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Introduction: While global brain volume differences between males and females

have been shown to manifest during prenatal life, it is unclear whether global

differences remain stable or show variability over the lifespan. Therefore, our

goal was to use the existing literature coupled with large-population-based

studies to assess age-related differences in effect size estimates of brain size

between males and females over the life-span.

Methods: We quantified effect size measures (Cohen’s d) of sex differences in

terms of head circumference using data drawn from the literature of prenatal

(14 weeks to birth) ultrasounds of n = 36,487 uncomplicated healthy births

and direct postnatal (0–7 years) head circumference measurements from

85,598 children. The effect size of sex differences of cortical surface area,

cortical thickness, and cortical volume were also computed from structural

magnetic resonance imaging data from 25,846 healthy individuals aged

5–89 years.

Results: Head circumference was consistently larger in males from fetal life

through early childhood, with effect sizes typically ranging from ∼0.3 to 0.5

across studies and developmental stages. Males exhibited greater surface area

and cortical volume across development, with effect sizes increasing from ∼0.4

at age 5 to ∼1.4 by age 24, after which they remained relatively stable. Cortical

thickness showed a female advantage during childhood that diminished by mid-

adolescence.

Conclusion: The effect size of sex differences in global brain metrics

does not remain constant across the lifespan. The underlying mechanisms

are likely to involve endocrine and other neurodevelopmental processes.

Future studies, especially preclinical and longitudinal studies beginning in the

prenatal period may offer insight into the underlying mechanisms and the

potential for translation of these findings, assessing the curves in patients with

neurodevelopmental disorders.
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1 Introduction 

Prior literature has demonstrated sex-based dierences in 
global measures of brain size using dierent measurement 
techniques (Bethlehem et al., 2022; Gennatas et al., 2017; Ritchie 
et al., 2018; Ruigrok et al., 2014). Head circumference (HC) 
is an easy-to-measure external proxy for overall brain size in 
pediatric populations, as studies have shown high correlations 
between HC with both CT and MRI measures (Bartholomeusz 
et al., 2002; Hshieh et al., 2016; Lindley et al., 1999). Larger 
HC reflects a larger cranial vault, which closely approximates 
intracranial volume (ICV), which is the total space occupied by 
brain tissue, cerebrospinal fluid, and vasculature. Cortical volume 
constitutes a substantial portion of ICV; it scales with ICV but 
the correspondence is imperfect as cortical volume is influenced 
by multiple factors (e.g., pruning, neurodegeneration) that do not 
aect ICV or HC. In this study we focus on HC during early 
development (mid-gestation and early childhood period) and on 
cortical volume in healthy individuals aged 5–89 years (childhood 
to late adulthood). The rationale for this two tier strategy is justified 
by the availability of data during these periods of life. Specifically, 
HC is routinely collected proxy for global brain size in fetal life 
and early childhood. HC correlates strongly (r > 0.9) with ICV 
in older adults (Hshieh et al., 2016), and head circumference 
has been demonstrated to predict total brain volume well within 
neonates (Lindley et al., 1999) and in healthy children 1.7–6 years 
old (Bartholomeusz et al., 2002). HC can be obtained serially at 
prenatal ultrasound and well-baby visits, and is typically embedded 
in pediatric growth surveillance. Capturing HC from mid-gestation 
to age 7 years therefore furnishes dense, population-representative 
data of early neurodevelopment with minimal risk and expense. 
While challenging in very young children, the use of MRI can yield 
high-resolution estimates of brain morphometry, including precise 
measures of global cortical volume, surface area, and thickness. 

Sex dierences have been reported in most measures of 
brain size and cortical morphometry (Bethlehem et al., 2022; 
Gennatas et al., 2017; Ritchie et al., 2018; Ruigrok et al., 2014). 
A great deal of this literature compares neuroimaging metrics 
or head circumference between sexes (Bethlehem et al., 2022; 
Gennatas et al., 2017; Ritchie et al., 2018), with large public 
health organizations including the Centers for Disease Control 
(World Health Organization [WHO], 2007) and World Health 
Organization (Kuczmarski et al., 2002) collecting morphometric 
measures (e.g., head circumference growth curves) representative 
of the pediatric population. Researchers have also examined sex 
dierences in prenatal ultrasound data (Galjaard et al., 2019; 
Melamed et al., 2013). 

While such sex dierences in brain morphology are present, 
consideration must be given to whether these dierences relate 
to overall growth trajectories involving brain and body size, 
whether the dierences are brain specific, or a combination of 
the two. Gross morphological sex dierences in the brain may 
underlie the genetic and hormonal influences related to sex-specific 
physiological development in humans. Eliot et al. (2021) provided 
analysis suggesting that only 1% of observed regional male-female 
brain dierences survived correction for body size. This paper 
additionally suggests that “larger bodies require larger brains and 
the [sex/gender] dierence in brain volume mostly parallels the 
divergence of male/female body size during development.” Eliot 

et al. (2021) cites a longitudinal study of 387 adolescents, finding 
that “the [sex/gender] dierence in TBV grew steadily from 6% 
dierence at age 7 to a 15% dierence at age 20, in parallel with the 
divergence in height and weight over adolescence” (Lenroot et al., 
2007; Paus et al., 2017). 

Studies have shown that global brain size and sex covariates 
variably explain compartmental or regional sex dierences in 
metrics of brain volume (Jäncke et al., 2015; Lüders et al., 2002), 
although regional brain dierences are outside of the scope of this 
paper. In any case, we believe that even global dierences which can 
be explained by normal developmental height and weight might be 
considered meaningful to both a fundamental understanding of the 
brain and sex dierences, and potential applications of our analyses. 

Some literature quantifies eect size with one value across a 
broad age range. Ruigrok et al. (2014), for example, found global 
eect sizes ranging from 1.68 for the cerebellum to 3.35 for the 
cerebrum. Relatedly, a great deal of work also exists that maps 
MRI measures in population-level age-related dierences across 
the lifespan, even distinguishing trajectories for sex (Bethlehem 
et al., 2022; Tomoto et al., 2023). For example, Bethlehem et al. 
(2022) presents trajectories of a number of global brain metrics 
(total cerebrum volume, total surface area, etc.) as “raw, non-
centiled data; population trajectories of the median” in males 
and females. Our paper, however, presents sex-based eect size 
population trajectories using mean head circumference, surface 
area, and cortical volume. So, while the Bethlehem et al. (2022) 
paper presents population trajectories of global brain metrics in 
both males and females, our paper assesses dierences between 
males and females using eect size-based trajectories. Surprisingly, 
however, there has been a relative dearth of investigation into 
developmental trajectories of sex-based eect sizes in global brain 
metrics in healthy or clinical populations. 

Further, many psychiatric and neurodevelopmental conditions 
dier between males and females with respect to prevalence, 
average age of onset, and symptom profiles (Bao and Swaab, 
2010; Bölte et al., 2023; Paus et al., 2008). Conditions with 
greater female prevalence include depressive disorders, anxiety 
disorders, post-traumatic stress disorder, and eating disorders; 
while conditions with greater male prevalence include autism 
spectrum disorder (ASD), several substance use disorders, attention 
deficit/hyperactivity disorder (ADHD), dyslexia, and conduct 
disorder (Bao and Swaab, 2010; Eaton et al., 2012). Major 
depression, a number of anxiety disorders and post-traumatic stress 
disorder (Serra-Blasco et al., 2021), anorexia nervosa (Bracké et al., 
2023), ADHD (Hoogman et al., 2019; Mous et al., 2014; Shaw et al., 
2018), and ASD (Blanken et al., 2015; Blanken et al., 2018) have 
also been suggested to have patient/control dierences in global or 
regional brain morphology. Examining sex dierence trajectories 
in global brain morphometry, along with potential underlying 
influences on such dierences may serve to illuminate mechanistic 
and clinical understanding of sex dierences in psychiatric and 
neurodevelopmental conditions. 

An additional benefit of a lifespan approach of assessing eect 
sizes between males and females is related to better understand 
temporal variations that contribute to prediction algorithms. 
Research into machine learning and deep learning has revealed 
high model accuracy in predicting sex using T1-weighted structural 
MRI of the brain in typically-developing children and adolescents 
(Bi et al., 2023; Mendes et al., 2021; Sepehrband et al., 2018). 
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Convolutional neural network (CNN) based sex prediction using 
longitudinal structural brain imaging measures has been shown to 
vary in accuracy between participants from the ABCD dataset at 
baseline (9–10 years), and 2-year follow up (Bi et al., 2023), with 
a higher mean accuracy at the 2-year follow-up period (roughly 
97.5% compared to 97.2% at baseline—a significant improvement 
at p = 0.0325). Factors that might contribute to age-related 
dierences in accuracy are unclear. Therefore, identifying age-
related dierences in sex-based eect size measures of global brain 
measures can inform studies of sex classification at any age across 
the lifespan. 

In this study, we quantified the eect sizes of sex dierences 
in HC, cortical surface area, cortical thickness, and cortical volume 
in multiple datasets spanning from prenatal life through old age. 
Sex dierences were quantified through Cohen’s d eect sizes, 
using females as the reference. We used ultrasound-based head 
circumference data in the prenatal period (14 weeks gestational age 
to birth), head circumference measures in the postnatal period (0– 
7 years), and MRI-based measures of cortical surface area, cortical 
thickness, and cortical volume from 5 to 89 years of age. 

2 Materials and methods 

Our datasets comprised a total sample of 139,999 healthy 
subjects from 41 independent datasets. Datasets spanned three 
lifespan periods; including: (i) fetal (prenatal) period; (ii) early 
childhood; (iii) and early-childhood to late adulthood (MRI data). 
Of the total sample size, 28,555 were human fetuses between 13 
and 40 weeks gestational age with data extracted from summary 
data from 4 studies (Galjaard et al., 2019; Melamed et al., 2013; 
Schwärzler et al., 2004; Yeo et al., 2017), 85,598 children between 
0 and 5 years-of-age with data extracted from summary data from 
3 studies (Bi et al., 2023; Jäncke et al., 2015; Paus et al., 2017), 
and 25,846 were participants between 5 and 89 years-of-age with 
individual MRI scans from studies participating in the 33 studies 
listed in Table 1. 

Generally, data sources were selected in accordance with data 
availability and large sample size. The studies of prenatal head 
growth were obtained through a literature search using terms 
that include; “prenatal,” “ultrasound,” “sex dierences,” “growth,” 
“occipito-frontal circumference,” “OFC.” The reference lists of 
identified papers were also reviewed with the goal of obtaining all 
published papers on the topic. Head circumference datasets were 
obtained from three large-scale growth charts, those from the CDC, 
WHO, and the Chinese 4th National Survey on the Physical Growth 
and Development of Children (NSPGDC). MRI data was obtained 
from independent imaging samples that had been published by the 
ENIGMA-Lifespan working group for a systematic evaluation of 
brain-age prediction (Yu et al., 2024). 

The sources we reference collected data either on the 
demographic variable of sex, or the use of gender at a time when 
these terms tended to be used interchangeably (National Academies 
of Sciences Engineering Medicine, 2022). While not explicitly 
stated, sex was determined by ultrasound classification in the 
prenatal studies. In the early childhood and MRI studies, data on 
sex was collected using demographic questionnaires administered 
to caregivers or participants at the time of their enrollment. 

2.1 Head circumference 

Head circumference (HC) from mid-gestation (11–12 weeks) 
to birth was measured using ultrasound in 4 independent studies 
that used routinely acquired data from uncomplicated live births 
(Table 2). 

Relevant literature demonstrates strong inter-observer and 
intra-observer agreement for the measure of cranial ultrasound, 
with both intraclass and interclass coeÿcients consistently 
estimated to be > 0.952 (Matthew et al., 2018) and measured in 
the second trimester to be as high as 0.996 and 0.995, respectively 
(Perni et al., 2004). While being distinct modalities, it is important 
to note that literature also demonstrates agreement between 
head circumference measurement by prenatal ultrasound, direct 
measurement, and MRI. For example, prenatal sonographic head 
circumference and direct measures of head circumference at birth 
show statistically significant agreement (Rs = 0.865, p < 0.001) 
(Gafner et al., 2020), and another study cites volumetric agreement 
in assessment of the fetal brain by ultrasound and MRI, outside 
the brain stem, intracranial volume, and growth plate (p < 0.001) 
(Wyburd et al., 2024). 

Four studies included measures of HC in utero in males and 
females from large ultrasound databases (Galjaard et al., 2019; 
Melamed et al., 2013; Schwärzler et al., 2004; Yeo et al., 2017). 
Two studies were longitudinal and two had cross-sectional designs. 
Galjaard et al. selected between 1 and 4 timepoints per pregnancy 
while Schwarzler et al. selected three timepoints, one in each 
trimester. While longitudinal designs were present in these studies, 
in our analysis we calculated eect size measures within specific 
time epochs (per week). Each dataset had a nearly equal number 
of males and females (Table 2). Keen and Pearse (1988) was 
initially included from a literature search identifying prenatal head 
circumference-based studies, but excluded due to data being taken 
from spontaneous abortions rather than in-utero ultrasounds. The 
four studies assessed normal singleton pregnancies. 

In the prenatal studies above we extracted the sex-specific 
mean/median and standard deviation/percentile measures of HC 
by age provided by the corresponding publication. The fetal 
ultrasound study by Melamed et al. (2013) alternatively provided 
sex-specific regression models for mean values and standard 
deviations of head circumference. Table 3 elaborates on the details 
of data type, data timepoint interval, and eect size calculation per 
data source. 

Data on HC from birth to the age of 7 years were obtained 
from three population-based growth-reference cohorts (Table 4): 
the WHO Multicentre Growth Reference Study (MGRS) (Paus 
et al., 2017), the U.S. CDC Growth Charts project (Jäncke et al., 
2015), and the 4th National Survey on the Physical Growth and 
Development of Children (NSPGDC) (Bi et al., 2023). 

The WHO Multicenter Growth Reference Study (MGRS) had a 
longitudinal design in its sample from birth to 24 months and cross-
sectional design from 18 to 71 months. The CDC Growth Charts 
were established by longitudinal design, and the NSPGDC had a 
cross-sectional design. Similar to the fetal ultrasound measures, 
we calculated eect size measures within specific time epochs (per 
month). We used mean and standard deviation statistics from 
z-score tabulated data, which are openly available through the 
WHO, CDC, and NSPGDC (Kuczmarski et al., 2002; World Health 
Organization [WHO], 2007; Zong and Li, 2013). This included 
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TABLE 1 Late childhood to late adulthood. 

Imaging database n Age range (years) M/F ratio Access request 

ABCD 3,759 8–11 0.90 ABCD 

ABIDE I 438 6–21 4.28 ABIDE I 

ABIDE II 433 5–21 2.07 ABIDE II 

ADHD-200 389 7–21 0.87 ADHD-200 

Ann Arbor a 24 13–41 7.00 FCON 

Ann Arbor b 33 19–80 0.83 FCON 

Atlanta 28 22–57 0.87 FCON 

Baltimore 23 20–40 0.53 FCON 

Bangor 20 19–38 Females only FCON 

Beijing Zang 198 18–26 0.62 FCON 

Berlin Marguiles 26 23–44 1.00 FCON 

Cam-CAN 643 18–89 0.95 CAMCAN 

Cambridge 198 18–30 0.61 FCON 

HCP aging 1,838 36–89 0.82 HCP aging 

HCP development 652 5–22 0.86 HCP development 

Healthy brain network/CMI 214 5–21 1.23 HBN/CMI 

ICBM 85 19–85 0.89 FCON 

Imagen 1,840 13–16 0.96 IMAGEN 

Leiden_2180 12 20–27 Females only FCON 

Leiden_2200 19 18–28 1.38 FCON 

Milwaukee_b 46 44–65 0.48 FCON 

Munchen 16 63–74 1.67 FCON 

Newark 19 21–39 0.67 FCON 

New York_b 20 18–46 0.67 FCON 

NYU_TRT 25 22–49 0.90 FCON 

Orangeburg 20 25–55 3.00 FCON 

Oulu 103 20–23 0.56 FCON 

Oxford 22 20–35 1.20 FCON 

Palo Alto 17 23–39 0.13 FCON 

Queensland 19 23–34 1.38 FCON 

Rockland 140 6–21 1.22 FCON 

Saint Louis 31 21–29 0.50 FCON 

UK Biobank 14,496 45–82 1.23 UK Biobank 

Total 25,846 5–90 1.30 (avg) 

TABLE 2 Prenatal demographics. 

Authors n Age range (gest. 
weeks) 

n M/F M/F ratio Reference 

Galjaard et al. (2019) 9,413 12–40 4,900/4,513 1.09 (Galjaard et al., 2019) 

Melamed et al. (2013) 12,132 15–42 6,478/5,654 1.15 (Melamed et al., 2013) 

Schwärzler et al. (2004) 5,055 15–40 2,589/2,466 1.05 (Schwärzler et al., 2004) 

Yeo et al. (2017) 1,955 11–39 1,028/927 1.11 (Yeo et al., 2017) 

Total 28,555 11–40 14,995/13,560 1.11 
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TABLE 3 Additional data characteristics. 

Data source Data type Timepoint 
interval 

Extracted statistics for effect 
size calculation 

Galjaard et al. (2019) Sex-specific GAMLSS longitudinal 
regression of head circumference by age 

Gestational week Male and female ultrasound head 

circumference mean (estimated from 50th 

percentile) and standard deviation, by 

gestational week 

Melamed et al. (2013) Sex-specific regression model of head 

circumference by age 

Gestational week Male and female ultrasound head 

circumference mean and standard deviation 

(both estimated from relevant regression 

equations), by gestational week 

Schwärzler et al. (2004) Sex-specific head circumference centile 

charts (mean) by age 

Gestational week Male and female ultrasound head 

circumference mean (estimated from 50th 

percentile) and standard deviation, by 

gestational week 

Yeo et al. (2017) Sex-specific head circumference centile 

charts (mean) by age 

Gestational week Male and female ultrasound head 

circumference mean (estimated from 50th 

percentile) and standard deviation, by 

gestational week 

WHO multicenter growth reference study 

(MGRS) 
Sex-specific head circumference centile 

charts (median) by age 

Month Male and female head circumference mean 

(estimated from 50th percentile) and standard 

deviation, by month 

CDC 2000 growth charts Sex-specific head circumference centile 

charts (mean) by age 

Month Male and female head circumference mean 

(estimated from 50th percentile) and standard 

deviation, by month 

The 4th national survey on physical 
growth and development of children 

(NSPGDC) 

Sex-specific head circumference centile 

charts (mean) by age 

Month Male and female head circumference mean 

(estimated from 50th percentile) and standard 

deviation, by month 

All MRI data Raw, age-specific data of male and female 

ICV, cortical thickness and surface area 

Cross sectional data of a 

variety of participants at 
various ages 

Binning of data into windows with a size of 4 

years and an incremental step of 2 years. 
Calculation of male and female mean and 

standard deviation within windows. 

TABLE 4 Postnatal demographics. 

Reference study N Age range n M/F M/F ratio Reference 

WHO multicenter growth reference 

study (MGRS) 
8,406 0–71 Months 4,344/4,062 1.07 (World Health Organization 

[WHO], 2007) 

CDC 2000 growth charts 7,432 0–5 Years 3,803/3,629 1.05 (Kuczmarski et al., 2002) 

The 4th national survey on physical 
growth and development of children 

(NSPGDC) 

69,760 0–7 Years 34,901/34,859 1.00 (Zong and Li, 2013) 

Total 85,598 0–7 Years 43,048/42,550 1.01 

MGRS data from birth to 5 years, CDC Growth Chart data from 
birth to 3 years, and the full age range of the 4th National Survey 
on Physical Growth and Development of Children (NSPGDC-
4) data, from birth to 7 years. Male-female ratios demonstrated 
relative parity in sex distribution. Across these three population 
surveillance databases 50th percentile head circumference (cm) 
values and standard deviation values are given for both males and 
females (Table 3). 

2.2 Cortical morphometry 

Thirty-three independent samples, from publicly accessible 
repositories, provided measures of cortical volume, surface area 
and thickness derived from whole brain T1-weighted MRI scans 
(Table 1). We used cross-sectional data and in the case of studies 

with longitudinal designs, we included only baseline data. We 
used individual-level data from each dataset selecting individuals 
who had high-quality MRI scans and without psychiatric, medical 
or neurological disorders at the time of scanning. Across all 
studies, the cortical measures examined were extracted from the 
individual MRI scans using standard pipelines implemented using 
the FreeSurfer image analysis suite v 7.1 For each participant in 
each dataset, FreeSurfer extracted measures of intracranial volume 
and bilateral total cortical surface area and total cortical thickness 
were used. Specifically, based on the Desikan–Killiany parcellation 
we used the summary fields SurfArea (mm2) and MeanThickness 
(mm); these correspond, respectively, to areal expansion and 
laminar thickness estimates computed after surface reconstruction 
and topology correction. Subsequently cortical volume in each 

1 https://freesurfer.net/ 
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participant was calculated as the product of surface area and 
thickness. 

2.3 Calculation of Cohen’s d effect size 

The Cohen’s d eect sizes were calculated using the following 
formula (McGrath and Meyer, 2006): 

Cohen s d = 
xM − xF q 
SDM 

2+SDF 
2 

2 

xM = Mean head circumference male 
xF = Mean head circumference female 
SDM = Standard deviation male 
SDF = Standard deviation female 

In prenatal papers 50th percentile ultrasound head 
circumference and standard deviation values were made available 
for both males and females (Table 3) by gestational week. In 
the population level datasets used in the assessment of head 
circumference in early childhood, as previously stated, 50th 
percentile head circumference and standard deviation values were 
made available for both males and females (Table 3) by month. 
Considering 50th percentile values as mean head circumference 
male and mean head circumference female, the ensuing calculation 
of Cohen’s d was a straightforward process, carried out for each 
month of available data. The exception was Melamed et al. (2013), 
in which these values were not available, and ultrasound mean head 
circumference and standard deviation were estimated through 
provided mean and standard deviation regression equations, by 
gestational week. 

For the analyses evaluating eect sizes of MRI data across the 
lifespan, a sliding window algorithm was performed, programmed 
in R Studio (version 2023.09.0+463) and Python (version 3.12.7). 
With all 33 cross-sectional datasets concatenated into one large 
dataset, the algorithm detects the youngest and oldest age. The 
sliding window analysis then begins at the lower age of 4 years 
and creates a subset of data based on a window size of 4 years (all 
participants between 4 and 8 years-of-age). A sex-based eect size is 
then calculated for that specific window. The window then “slides” 
or increments by 2 years and the eect size calculation is repeated. 
This sliding window analysis performs sequential iterations across 
the complete age-range of the MRI data. The range of 4-years 
and step size of 2-years were chosen to balance the eects of data 
smoothing and resolution. The eect of individual datasets on sex 
dierences is presented in Supplementary Figure 1. 

2.4 Estimation of cortical volume and 
body-based effect size 

Cortical volume for each individual with an MRI scan was 
calculated as the product of total surface area and cortical thickness. 
This estimated value was chosen preferentially over ICV since the 
development of the skull reaches a peak during early adolescence 
and remains stable into adulthood in healthy volunteers (Whitwell 
et al., 2001). 

Analysis did not control for metrics of body size (height, weight, 
BMI, etc.). As such metrics were not available across all sources of 
data, analyses could not consistently control for body size. 

3 Results 

Within the prenatal, postnatal, and MRI periods, Cohen’s d 
eect size calculations of global sex dierences were calculated 
and plotted relative to age. Factors that can influence Cohen’s d 
measures include mean dierence (in the numerator) and pooled 
standard deviation (SD) (in the denominator). Thus, a larger 
Cohen’s d may be the result of a greater mean dierence of brain 
measures between males and females, or alternatively, smaller 
pooled variance. Thus, we not only plotted the Cohen’s d measures, 
but also the mean dierence and pooled SD for each measure. 

3.1 Fetal measurements of head 
circumference 

Males consistently demonstrate a larger HC from the earliest 
data point (11 weeks gestational age). Head circumference eect 
size demonstrates a possible peak at 25 weeks, especially in the 
Galjaard et al. (2019) and Melamed et al. (2013) studies (Figure 1A). 
Yeo et al. (2017) demonstrates a near constant head circumference 
eect size around 0.45, while Melamed et al. (2013) demonstrates 
steady increase in eect size from 15 to 40 gestational weeks—these 
two prenatal datasets show smoother trends due to methodological 
dierences in data smoothing. 

Prenatal head circumference mean dierence overall tracks 
closely with head circumference eect size results (Figure 1B), while 
the relationship between head circumference eect size and pooled 
standard deviation in general shows a gradual increase during 
fetal life (Figure 1C). It appears that average sex dierences in 
head circumference drive head circumference eect size in these 
datasets, greater than variability in measurement—prenatal head 
circumference mean dierence tracks closely with eect size. 

Prenatal head circumference presents with substantial 
inconsistence between data sources (Figure 1A), likely a result of 
both smaller eect sizes and the cross-sectional design of most of 
the studies. Galjaard et al., having the largest sample size and a 
longitudinal design (Table 2) unsurprisingly shows the smoothest 
trend, which most closely resembles typical fetal development of 
head circumference and comparable 2D global brain measures 
such as brain fronto-occipital length and skull occipitofrontal 
diameter (Cai et al., 2020; Kyriakopoulou et al., 2017). 

3.2 Direct head circumference measures 
in early childhood 

Postnatal head circumference eect size growth curves 
demonstrates that males consistently exhibit larger head 
circumference eect size from birth into early childhood 
(Figure 2A). The head circumference eect size shows a linear 
increase between birth until a peak between 8 and 10 months, 
which is followed by a steady decline between 10 and 60 months. 
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FIGURE 1 

Prenatal results. (A) Prenatal head circumference effect size is plotted against gestational age. (B) Prenatal head circumference mean difference is 
plotted against gestational age. (C) Prenatal head circumference pooled standard deviation is plotted against gestational age. 

There is a great degree of similarity between postnatal HC 
mean dierence and head circumference eect size across early 
development (Figure 2B). 

The CDC HC pooled standard deviation is markedly dierent 
than the WHO and NSPGDC data (Figure 2C). This may be 
related to the larger sample sizes or smoothing techniques utilized 
in the WHO and NSPGDC growth curves, or perhaps dierent 
factors of population diversity (nutritional, genetic and ancestral 
background, socioeconomic, etc.) in the US-based CDC dataset. 
Similar to the eect sizes seen during fetal life, average sex 
dierences appear to play a larger role in driving postnatal head 
circumference eect size than a decrease in the pooled SD. 

3.3 MRI results 

Males show greater surface area and cortical volumes across 
the entire timeline (Figure 3A). Eect sizes for both surface 
area and cortical volume show a steady increase from a Cohen’s 
d of approximately 0.4 at 5 years-of-age to a Cohen’s d of 
approximately 1.4 at 24 years-of-age, after which the Cohen’s 
d remains relatively stable. The eect size measure of cortical 
thickness, however, is negative (females greater than males) during 
childhood, but approaches zero at approximately 13 years-of-
age. 

MRI cortical volume mean dierence and pooled standard 
deviation were reported in Figure 3B to demonstrate the relative 
contributions of the numerator and denominator in the Cohen’s d 
eect size formula. The numerator reflects the mean dierence of 

cortical volume between males and females and the denominator 
reflects the pooled standard deviation. MRI cortical volume 
mean dierence tracks well with CVES, while pooled standard 
deviation follows roughly an inverse pattern of mean dierence 
(Figure 3B). Such trends suggest that mean dierence and 
variability in measurement both contribute to dierences in CVES 
across the MRI period. Lifespan data points seen over age 74 
are informed by low sample size (n < 60) and are therefore 
considered to be of lower confidence. Data points generally have 
varying confidence, which can be assessed through Supplementary 
Figure 2. 

3.4 Combined results 

For visualization from prenatal life into old age, eect size 
computations were combined across all modalities (Figure 4). 
Combined results compare prenatal HCES, postnatal HCES, and 
cortical volume eect size (CVES). Despite variability introduced 
by varied sample sizes, cohort eects, and data collection methods, 
head circumference/cortical volume is consistently greater in 
males than females (Figure 4). Prenatal HCES demonstrates 
a greater level of variability. Rapid postnatal HCES growth 
is observed between birth and 10 months of age and CVES 
growth between ages 15–19. CVES is quite stable after age 25. 
Interestingly, while CVES does not vary notably after age 25, the 
peak HCES or CVES eect size values are observed in this age 
range. 
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FIGURE 2 

Postnatal results. (A) Postnatal head circumference effect size is plotted against age. (B) Postnatal head circumference mean difference is plotted 
against age. (C) Postnatal head circumference pooled standard deviation is plotted against age. 

4 Discussion 

4.1 Major findings 

The aim of this study was to assess sex-based eect sizes of 

global brain measures across the lifespan, from uterine life to 

old age. In our analysis of 147,931 subjects between 11 weeks 
gestational age and 89 years, several primary findings emerged. 
First, we found that males had larger measures of brain volume as 
inferred from head circumference, beginning as early as the 11th 
week of prenatal life. However, the Cohen’s d measure was not 
constant over the lifespan. The Cohen’s d measure had a potential 
early peak between 20 and 25 weeks gestational age, a second 
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FIGURE 3 

MRI results. (A) Surface area, cortical thickness, cortical volume, and intracranial volume (ICV) effect size is plotted against age range. (B) CV mean 
difference is plotted against age range (from sliding window analysis). CV pooled standard deviation is plotted against age range. 

FIGURE 4 

Lifespan results. Head circumference effect size and cortical volume effect size are plotted against gestational age in the prenatal period, age in the 
postnatal period, and age range in the MRI period. A log scale is utilized, ages are demarcated, and this figure comprises a combination of 
Figures 1–3 and represents a goal of the research project—to map morphometric effect size across the lifespan. 

peak at approximately 10 months postnatal, which was followed 

by a decline until late childhood. Interestingly, within the prenatal 
period (0–7 years), population-level growth chart data from the 

WHO, CDC, and NSPGDC all cohered to show a peak in eect size 

around 10 months of age. Finally, based on the MRI data, there is a 

subsequent increase in brain size beginning in mid-childhood until 
young adulthood. This time window is synonymous with pubertal 
development. There was an increase in the Cohen’s d measure 

until it reached a plateau of approximately 1.4 at approximately 

25 years-of-age, with evidence for a gradual decline after the 

age of 40 years. 

4.2 Embedding with existing literature 

In Ruigrok et al. (2014) meta-analysis of 7,515 participants 
across 57 studies with mean ages ranging from 4 to 70 years, a 
fixed-eects (FFX) analysis revealed a large eect size favoring 
males for total gray matter volume, with a Cohen’s d of 2.13 
(Ruigrok et al., 2014). While higher than the CVES Cohen’s d in 
our analysis, in which we showed a mean MRI CVES between 
4 and 70 years of approximately 1.25, this dierence may be 
attributable to cohort eects or dierences between our measure 
of cortical volume and their measure of total gray matter volume, 
which includes subcortical gray matter volume. Further, a Cohen’s 
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d of 2.13 is very large and using linear classifiers, equates to a 
93.3% classification accuracy, which appears overly optimistic. We 
found a gradual decline in CVES after age 43, which was driven 
largely by the UK Biobank study (n > 1,500). This decline in 
overall CVES may explain the discrepancy related to the GM FFX 
finding, which largely focused on populations in middle adulthood 
or younger. Nevertheless, we did not show a CVES > 1.6 at any 
time. 

We found a lower global sex eect size on volumetric 
assessment of cerebral cortex compared to Ruigrok et al.’s 
(2014) analysis. While our methodological approach was dierent 
from Ruigrok et al. (2014) we had a larger sample size and 
this may more closely approximate population dierences. The 
meta-analysis also confirms the global eect trend of M > F 
across a large number of volume measures, intracranial volume 
(3.03), total brain volume (2.1), cerebrum volume (3.35), gray 
matter (2.13), white matter (2.06), cerebrospinal fluid (1.21), and 
cerebellar volume (1.68). Broadly speaking, our work supports 
pre-existing literature on volumetric global eect sizes between 
males and females, only perhaps raising the possibility of 
such eects are larger compared to population-level dierences. 
Further, the meta-analysis assessed eect size measures over the 
entire age spectrum and did not assess age-related dierences. 
Importantly, while a number of studies indicate that global 
brain volume measures themselves (total brain volume) vary 
substantially by chronological age (Bethlehem et al., 2022), to the 
best of our knowledge, no studies have eectively examined the 
relationship between sex-based global brain eect sizes at dierent 
ages. 

Various findings are reported in existing literature on 
the relationship between gray matter volume, age and sex. 
Gennatas et al. (2017) demonstrated in the 1,189 children from 
the Philadelphia Neurodevelopmental Cohort roughly parallel 
decreases in gray matter volume for males and females between 
8 and 23 years of age. Using the UK Biobank, Ritchie et al. 
(2018) found the distributions for both total and regional gray 
matter volumes, including both cortical and subcortical regions, 
demonstrated to be shifted rightward and to be wider in males 
compared to females, indicating higher means and greater variance 
in males. Bethlehem et al. (2022) aggregated 123,984 MRI scans 
from more than 100 studies covering mid-gestation to 100 postnatal 
years and used GAMLSS modeling to yield normative trajectories of 
gray matter volume. The growth curves between males and females 
are largely parallel, with the greatest dierentiation seen roughly 
between the ages of 4–16 years. 

What these studies did not assess was the subtle dierences 
between the sexes in growth trajectories. When plotting growth 
curves by sex using means and standard deviations, the gross 
dierences are visible, however, the clear peaks seen during 
prenatal, late in the first year of life, and surrounding puberty 
become readily apparent when assessing eect size dierences.” 

Our analysis largely compliments the above findings, 
demonstrating relatively small yet increasing cortical volume sex 
eect size from around 0.4 around 5–6 years of age to 1.4 around 
23–24 years of age, and dropping beneath 1.4 in a more stable 
trend later in life. Small eects are consistent with trajectories 
of gray matter observed to be parallel and close in proximity 
between males and females throughout much of development, 

while increasing eect size into adolescence is consistent with 
larger gray matter dierentiation seen in Bethlehem et al. (2022) 
between 4 and 16 years. Small prenatal head circumference eect 
size (generally near 0–0.6, as seen in Figure 1) and early childhood 
(generally near 0.5–1, as seen in Figure 2) additionally adds support 
to literature which shows gray matter trajectories not dramatically 
dierentiated between males and females. 

4.3 Novel findings 

While we do not have biological samples obtained at dierent 
time points over the lifespan, one hypothesis is that underlying 
developmental neuroendocrine processes between the sexes are 
related to the observed variations in eect size over time. Males 
typically have three periods associated with increased secretion 
of testosterone; the first beginning during early prenatal life, the 
second in early postnatal life, and the third taking place beginning 
in adolescence (Hines et al., 2016; Nassar and Leslie, 2018; Rey 
et al., 2020). The initial surge of testosterone in males begins around 
8 weeks gestational age and is associated with the development 
of the primary sexual organ development (Hines et al., 2015; Rey 
et al., 2020). This surge could be responsible for the first peak 
in eect size during prenatal life. It has been well documented 
that a “mini-puberty” testosterone surge occurs between 1 and 6 
months postnatally in males (Hines et al., 2016; Kuiri-Hänninen 
et al., 2014). This early testosterone surge may be associated with 
the initial separation and growth in male head circumference 
compared to females. This surge could influence cortical growth in 
males over females and account for the peak Cohen’s d between 
8 and 10 months of age. The final peak begins at the time of 
puberty, a period of time in which we observed a gradual increase 
in the Cohen’s d measure up to the age of 25 years. This also 
could be either directly or indirectly related to the large increase in 
testosterone in males compared to females. However, what is also 
interesting is the decrease in Cohen’s d after 10 months of age up to 
the time of puberty, which suggests the 10-month growth spurt is 
followed by a slower growth rate in relation to females. 

Further, it is possible that a connection may be drawn between 
increase in CVES from 5 to 25 years and neurodevelopmental 
processes which have been known to proceed throughout early 
adulthood. Such processes include myelination and synaptic 
pruning assessed via dendritic spine density (Miller et al., 2012), 
and executive function (Petanjek et al., 2011). In any case, it 
is essential to regard connections between neurodevelopment 
and morphometric change as purely speculative. New studies 
that systematically evaluate endocrine, (epi)genetic and 
neuroanatomical aspects of development (incorporating 
blood-based neurodevelopmental biomarkers) are necessary 
to empirically defend an underlying mechanism of morphometry 
eect size changes. 

It is interesting that cortical thickness eect size was negative 
(F > M) from early childhood into early adolescence and pertinent 
to consider dierences in pubertal timing. This finding may be 
related to the diering time course of sexual maturation and 
production of gonadal hormones in females. Previous literature 
has observed associations between volumetric gray matter sex 
dierences and circulating levels of sex hormones or androgen 
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receptor genotype (Paus et al., 2010; Pletzer, 2019; Witte et al., 
2010). Such dierences might not be seen in a sample matched 
on pubertal markers, such as freely circulating testosterone rather 
than analyzed using chronological age, which has been described in 
literature concerning cortical thickness (Bramen et al., 2011). 

A number of studies have explored the relationship between 
puberty, endocrinology, and brain morphology (Bramen et al., 
2012; Herting et al., 2015; Vijayakumar et al., 2021). Such work 
identifies noteworthy associations and interactions between sex, 
age, circulating testosterone, and both widespread and regional 
cortical thickness and cortical surface area. It is interesting to 
observe these findings in the context of our finding greater cortical 
thickness in girls in early adolescence. It is essential to acknowledge 
the multifactorial landscape that surrounds any tentative 
relationship between endocrinology and brain development. 
Gene regulation, testosterone, estrogen, progesterone, adrenal 
androgens, gonadotropins, growth hormones, and other factors all 
interact with one another and with the development of the brain 
in puberty and beyond (Herting and Sowell, 2017; Sisk and Zehr, 
2005; Sisk, 2017). 

4.4 Strengths and limitations 

This work provides a unique contribution to the field of brain 
morphometry and neurodevelopmental sex dierences. While 
sex dierences have been examined in a large range of studies 
across the age range, analyses have not evaluated age-related 
dierences between the sexes, which is the major strength of our 
study. An additional strength of our study is the large sample 
size (total n = 147,931) spanning from prenatal life to old age. 
Simultaneously, though, achieving such a large sample size required 
the combination of data from a large variety of studies with 
inconsistent sample sizes, demographic features, and experimental 
designs. This is especially the case with respect to the MRI 
data, which includes structural MRI data from 33 independent 
datasets. Other limitations include that we were unable to assess 
the sex-based eect size dierences related to body size with the 
MRI data, and that trends observed above age 70 generally had 
smaller contributing sample size and thus lower confidence. It is 
a limitation of the paper that the same brain metrics were not used 
across all analyses, and that data collected via MRI were done using 
multiple dierent scanners. However, global brain measures are 
have high reliability between dierent MR platforms. Finally, we 
used dierent global brain measures between the prenatal/postnatal 
(head circumference) and MRI (cortical metrics) periods. 

For the MRI component of the study, having raw data from 
33 dierent studies with each study using dierent scanners 
and dierent sequences creates challenges in data harmonization. 
When we accounted for ICV there continued to be considerable 
variability, which suggests that accounting for global metrics will 
not remove all variability. The data that we used has undergone 
quality control and removal of poor-quality data as presented in 
the origin publication (Frangou et al., 2022; Ge et al., 2024; Yu 
et al., 2024). While there are methods that we could have applied 
to account for the dierent sites, and thus scanner and sequence 
dierences, there was concern that these approaches could alter 
age-related dierences. Imaging can have inherent noise and we 

decided to present the findings with the noise, especially since the 
underlying patterns are readily identified in spite of the noise. 

The utilization of head circumference metrics in the calculation 
of prenatal and postnatal eect sizes presupposes that head 
circumference eectively represents a “global brain” metric. In 
other words, we presuppose that head circumference can be said 
to strongly predict other more direct measures of the global 
brain, such as intracranial volume or total brain volume. Head 
circumference has been demonstrated to predict total brain volume 
well within neonates (Lindley et al., 1999), and healthy children 
1.7–6 years old (Bartholomeusz et al., 2002). These findings lend 
general support to the presupposition that head circumference can 
be considered a representative measure of the global brain in our 
age range of interest, the middle prenatal period to 7 years old. 

All observed samples were population-based samples or 
composed of typically developing volunteers, rather than being 
clinical studies. Still, it is possible that in population-based 
studies quantifying either pre- or postnatal head circumference 
could entail individuals with conditions that would skew the 
findings (e.g., enlarged ventricles or ASD diagnoses). Measures 
of psychopathology and ventricular size in these datasets was 
unavailable. It should be acknowledged that the MRI dataset 
contains data from a variety of 1.5 and 3T MRI scanners, suggesting 
a variety in image quality. Under- and over segmentation 
eects introduce a possible source of noise into sex-based 
eect size findings. 

It is worth mentioning the distinctively dierent curves 
between the WHO and NSPGDC pooled standard deviation trends 
and that trend observed in the CDC dataset (Figure 2C), and the 
general tendency for pooled standard deviation to change over the 
prenatal period. “The age-related dierences in the sex pooled SD 
between the CDC and the WHO and NSPGDC (Figure 2C) are 
perplexing, however, this may relate to dierences in how the data 
was processed between the studies. HC measures performed at or 
closely after birth, a time when the skull passes through the birth 
canal, have much greater standard deviations than measures taken 
a month later. Thus, one possibility is that a measure at the time of 
birth in the CDC sample, coupled with a smoothing algorithm that 
blurs this variability to later timepoints, could result in a greater 
pooled SD within the first several months after birth. As mentioned 
previously in 3.2, pooled standard deviation trends are aected both 
by methodological dierences in data smoothing and sample size, 
and general factors of population diversity (nutrition, genetic and 
ancestral background, socioeconomic status, etc.). 

4.5 Implications for machine learning 

There have been a number of studies using structural brain 
MRI metrics and machine learning algorithms to predict the sex 
of an individual (Bi et al., 2023; Mendes et al., 2021; Sepehrband 
et al., 2018). Our work suggests that the age of the participants 
will influence the contribution of the global brain measures in 
predictive algorithms. Specifically, our work suggests a peak head 
circumference eect size at 10 months-of-age followed by a large 
decline, increasing CVES between 5 and 25 years, and large, stable 
CVES beyond 25 years. Such findings indicate that training models 
on structural MRI data of participants in adults may yield more 
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accurate classifications of sex due to the greater contribution of 
global brain dierences. This is interesting, as much of the work 
in this area has been focused in studies with an average participant 
age of 15 years or younger (Bi et al., 2023; Mendes et al., 2021; 
Sepehrband et al., 2018). 

4.6 Clinical implications 

There are marked sex dierences in both the prevalence and 
average age of onset in a large variety of neurodevelopmental 
and psychiatric disorders, including autism spectrum disorder 
(Ferri et al., 2018; McDonnell et al., 2021), schizophrenia 
(Abel et al., 2010), major depressive disorder (Essau et al., 
2010), and several anxiety disorders (Farhane-Medina 
et al., 2022), to name a few. A number of disorders with a 
clinical profile encompassing internalizing symptoms (e.g., 
MDD and generalized anxiety) frequently demonstrate 
higher rates and earlier onset in females (Ellis et al., 2017; 
McLaughlin and King, 2015; Ohannessian et al., 2017). Our 
work may serve to indicate underlying periods of brain 
development in which sex-based vulnerability to specific 
psychiatric disorders is highest. This applies to anxious and 
depressive symptomatology, but also may more broadly be 
applicable to a range of mental health disorders with sex-based 
vulnerability. 

The relationship between sex/sex-specific brain morphology 
and mental disorders, it certainly should be noted, interacts 
with a great variety of third variables. Several sociological 
correlates of sex in gender, gender roles, and gender-specific 
environmental stressors (Brummett et al., 2008; Christiansen 
et al., 2022; Howard et al., 2017) stand to influence the 
relationship between sex and mental health outcomes, along 
with other biological factors such as sex-linked genetic 
predisposition, peripartum neurobiology, and menopause 
(Cárdenas et al., 2020; Ngun et al., 2011; Than et al., 2021). 
When considering clinical implications of sex dierences 
on mental health outcomes, the discussion is definitionally 
multifactorial. 

Our analysis appears to have relevance to the discussion 
of “sexual dimorphisms” in brain morphometry. To be precise, 
“sexual dimorphisms” in historical scientific discourse have 
been most recognized in animal neurobiology research—specific, 
delimited structures or brain circuits that dier structurally, 
disproportionately, and often dramatically between males and 
females and underlie sex-specific behaviors such as courtship 
or mating (Breedlove and Arnold, 1980; Eliot et al., 2021; 
Gorski et al., 1978; Nottebohm and Arnold, 1976). Some 
have argued that this technical definition of “dimorphism” 
has failed to yield substantive parallels in human studies 
based on structural MRI (Eliot et al., 2021). In meta-analysis 
data spanning three decades of structural MR-based human 
neuroimaging studies, few broad male/female dierences survive 
correction for total brain volume and lateralization, with sex 
explaining approximately 1% of the total variance after correction 
(Eliot et al., 2021). Relevant proposed regional sex-dierences 
address findings of higher white/gray matter ratio, intra- vs. 

interhemispheric connectivity, and both cortical and subcortical 
volumes. 

This is not to admit a total absence of sexually dimorphic 
regions, with one study, for example, demonstrating distinct 
neuronal histological dierences in the bed nucleus of the 
stria terminalis (BNST) —the stria terminalis being a long, 
curved white matter fiber tract extending from the amygdala 
toward anterior hypothalamus (Bao and Swaab, 2010; Naidich 
et al., 2013; Wycoco et al., 2013). The BNST is implicated in 
limbic interaction, amygdalar output, and gonadotropin secretion 
via the hypothalamic adrenal axis (Handa and Weiser, 2014; 
Mbiydzenyuy and Qulu, 2024) —autonomic functions which, 
across various mammalian animal models and human studies, have 
demonstrated notable sex-specific profiles and which are related 
to sex-specific behavioral dierences in emotional regulation, 
stress, fear, aggressive behavior, and even sexual behavior (Goel 
et al., 2014; Heinrichs et al., 1997; Mbiydzenyuy and Qulu, 
2024). A number of other papers have found noteworthy 
morphometric and neurological sex dierences between males 
and females in the BNST (Allen and Gorski, 1990; Allen 
et al., 1989). Neurological sex dierences have additionally been 
observed in the BNST of rodents and non-human primates 
in stress paradigms (Urien and Bauer, 2022; Wright et al., 
2023). 

It is known that global brain measures (e.g., ICV, TBC, GMV, 
WMV) vary, and vary dramatically between males and females 
(Dean et al., 2018; Knickmeyer et al., 2017; Ruigrok et al., 2014). 
These global dierences do not fit clearly within the definition 
of “dimorphism,” as a categorical, behaviorally-linked dierences. 
However, these continuous dierences remain relevant to a 
fundamental neurological understanding of sex dierences and, as 
discussed previously, to the potential for clinical understanding and 
prediction. 

4.7 Future directions 

Our study serves as an exploration of global brain sex 
dierences at dierent ages across the lifespan. Future work could 
integrate brain relative to body size, limit studies with smaller 
sample sizes, integrate demographic variables, or incorporate 
purely longitudinal data. Further, integrating studies with 
physiological events, including the collection of biosamples, may 
help identify factors driving the age-related sex dierences. This 
is especially true of the distinctive peak in head circumference 
eect size observed around 10 months of age, which interestingly 
may correspond to increased cerebral growth in a subset of youth 
with autism spectrum disorder (Lee et al., 2021). Indeed, the 
most meaningful application of this work is to extend this line of 
research to clinical populations (e.g., autism, generalized anxiety, 
MDD). 

5 Conclusion 

We found a positive Cohen’s d eect size, M > F in global brain 
measures beginning in prenatal life and extending throughout 
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the lifespan. There is evidence for a possible peak in eect size 
at approximately 20–25 weeks gestational age, although this was 
not seen in all studies. However, there was a consistent peak in 
head circumference eect size at approximately 10 months-of-age 
with Cohen’s d of approximately 1.1 (Figure 2). This peak is seen 
consistently across four large population-based head circumference 
datasets. CVES appears to show an almost linear increase beginning 
in childhood and increasing to the age of 25 years. Additionally, the 
cortical thickness eect size shows a period in which females are 
greater than males prior to middle adolescence (Figure 3). Overall, 
we found that sex dierences were seen to vary by chronological 
age. Such findings have interesting potential explanations related to 
active endocrine and neurodevelopmental processes in certain age 
windows, notably during early postnatal life and adolescence into 
early adulthood. In addition, machine-learning prediction models 
used to predict sex will be influenced by the age of the participants. 
Our analysis, in combination with future follow-up studies, could 
prove relevant to clinical disorders which vary in prevalence and 
age of onset by sex. 
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