed a female advantage on a similar task. As noted earlier, most of
these studies comprise relatively small sample sizes
with limited age ranges and utilize a wide variety
of tasks to assess ostensibly the same basic numerical skills; hence, it is difﬁcult to pinpoint why previous ﬁndings differ from ours.
In terms of the tasks in which we did observe a
gender difference (i.e., number-line estimation and
counting), the ﬁndings concerning number-line estimation converge with past studies suggesting that
number-line estimation is one of the few numerical
tasks that does show an effect of gender favoring
boys (Bull et al., 2013; Gunderson, Ramirez, Beilock,
et al., 2012; Reinert et al., 2016; Thompson & Opfer,
2008). However, the current results are the ﬁrst to
suggest that the male advantage in number-line
estimation may decrease with age. In terms of
counting, to our knowledge, the current ﬁndings
are the ﬁrst to indicate a female advantage on this
task speciﬁcally within the ﬁrst grade. We further
expand upon the role of gender in number-line estimation and counting in the following paragraphs.
In terms of number-line estimation, Bayesian
analyses revealed substantial evidence for a gender
difference on the NL100 task and very strong evidence for a gender difference on the NL1000 task.
The gender difference observed in number-line estimation is potentially related to a male advantage in
visual-spatial skills (for a review on gender differences in cognition, see Halpern et al., 2007), as such
skills have previously been linked to performance
on number-line tasks (Gunderson, Ramirez, Beilock,
et al., 2012). However, it should be noted that the
effect of gender in number-line performance
decreased with grade. More speciﬁcally, the male

advantage in number-line estimation was no longer
signiﬁcant by Grade 4 for the NL100 task and by
Grade 6 for the NL1000 task.
Although a male advantage on the number-line
task is not all too surprising, the fact that this
advantage decreased with grade is of potential
interest. We offer two speculative interpretations.
For one, it is possible that cultural factors such as
education are helping to mitigate against gender
differences in visual-spatial processing, allowing for
girls to catch up with their male counterparts on
the number-line estimation task in later grades.
Alternatively, it could be that when completing
the number-line estimation task, older children rely
less heavily on spatial strategies—which are prone
to gender differences—to complete the task. A
recent study investigating adult gender differences
in number-line estimation offers some support for
this interpretation (Reinert et al., 2016). In this
study, the authors did not observe a gender difference on a traditional number-line estimation task,
which converges with what we observed in older
children. However, when the authors increased the
visual-spatial demands of the task by presenting
participants with an unbounded number line (only
a start-point and the length of one-unit are indicated), a male advantage was observed. This suggests that the visual-spatial demands elicited by
the traditional number-line estimation task may
not be strong enough to result in a male advantage for adults and perhaps even older children.
Future research should further investigate the
mediating role of visual-spatial processing in number-line estimation and how it may change with
age.
The third instance in which Bayesian analyses
revealed substantial evidence for a gender difference was on the counting task, in which girls signiﬁcantly outperformed boys in counting in Grade
1 but none of the other grades. The female advantage in ﬁrst-grade counting could potentially be
explained by the fact that girls tend to have an
advantage in verbal abilities (Halpern et al., 2007).
However, this interpretation is limited by the fact
that we do not see greater female performance on
the reading task, which we would expect if the
girls in our sample had a verbal advantage. In
addition, we only see a gender difference in counting in Grade 1; if an advantage in verbal ﬂuency
contributed to the effect of gender on this task, we
might expect the female advantage in counting to
be more consistent. It is, therefore, difﬁcult to
interpret why we see a female advantage for
counting in Grade 1; nevertheless, such a ﬁnding

Gender Differences

does not align with the stereotype that boys are
more likely to succeed in math than girls.
Overall, the current ﬁndings point toward gender
similarities on the majority of tasks administered.
Prior research investigating gender differences in
basic numerical processing has relied solely upon frequentist statistical testing methods, which does not
allow for assertive conclusions to be made regarding
nonsigniﬁcant ﬁndings. Scientists who are perhaps
all too aware of this crucial but often overlooked
shortcoming of frequentist approaches will (rightfully) tend to be cautious when characterizing null
ﬁndings to members of the media and general public,
which may contribute—inadvertently—to the persistence of gender stereotypes in math. Therefore, when
examining gender differences, it is both highly informative and perhaps even conceptually transformative to be able to quantify evidence for the null (i.e.,
gender similarities). To this end, our study is the ﬁrst
to provide compelling evidence for gender similarities across a range of elementary ages and wide
range of basic numerical skills.
It is especially important to provide strong,
clear evidence in favor of gender equality in children, because, as previously mentioned in the
Introduction, teachers and parents continue to
hold the belief that girls have poorer math skills,
and such stereotypes are known to be damaging
for female math education and career choices
(Cvencek et al., 2011; Eccles & Wang, 2016; Good,
Aronson, & Harder, 2008; Kiefer & Sekaquaptewa,
2007; Nosek & Smyth, 2011; Nosek et al., 2002;
Shapiro & Williams, 2012; Tomasetto, Alparone, &
Cadinu, 2011). The current ﬁndings help to dispel
this stereotype by suggesting that, at the level of
basic numerical processing, both boys and girls
should be equally capable of acquiring more complex math skills. Ultimately, while certain stereotypes may have some basis in fact, many are
predicated largely on myth. By examining gender
differences across a wide range of basic numerical
tasks, we are able to clearly state that gender differences are the exception not the rule.
Limitations
It should be noted that the ﬁndings from the present study are speciﬁc to children growing up in
the Netherlands. As previously mentioned, crossnational research has shown that gender differences
in math vary across cultures, with some countries
displaying gender similarities and others displaying
gender differences (Else-Quest, Hyde, & Linn,
2010). In the country in which the data were
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collected, there does not appear to be strong evidence for a male advantage in math, although gender differences in math have been observed in
other countries. Thus, it is plausible that we may
see greater gender differences in basic numerical
processing in countries that report stronger gender
differences in math. Therefore, to culturally situate
the current ﬁndings, an important future direction
is to investigate gender differences in basic numerical skills in regions in which stronger gender differences in math have been reported.
In addition, due to the difﬁculty of the tasks, the
ﬁndings of the present study are speciﬁc to children
who have already begun formal schooling. An
important future direction would be to investigate
gender differences in (age-appropriate) basic
numerical skills of younger children, as gender may
differentially affect the relevant skills of children
who are just beginning to acquire them.
Finally, given the fact that basic numerical skills
makeup the foundation upon which more complex
math abilities develop, we have interpreted the lack
of gender differences in these skills to suggest that
boys and girls should be equally capable of acquiring more complex math abilities. However, it is
important to note that basic numerical skills do not
account for all of the variation in later math
achievement. Therefore, it is important to understand how gender may be acting through other
cognitive correlates of complex math processing to
inﬂuence math performance in order to further
address gender stereotypes in math.
Conclusion
In conclusion, the present study is the ﬁrst to
investigate gender differences in basic numerical
processing in a large sample of children using both
frequentist and Bayesian analyses. Moreover, our
ﬁndings are the ﬁrst to provide strong evidence
against the effect of gender on many basic numerical tasks. Of the three instances in which strong
gender differences were observed (number line 0–
100, number line 0–1,000, and counting), only the
number-line tasks favored boys, and in each case,
the effect of gender decreased with grade, becoming nonsigniﬁcant in older children. In sum, the
presence of gender differences in basic numerical
processing in children is more the exception than
the rule. The strong evidence for gender similarities
in basic numerical processing and the underwhelming support for the alternative suggest that boys
and girls are equally equipped with basic numerical
competencies and thus should be equally capable of
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acquiring complex mathematical skills. Such ﬁndings may have the potential to dissuade parents
and teachers from underestimating the capacity for
girls to excel in math.
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