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Summary 92 

Biological sex fundamentally shapes human brain organization, but sex-specific normative 93 
neuroanatomical trajectories across the lifespan remain largely uncharted. Here, we constructed 94 
independent, sex-specific lifespan brain charts using structural neuroimaging data from 59,915 95 
healthy individuals (29,760 males and 30,155 females) ranging in age from 266 postconception 96 
days to 100 years. By examining 296 structural phenotypes across global, cortical, and 97 
subcortical measures, these models revealed widespread sex differences in maturational timing, 98 
with males reaching peak milestones later than females. These trajectories demonstrate that sex 99 
differences evolve dynamically, with phenotype-specific windows of emergence and maximal 100 
separation. Compared with conventional sex-pooled references, sex-specific models achieved 101 
superior predictive accuracy and reduced misestimation of individual deviations in healthy 102 
populations. Across five neuropsychiatric conditions, sex-specific models improved the detection 103 
of extreme deviations and revealed both shared and sex-dependent patterns of disorder-related 104 
neuroanatomical abnormalities. These sex-specific charts establish tailored normative references 105 
for assessing brain development, ageing, and disease. 106 

Keywords: brain chart, normative model, sex differences, structural MRI 107 

 108 
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Introduction 109 

Biological sex fundamentally shapes the structural and functional organization of the human 110 
brain 1-6, driven by a lifelong interplay of sex chromosomes 7, 8, gonadal hormones 8, 9, and 111 
genotype-by-sex interactions 8, 10-12. Delineating how male and female brain trajectories diverge 112 
is essential for understanding individual variations in cognition and emotions. Crucially, it also 113 
provides a neurobiological foundation for the striking sex biases observed in the prevalence, 114 
onset, and pathophysiology of neuropsychiatric conditions 13, including autism spectrum disorder 115 
(ASD) 14, 15, attention-deficit/hyperactivity disorder (ADHD) 8, major depressive disorder 116 
(MDD) 16, and Alzheimer's disease (AD) 17. Despite these profound clinical implications, the 117 
spatiotemporal architecture of sex divergence across the lifespan remains largely uncharted. 118 

Over the past two decades, numerous neuroimaging studies have examined sex differences in 119 
brain organization. Although males consistently show larger global brain volumes, findings 120 
regarding the regional topography and temporal dynamics of sex differences remain highly 121 
controversial 18-22. Spatially, some studies have reported greater frontal thickness in males 23, 122 
whereas others have found broadly thicker frontal and parietal cortices in females 24, 25, or no 123 
significant sex difference at all 21, 26-28. Similar discrepancies have been reported for subcortical 124 
structures, including the amygdala 29, 30, putamen 25, 29, 31, and hippocampus 30, 32. Temporally, the 125 
picture is equally fragmented. Although some studies have suggested that cortical grey matter 126 
volume peaks earlier in females 33, 34, other studies have reported no such peak differences 27 or 127 
conflicting results regarding which sex matures earlier in specific areas (e.g., the temporal 128 
cortex) 34, 35. Even when earlier female maturation is observed, the estimated magnitude of this 129 
temporal gap varies substantially 33, 34. These discrepancies likely stem from a reliance on 130 
restricted age ranges—such as infancy 36-38, childhood and adolescence 34, 39, or adulthood 25—131 
rather than continuous lifespan modelling. This limitation is further compounded by sparse 132 
sampling during highly dynamic early developmental stages 19, 22, 40, 41 and heterogeneous 133 
imaging and analytic protocols 22. Notably, even the latest lifespan brain charts built on large-134 
scale imaging datasets 42-45 are still constrained in this regard. Most current normative modelling 135 
frameworks (e.g., generalized additive models for location, scale and shape, GAMLSS) treat sex 136 
simply as a categorical covariate, a practice that forces male and female trajectories to share 137 
identical curve shapes and peak ages, thereby precluding any independent estimation of sex-138 
specific milestone timing and population variance. Without fully independent, sex-specific 139 
normative models, the true trajectories of lifespan sexual dimorphism remain elusive, ultimately 140 
hindering the accurate quantification of neuropathological deviations in clinical populations. 141 

To address these gaps, we constructed fully independent, sex-specific lifespan brain charts using 142 
large-scale structural neuroimaging data from 59,915 healthy individuals (29,760 males and 143 
30,155 females), spanning from 266 days postconception to 100 years of age. By applying 144 
harmonized processing pipelines and standardized statistical modelling, we delineated sex-145 
specific normative trajectories and milestones for 296 structural phenotypes. We demonstrate that 146 
in comparison with conventional sex-pooled models, explicitly modelling sex-specific 147 
trajectories not only improves predictive accuracy in healthy populations but also mitigates the 148 
misestimation of structural deviations across multiple neuropsychiatric conditions. These sex-149 
specific brain charts establish distinct neuroanatomical timelines and provide a tailored reference 150 
framework for the precise, sex-aware assessment of human brain health. 151 
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Results 152 

After rigorous quality control, our final dataset included 59,915 healthy individuals (29,760 153 
males and 30,155 females) from 172 global sites (Fig. 1a; see Methods). To capture sex 154 
differences in lifespan brain maturation, we constructed independent normative models for males 155 
and females across the 296 structural phenotypes (Fig. 1b). These “sex-specific models” were 156 
estimated using GAMLSS, with the scanner modelled as a random effect (Fig. 1c). For 157 
comparison, we also generated “sex-pooled models” by fitting GAMLSS to the combined male 158 
and female dataset with sex as a categorical covariate, which is consistent with recent brain 159 
charting approaches 42 (Fig. 1d). We then evaluated both modelling strategies in clinical cohorts 160 
comprising 3,914 healthy controls and 5,777 patients with AD, MCI, MDD, ASD, or ADHD 161 
(Fig. 1d). This allowed us to compare how accurately each approach characterized typical 162 
maturation in healthy participants, and how sensitive it detected disease-related structural 163 
deviations in patients. Building on this, we compared case–control deviations for males and 164 
females separately, and identified regions that exhibited sex-by-diagnosis interactions (Fig. 1e). 165 

Sex-specific normative growth of global brain phenotypes 166 

While male and female lifespan charts revealed broadly similar, inverted-U shaped trajectories, 167 
males exhibited later maturational peaks across most global volumetric and surface-based 168 
measures (Fig. 2). Specifically, the total intracranial volume peaked during late adolescence and 169 
early adulthood (M: 27.8 years, with 95% confidence interval of [25.4–28.6] years, F: 16.1 170 
[14.9–17.2] years, Δage = 11.7 years; Pperm < 0.001, FDR-corrected; Fig. 2a), whereas the total 171 
cerebral and cerebellar volumes peaked in early and late adolescence (cerebrum: M: 12.8 [12.2–172 
13.3] years, F: 10.7 [10.2–11.2] years, Δage = 2.1 years; cerebellum: M: 19.8 [19.2–20.6] years, 173 
F: 16.2 [15.5–17.0] years, Δage = 3.6 years; both Pperm < 0.001, FDR-corrected; Fig. 2b, c). 174 

Grey matter volume (GMV) followed a distinct spatiotemporal sequence, peaking first in the 175 
cerebral cortex during early childhood (M: 6.6 [6.3–6.9] years, F: 5.4 [5.2–5.6] years, Δage = 1.2 176 
years), followed by the cerebellum (M: 16.0 [15.3–17.1] years, F: 11.9 [11.2–12.7] years, Δage = 177 
4.1 years) and subcortex (M: 16.8 [16.4–17.3] years, F: 14.7 [14.3–14.9] years, Δage = 2.1 years) 178 
during adolescence (all Pperm < 0.001, FDR-corrected; Fig. 2d–f). White matter volume (WMV) 179 
showed a more prolonged developmental trajectory, reaching its maximum in adulthood. 180 
However, peak age did not significantly differ between sexes for cerebral WMV (M: 28.0 [27.2–181 
28.6] years, F: 27.0 [26.1–27.7] years, Δage = 1 year; Pperm = 0.11; Fig. 2g) or cerebellar WMV 182 
(M: 27.1 [26.0–28.2] years, F: 24.6 [23.8–25.2] years, Δage = 2.5 years; Pperm = 0.02; 183 
uncorrected; Fig. 2h). Ventricular volume exhibited continuous nonlinear expansion across the 184 
lifespan, with no significant sex difference in peak age (Fig. 2i). 185 

Global surface-based metrics revealed a pattern of sequential maturation: cortical thickness, the 186 
folding index, and surface area peaked in early, middle, and late childhood, respectively (Fig. 2j–187 
l). The peak ages exhibited later patterns in males than in females for total surface area (M: 9.9 188 
[9.0–10.6] years, F: 7.9 [7.2–8.6] years, Δage =2.0 years; Pperm < 0.001, FDR-corrected) but not 189 
for cortical thickness (M: 2.6 [1.5–3.1] years, F: 2.2 [1.7–2.5] years, Δage = 0.4 years; Pperm = 190 
0.32) or the folding index (M: 5.8 [5.1–6.5] years, F: 5.8 [5.0–6.4] years; Pperm = 0.94). 191 
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 192 

Figure 1. Dataset and workflow of the study. a, Age distribution of male and female participants at each site. b, Schematic 193 
diagram of brain morphology. c, Sex-specific normative modelling. For each brain phenotype, we fitted separate normative 194 
models for male and female participants using the GAMLSS framework, followed by permutation testing to evaluate the 195 
statistical significance of peak age differences between sexes. d, Predictive performance and clinical deviation analysis. We 196 
compared sex-specific and sex-pooled models by applying them to out-of-sample data to assess predictive accuracy (R2) and to 197 
patient cohorts to compare the percentage of extreme deviations. e, Sex-specific neuropathological pattern analysis. Sex-specific 198 
Cohen’s d maps were derived from case‒control comparisons of the phenotypic deviation scores for males and females. Regions 199 
exhibiting significant sex-by-diagnosis interactions were further classified on the basis of the direction of the interaction and the 200 
corresponding sex-specific case–control effect sizes. yr, year; GAMLSS, generalized additive models for location, scale and 201 
shape; HCs, healthy controls. 202 
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 203 

Figure 2. Sex-specific growth patterns of global brain phenotypes. Growth curves of total intracranial volume (a), cerebral 204 
volume (b), cerebellar volume (c), cortical GMV (d), cerebellar GMV (e), subcortical GMV (f), cerebral WMV (g), cerebellar 205 
WMV (h), ventricular volume (i), mean cortical thickness (j), total cortical folding index (k), and total cortical surface area (l). 206 
For each panel, the left side represents the normative growth curves across the lifespan for the males (blue) and females (red) 207 
(solid line: median; dotted lines: 5th and 95th percentiles) and the right side represents the null distribution of peak age 208 
differences evaluated via a two-sided permutation test (1,000 iterations; see Methods). GMV, grey matter volume; WMV, white 209 
matter volume; yr, year. 210 

In addition to sex differences in peak timing, males also exhibited larger absolute values than 211 
females across broad age ranges for most global measures (all Pperm < 0.005; Fig. S1). With 212 
respect to volumetric phenotypes (except for the total intracranial volume and ventricular 213 
volume), sex differences emerged in early childhood, reached their maximum magnitude during 214 
late adolescence to early adulthood, and gradually attenuated thereafter. With respect to surface-215 
based phenotypes, sex differences in both surface area and the folding index emerged in early 216 
childhood but followed distinct trajectories: the differences in the folding index increased rapidly 217 
to peak at 6 years of age, whereas the differences in surface area continued to increase and 218 
reached their maximum in adulthood. Mean cortical thickness showed significant differences 219 
from approximately 15 years of age, reaching their maximum in adulthood and becoming not 220 
significant after 48 years. 221 
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Sex-specific normative growth of subcortical regions 222 

Subcortical regions followed inverted U-shaped trajectories in both sexes, reaching their peak 223 
volumes at different stages (Fig. 3, the left hemisphere). Specifically, the neostriatum showed the 224 
earliest peak maturation, with the caudate peaking in early childhood (M: 6.6 [6.0–7.1] years, F: 225 
5.2 [4.8–5.6] years, Δage = 1.4 years; Pperm = 0.05, uncorrected; Fig. 3a), followed by the 226 
putamen in late childhood (M: 12.5 [11.9–12.9] years, F: 11.2 [10.7–11.7] years, Δage = 1.3 227 
years; Pperm = 0.001, FDR-corrected; Fig. 3b). These were followed by the thalamus (M: 18.6 228 
[18.0–19.1] years, F: 16.1 [15.6–16.7] years, Δage = 2.5 years), amygdala (M: 19.6 [19.0–20.1] 229 
years, F: 18.3 [17.7–18.8] years, Δ age = 1.3 years), hippocampus (M: 20.2 [19.6–20.7] years, F: 230 
18.1 [17.6–18.6] years, Δage = 2.1 years), and pallidum (M: 21.4 [20.5–21.9] years, F: 19.2 231 
[18.4–20.0] years, Δage = 2.2 years) (all Pperm ≤ 0.003, FDR-corrected; Fig. 3c–f), all of which 232 
reached peak volumes during adolescence or early adulthood (Fig. 3h). Absolute sex differences 233 
in these regions emerged primarily during the prenatal period or within the first two years of life 234 
(all Pperm < 0.005; Fig. S2), peaked in early adulthood and subsequently attenuated, although they 235 
remained detectable into late life (Fig. S2). Highly similar maturational patterns were observed 236 
in the right hemisphere (Fig. S3). 237 

 238 

Figure 3. Sex-specific growth patterns of subcortical regional phenotypes. Growth curves for the subcortical volume of the 239 
caudate (a), putamen (b), thalamus (c), amygdala (d), hippocampus (e), and pallidum (f) in the left hemisphere. For each 240 
phenotype, the left side represents the normative growth curves for males and females (solid line: median; dotted lines: 5th and 241 
95th percentiles), and the right side represents the null distribution of peak age differences evaluated via a two-sided permutation 242 
test (1,000 iterations; see Methods). g, Anatomical schematic of the subcortical regions in the left hemisphere. h, Peak age maps 243 
for male and female participants and the peak age difference map between sexes. The black contours indicate significant 244 
differences (PFDR < 0.05). The results for the right hemisphere are shown in Fig. S3. GMV, grey matter volume; yr, year. 245 
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Sex-specific normative growth of cortical regions 246 

We next mapped sex-specific lifespan trajectories of regional cortical phenotypes (Fig. 4a–c). 247 
The neurodevelopmental sequence was highly conserved between the sexes across these 248 
phenotypes. Mirroring global trends, regional cortical thickness peaked first, followed by the 249 
folding index and GMV, with the surface area peaking latest (Fig. 4a, b). Specifically, regional 250 
GMV showed the most widespread sex differences in peak timing, with males peaking 0.4–2.5 251 
years later than females across 51 regions, spanning the medial frontal and parietal cortices, 252 
lateral temporal cortex, and insular cortex (all PFDR < 0.05; Fig. 4c). The surface area also 253 
showed extensive male-specific delays, with a spatial topography similar to that of the GMV (all 254 
PFDR < 0.05; Fig. 4c). With respect to cortical thickness, 13 regions with significant sex 255 
differences (including the prefrontal and medial parietal cortices) peaked later in males and were 256 
delayed by 0.6–2.0 years (all PFDR < 0.05; Fig. 4c). In contrast, male delays in the folding index 257 
were restricted to a few regions in the lateral temporal and medial parietal cortices, although the 258 
right isthmus cingulate uniquely peaked earlier in males (all PFDR < 0.05; Fig. 4c). 259 

 260 

Figure 4. Sex-specific growth patterns of cortical regional phenotypes. Cortical maps showing peak age in males (a) and 261 
females (b) and the differences in peak age between males and females (c). From top to bottom, the four rows correspond to 262 
regional cortical thickness, cortical GMV, the cortical folding index, and cortical surface area, respectively. The black contours 263 
indicate significant differences in cortical regions (PFDR < 0.05). GMV, grey matter volume; yr, year. 264 
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Second, the developmental timing of absolute sex differences was highly phenotype-specific 265 
(Fig. S4 and Fig. S5). Significant sex differences (Pperm < 0.005) in surface area and GMV 266 
generally emerged during infancy or early childhood, whereas those in cortical thickness and the 267 
folding index appeared substantially later (Fig. S4). The timing of maximal sex differences also 268 
varied across phenotypes, occurring predominantly during adolescence and early adulthood for 269 
GMV and cortical thickness, but showing a more gradual increase that often extended into later 270 
adulthood for surface area and the folding index (Fig. S5). 271 

Improved phenotypic predictive accuracy using sex-specific growth models 272 

To demonstrate the necessity of sex-specific growth models, we compared the out-of-sample 273 
predictive performance of sex-specific and sex-pooled models. The full lifespan dataset (N = 274 
59,915) was divided into training and testing sets, with healthy controls (HCs) from the clinical 275 
case‒control cohorts serving as the testing set (Nmale = 2,062, Nfemale = 1,852, aged 5–96 years). 276 
The remaining 27,698 male and 28,303 female participants composed the training set to retrain 277 
the sex-specific models. Using these 56,001 healthy participants, we constructed two size-278 
matched sex-pooled training datasets to establish corresponding baseline models (Fig. 5a; 279 
detailed in Methods). To apply the retrained models to the testing set while accounting for site 280 
effects, we estimated site-specific statistical offsets and derived site-adjusted trajectories via a 281 
maximum likelihood approach 42. Individualized predicted values and deviation scores were then 282 
calculated for the tested HCs against these site-adjusted trajectories. 283 

We quantified the predictive accuracy (R2) for each phenotype (detailed in Methods), defined as 284 
the proportion of variance in observed phenotypes explained by the model in held-out HCs (Fig. 285 
5b). The male-specific model outperformed the sex-pooled model (Cohen’s d = 2.02, P = 286 
1.58×10-106), yielding accuracy improvements of > 10% for 96 phenotypes and > 5% for 163 287 
phenotypes. The female-specific model demonstrated a similar advantage over the sex-pooled 288 
model (Cohen’s d = 2.40, P = 1.62×10-124), with > 10% improvements in 134 phenotypes and > 289 
5% in 197 phenotypes. The most substantial gains (> 20%) for these sex-specific models 290 
occurred in total WMV, alongside regional surface area and the folding index within the visual, 291 
cingulate, and insular cortices (Fig. 5c). Furthermore, we evaluated the out-of-sample calibration 292 
of the normative models by quantifying the proportion of total extreme deviations (|Z| > 2.6) in 293 
held-out HCs (detailed in Methods). Both the male- (Cohen’s d = -0.13, P = 5.02×10-9) and 294 
female-specific models (Cohen’s d = -0.20, P = 3.26×10-16) models yielded significantly lower 295 
proportions of extreme deviations than the sex-pooled model across the phenotypes did (Fig. 5d). 296 
This pattern held when positive and negative extreme deviations were analysed separately (Fig. 297 
S6). Together, these results indicate that sex-specific models reduce misestimation of brain 298 
deviations in healthy populations, thereby establishing a more accurate normative baseline for 299 
individualized assessment. 300 



11 

 

 301 

Figure 5. Out-of-sample predictive performance of sex-specific versus sex-pooled normative models in healthy individuals. 302 
a, Schematic workflow of the out-of-sample evaluation strategy. Healthy controls (HCs; 2,062 males and 1,852 females) from the 303 
clinical cohorts served as an independent testing set for individualized prediction. Sex-specific and size-matched sex-pooled 304 
models were retrained on the training dataset, comprising all healthy participants from the full lifespan dataset after excluding 305 
these held-out HCs. b, Predictive accuracy (R2) across the 296 structural brain phenotypes. Predictive performance is compared 306 
between sex-specific and size-matched sex-pooled models, evaluated separately in male and female held-out HCs. c, Relative 307 
improvement (%) in the predictive accuracy of sex-specific models over size-matched sex-pooled models. The cortical maps 308 
illustrate the spatial patterns of improvement in surface area and the folding index in both sexes. d, Differences in the percentage 309 
of extreme deviations in the testing set generated by sex-specific versus size-matched sex-pooled models. GAMLSS, generalized 310 
additive models for location, scale and shape; HCs, healthy controls. 311 
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Clinical relevance of sex-specific normative models 312 

Next, we evaluated the clinical utility of the sex-specific normative models in five 313 
neuropsychiatric disorders, namely, AD (patients: Nmale = 570, Nfemale = 529; HCs: Nmale = 741, 314 
Nfemale = 897), MCI (patients: Nmale = 1,705, Nfemale = 1,175; HCs: Nmale = 735, Nfemale = 884), 315 
MDD (patients: Nmale = 358, Nfemale = 504; HCs: Nmale = 272, Nfemale = 388), ASD (patients: Nmale 316 
= 612, Nfemale = 104; HCs: Nmale = 517, Nfemale = 163 ), and ADHD (patients: Nmale = 163, Nfemale = 317 
57; HCs: Nmale = 121, Nfemale = 128 ). We computed individual deviation z scores for 296 318 
structural brain phenotypes using the abovementioned retrained sex-specific and sex-pooled 319 
models. 320 

Given the clinical importance of extreme deviations in characterizing neuroanatomical 321 
abnormalities 42, 46-48, we compared their detection rates between sex-specific and sex-pooled 322 
models (Fig. S7). With respect to AD, MCI, and MDD, the sex-specific models detected more 323 
positive extreme deviations in male patients (AD: Cohen’s d = 0.19, P = 9.12×10-6; MCI: 324 
Cohen’s d = 0.18, P = 2.57×10-13; MDD: Cohen’s d = 0.33, P = 1.26×10-9) and more negative 325 
extreme deviations in female patients (AD: Cohen’s d = 0.30, P = 2.33×10-11; MCI: Cohen’s d = 326 
0.28, P = 1.56×10-21; MDD: Cohen’s d = 0.32, P = 3.66×10-12). With respect to ASD, the sex-327 
specific models revealed more positive (M: Cohen’s d = 0.29, P = 1.79×10-12; F: Cohen’s d = 328 
0.22, P = 0.03) and negative (M: Cohen’s d = 0.17, P = 2.17×10-5; F: Cohen’s d = 0.24, P = 0.01) 329 
extreme deviations in patients across both sexes. In ADHD, these sex-specific models revealed 330 
more negative extreme deviations in male patients (Cohen’s d = 0.30, P = 0.0002), with no 331 
significant effect observed in female patients (Cohen’s d = 0.07, P = 0.61). Together, these 332 
findings highlight the necessity of sex-specific benchmarks for capturing sex-biased 333 
neuroanatomical patterns in patients with brain disorders. 334 

Using these sex-specific normative models, for each disorder, we characterized the case–control 335 
differences in deviation scores separately for males and females and quantified whether disorder-336 
related deviations differed between sexes. In AD patients, both female and male patients showed 337 
positive mean deviations (Fig. S8a) and case–control effects (Fig. 6a) in total ventricular volume 338 
and widespread negative mean deviations and case–control effects across most global (e.g., 339 
cortical/subcortical GMV and mean cortical thickness; Fig. 6a, Fig. S8a), subcortical (e.g., 340 
hippocampus; Fig. 6b, Fig. S8b), and cortical (e.g., lateral temporal and lateral/medial parietal 341 
cortices; Fig. 6c, Fig. S8c) phenotypes. Although these case‒control Cohen’s d maps revealed 342 
high spatial similarity between the sexes (r = 0.81–0.99, Pspin < 0.001, FDR-corrected; Fig. S9), 343 
female patients tended to exhibit significantly larger effect sizes across these phenotypes (PFDR < 344 
0.05; Fig. 6a–c), suggesting more severe structural atrophy than in males. We also observed 345 
distinct sex-divergent patterns: male patients showed positive case‒control effects on the folding 346 
index and surface area within the precentral gyrus and medial prefrontal cortex, whereas these 347 
effects were absent in female patients (Fig. 6c). Representative examples are shown (Fig. 6d), 348 
where disease-related deviations indicate female-biased atrophy (Cohen’s dfemale < Cohen’s dmale 349 
< 0) in mean cortical thickness, left hippocampal GMV and left inferior parietal cortical 350 
thickness, and a male-biased increase (Cohen’s dmale > Cohen’s dfemale > 0) in left precentral 351 
surface area. In MCI, patients exhibited a pattern similar to that of AD, although the effects were 352 
generally more modest (Figs. S10–11). MDD was characterized by predominantly negative case‒353 
control effects, with widespread cortical thickness alterations across prefrontal, temporal, 354 



13 

 

parietal, and occipital cortices, whereas GMV alterations were more spatially restricted and 355 
primarily involved frontal and temporal cortices (Figs. S12–13). In contrast, ASD and ADHD 356 
showed significant disorder-related deviations in only a limited number of regions (Figs. S14–357 
15). With respect to MDD, ASD, and ADHD, these deviations showed lower spatial similarity 358 
between sexes, and few sex-by-diagnosis interactions survived FDR correction (Fig. S9). 359 

 360 

Figure 6. Sex-specific brain abnormality patterns in AD. a, Global structural abnormalities in patients. b, Subcortical 361 
structural abnormalities in patients. c, Regional cortical structural abnormalities in patients. In a–c, the columns show the male 362 
and female case–control effects (Cohen’s d) and categorical sex-difference patterns. In a, the blue and red circles represent the 363 
male and female case–control effects, respectively, and the black outlines indicate significant case–control differences (PFDR < 364 
0.05). In c, the rows represent cortical thickness, GMV, the folding index, and surface area. The black contours indicate 365 
significant case‒control differences in cortical regions (PFDR < 0.05). Significant sex-difference patterns were classified 366 
according to the sex-by-diagnosis interaction and the corresponding male and female case‒control effects (see Methods). The 367 
corresponding results for the right hemisphere are shown in Fig. S16. d, Classification of sex-specific disease-related patterns. 368 
The boxplots show the distribution of deviation scores in patients and healthy controls for males and females. Sex-by-diagnosis 369 
interactions assess whether disease-related deviations differ between males and females. The asterisks (*) indicate PFDR < 0.05. 370 
Regions exhibiting significant sex-by-diagnosis interactions were classified according to the direction and relative magnitude of 371 
the male and female case–control effects (Cohen’s d), yielding distinct patterns of sex-specific disease effects. GMV, grey matter 372 
volume; CT, cortical thickness; SA, surface area; yr, year; HCs, healthy controls; AD, Alzheimer’s disease. 373 

 374 
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Sensitivity analyses 375 

To validate the robustness of the sex-specific lifespan growth trajectories and their peak age 376 
differences across all the phenotypes, we performed a suite of sensitivity analyses (for details, 377 
see the Methods section). Specifically, we evaluated (i) the stability of trajectories against 378 
sampling variations using bootstrap resampling (1,000 iterations), (ii) the potential bias of 379 
unequal sample sizes across age groups via age-stratified balance resampling (100 iterations), 380 
(iii) the influence of scanner sites using a leave-one-site-out (LOSO) approach (172 iterations), 381 
(iv) the reproducibility of the findings in independent subsets via a split-half strategy, and (v) the 382 
confounding effects of image quality by incorporating the Euler number as an additional 383 
covariate. Across all analyses, the resulting validation trajectories were highly consistent with the 384 
primary models for the vast majority of the phenotypes. To evaluate the robustness of the 385 
observed sex differences, we assessed the similarity between the peak age differences derived 386 
from each validation strategy and the main results. For strategies involving multiple iterations, 387 
we computed all possible pairwise peak age differences between the male and female validation 388 
models, with 1,000×1,000 cross-sex comparisons for the bootstrap analysis (i), 100×100 389 
comparisons for the age-balanced resampling (ii), and 172×172 comparisons for the LOSO 390 
analysis (iii). For strategies (iv) and (v), the peak age differences were directly compared against 391 
the main findings. Finally, all sensitivity analyses reproduced the overall pattern of cross-sex 392 
peak age differences, yielding correlation coefficients of 1.00, 0.97, 0.99, 0.79, 0.76, and 0.80 for 393 
strategies (ii) through (vii), respectively (all P ≤ 2.90×10-53; Fig. S17). 394 

Discussion 395 

Using large-scale neuroimaging data from 59,915 healthy participants spanning from 266 days 396 
postconception to 100 years of age, we constructed sex-specific growth charts for 296 structural 397 
brain phenotypes. These models revealed that males generally reached maturational peaks 1–2 398 
years later than females did across most global and regional anatomical measures, with 399 
significant regional effects primarily concentrated in GMV and SA, whereas CT and FI exhibited 400 
relatively sparse and spatially restricted sex differences. This framework further provides a 401 
spatiotemporal map of when sex differences emerge and when they are most pronounced. 402 
Compared with conventional sex-pooled models, the sex-specific models enhanced predictive 403 
accuracy, reduced the misestimation of individual deviations in held-out healthy participants and 404 
improved the detection of neuropathological deviations across five major neuropsychiatric 405 
conditions while capturing disease-related sex differences. Our work helps clarify sex-specific 406 
neurodevelopmental milestones and provides a tailored framework for sex-aware assessments of 407 
brain development, ageing and disease-related deviations. 408 

Lifespan brain charts provide an important framework for understanding the normative 409 
principles of brain maturation across diverse neurobiological phenotypes, including structural 410 
measures 42, 49-51, cerebral perfusion 52, functional connectome 43, cortical similarity networks 44 411 
and white matter micro- 53 and macrostructure 54. Although recent landmark brain charts provide 412 
valuable insights, they typically treat sex as a fixed covariate 42-44, 54, 55, which inherently 413 
constrains male and female trajectories to share highly similar milestones. In addition, previous 414 
studies have reported sex differences in the timing of developmental peaks across various 415 
structural measures, but most of these studies were based on relatively limited sample sizes 33-35. 416 
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More recently, a large-scale study 56 extended this framework by incorporating age-varying sex 417 
effects within a GAMLSS model, revealing significant sex biases across nearly all brain 418 
structures, converging with the results reported in our study. However, trajectory estimation 419 
remains influenced by data from both sexes through a shared model. In contrast, independently 420 
modelling male and female populations via stratified estimation removes this constraint. Here, 421 
we characterized sex-specific developmental trajectories and revealed robust sex differences in 422 
developmental milestones across the lifespan. Earlier maturation in females was observed across 423 
widespread brain regions, with the greatest sex differences concentrated in higher-order 424 
association areas. For instance, several regions involved in language processing, including the 425 
superior temporal gyrus, middle temporal cortex, and superior temporal sulcus, exhibited 426 
significantly earlier peak ages in females, with ages ranging from approximately 0.8 to 2.5 years. 427 
These findings are consistent with previous neuroimaging studies reporting earlier maturation of 428 
language networks in females 57, 58 and paralleling their earlier language acquisition and superior 429 
verbal fluency during childhood and adolescence 59. Earlier female peaks were also evident in 430 
regions involved in emotional processing, including the hippocampus, amygdala, insula and 431 
anterior cingulate cortex 60, 61. These differences may contribute to established sex differences in 432 
emotional reactivity and emotion regulation 62, 63. Beyond their functional relevance, these 433 
spatially patterned sex differences may also reflect regional variation in molecular architecture. 434 
For example, the peak ages of the fusiform gyrus across multiple morphometric measures were 435 
significantly earlier in females than in males (Fig. 4c). These findings align with those of a recent 436 
single-cell transcriptomic study showing highly region-specific sex differences in cortical gene 437 
expression and identifying the fusiform gyrus as one of the most sexually dimorphic regions 64. 438 
Together, these findings highlight the importance of delineating sex-specific developmental 439 
milestones for understanding the biological organization of human brain maturation. 440 

Sex bias in biomedical modelling has increasingly been recognized as a pervasive problem, as 441 
biological standards, diagnostic thresholds, and predictive algorithms derived from male-442 
dominated 65 or pooled cohorts are often applied indiscriminately to both sexes 66, potentially 443 
leading to the misestimation of disease risk or treatment efficacy in females 65, 67, 68. 444 
Neuroimaging-based normative modelling faces similar challenges. For instance, Elleaume et al. 445 
showed that sex imbalance in brain chart construction can significantly affect the estimation of 446 
individual deviation scores 69. Consistent with these observations, our results demonstrate that, 447 
compared with conventional sex-pooled models, sex-specific normative models reduced the 448 
misestimation of individual brain deviations in healthy participants and provided greater 449 
sensitivity to disease-related heterogeneity across five major neuropsychiatric conditions. For 450 
example, in the AD cohort, our sex-specific normative modelling revealed that compared with 451 
male patients, female patients showed more pronounced structural reductions, indicating greater 452 
vulnerability in females. These observations are consistent with previous clinical studies 453 
demonstrating that female patients exhibit more severe atrophy 70, 71, particularly in the frontal, 454 
parietal and temporal regions 72, 73, and experience more pronounced cognitive decline following 455 
disease onset 74. A similar female-biased spatial distribution of structural deviations was also 456 
observed in the aMCI group. These findings are further supported by established 457 
neuropathological and neuroimaging studies showing that AD pathology preferentially affects 458 
the transentorhinal and entorhinal cortices, hippocampus 75, 76, posterior cingulate cortex, 459 
precuneus, and other association cortical regions 77, 78. Notably, the regional abnormalities 460 
exhibiting female-biased reductions in our study were predominantly localized to these 461 
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vulnerable regions, supporting the biological relevance of the greater female structural 462 
vulnerability observed in AD. These findings suggest that constructing sex-specific normative 463 
references is not merely a statistical refinement, but an essential step towards more accurate 464 
assessment of brain development and disease-related alterations 45. 465 

Several limitations need further consideration. First, sex differences in brain development likely 466 
arise from the combined influence of genetic, hormonal, environmental and psychosocial factors. 467 
However, the relative contributions of these intertwined factors cannot be disentangled using the 468 
current data, which were limited to binary, self-reported biological sex. Second, although our 469 
dataset encompasses a broad age range from 266 days postconception to 100 years, sample sizes 470 
remained relatively sparse at the developmental extremes, particularly in the early postnatal 471 
period and among the oldest-old individuals aged over 90 years. Third, the cross-sectional nature 472 
of the data precludes direct tracking of individual developmental dynamics 79. Future densely 473 
sampled longitudinal datasets will be essential for more accurately mapping sex-specific 474 
nonlinear trajectories and maturational milestones. 475 

METHOD DETAILS 476 

Image quality control process 477 

All structural MR images were evaluated using a unified four-stage quality control (QC) pipeline 478 
43 that integrates automated algorithms with expert visual inspection. By systematically 479 
identifying and excluding scans containing structural artefacts, this standardized framework was 480 
implemented to ensure robust data consistency and reliability. Comprehensive details regarding 481 
these QC procedures can be found in our previous study 43 and at 482 
https://github.com/sunlianglong/BrainChart-FC-Lifespan/blob/main/QC/README.md. 483 

Structural MRI data processing 484 

While a single, unified processing pipeline across all age groups would theoretically maximize 485 
methodological consistency, the dramatic anatomical variations across the human lifespan—486 
especially during the perinatal and early infancy periods—render such uniformity impractical. 487 
Thus, consistent with our prior study 43, we adopted age-specific processing strategies for early 488 
developmental data while maintaining a harmonized approach for the remainder of the lifespan. 489 

Specifically, for participants aged two years and older, all structural MRI data were processed via 490 
FreeSurfer v6.0.0, integrated within the containerized HCP structural preprocessing pipeline 491 
(v4.4.0-rc-MOD-e7a6af9) 80, deployed on the QuNex platform (v0.93.2) 81. Except the ABCD 492 
and UKB datasets, we applied the HCP-recommended PreFreeSurfer pipeline prior to 493 
FreeSurfer. This stage focused on normalization of anatomical images, which involved (1) brain 494 
extraction, (2) denoising, and (3) bias field correction of T1-weighted and, when available, T2-495 
weighted scans. FreeSurfer processing was then conducted on the normalized images to generate 496 
cortical surfaces, which included (4) anatomical tissue segmentation, (5) construction of pial, 497 
white, and mid-thickness surfaces, (6) surface topological correction, and (7) projection of the 498 
surface onto a sphere for surface registration. For the structural images from the ABCD and UKB 499 
datasets, we used the officially released data and performed a processing procedure with 500 
FreeSurfer v6.0.0 82.  501 
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For participants aged 0–2 years, we employed the iBEAT v2.0 pipeline 83. This tool is explicitly 502 
optimized for infant neuroimaging and has demonstrated enhanced accuracy in tissue 503 
segmentation and cortical reconstruction relative to alternative approaches 83. This pipeline 504 
follows the principles of the HCP-FreeSurfer approach and mainly includes (1) inhomogeneity 505 
correction of T1w/T2w images, (2) skull stripping, (3) cerebellum removal (for participants with 506 
incomplete cerebellum removal, frame-by-frame manual correction was performed), (4) tissue 507 
segmentation, (5) cortical surface reconstruction, (6) topological correction of the white matter 508 
surface, and (7) final reconstruction of the inner and outer cortical surfaces. For neonates from 509 
the dHCP study, we used data processed with the officially recommended dHCP pipeline 84, 510 
which was specifically designed to account for the substantial differences between neonatal and 511 
adult MRI data. This pipeline, which is similar in structure to those described above, mainly 512 
includes (1) bias correction and (2) brain extraction, which are performed on motion-corrected, 513 
reconstructed T2W images, (3) tissue segmentation, (4) cortical reconstruction of the white 514 
matter surface, (5) surface topology correction, (6) generation of pial and mid-thickness surfaces, 515 
and (7) spherical projection for surface registration. 516 

Individual cortical surfaces for the 0–2 age group were mapped to the adult fsaverage standard 517 
space via a three-stage registration method 43. Briefly, for dHCP neonates (40 to 44 518 
postmenstrual weeks), the following steps were implemented: (1) registering individual surfaces 519 
to their respective postmenstrual week templates 85; (2) aligning the 41–44-week templates to the 520 
40-week baseline; and (3) registering the 40-week template to the fsaverage surface. Similarly, 521 
for infants aged 1–24 months, the following steps were taken: (1) registering the individual 522 
surfaces to their corresponding monthly age templates 86; (2) registering the monthly templates to 523 
the 12-month template; and (3) registering the 12-month template to the fsaverage surface 524 
template. 525 

Structural brain phenotypes 526 

(i) Global brain phenotypes. Volumetric measures included total cerebral and cerebellar volume, 527 
ventricular volume and tissue-specific volumes for cortical/cerebellar GMV and WMV, as well 528 
as subcortical GMV. The surface-based metrics included the mean cortical thickness, total 529 
cortical surface area, and total folding index. Consistent with previous studies 42, total cerebral 530 
volume was defined as the aggregate of cortical GM and WM volumes—a proxy demonstrating 531 
a near-perfect correlation (r = 0.99) with direct segmentation. With respect to the 0–2-year age 532 
group, the iBEAT pipeline lacks precision in segmenting the cerebellum and ventricles; 533 
consequently, modelling for these specific phenotypes was restricted to participants aged 2–100 534 
years. 535 

(ii) Subcortical regional phenotypes. For participants aged 2–100 years, we utilized FreeSurfer 536 
segmentation to extract subcortical GM volumes, covering the bilateral thalamus, caudate, 537 
putamen, pallidum, hippocampus and amygdala. Conversely, for infants (0–2 years), volumetric 538 
measures were obtained by registering individual structural images to a 12-month template via 539 
age-appropriate registration techniques 43, followed by the mapping of a standard subcortical 540 
atlas. 541 

(iii) Cortical regional phenotypes. Following surface reconstruction, we calculated vertex wise 542 
metrics including cortical thickness, GM volume, surface area, and the folding index for each 543 
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participant. We utilized the individual-to-template surface mappings generated during 544 
preprocessing (see the “Structural MRI data processing” section) to project the standard 545 
Desikan–Killiany atlas onto each participant’s surface, thereby enabling the extraction of 546 
regionwise surface–based measures across 68 cortical regions. Previous research revealed that 547 
the entorhinal region, temporal pole region, and frontal pole regions exhibit excessive between-548 
subject variability and outlier-level peak ages 42 because of signal artefacts in neonatal MR 549 
images. Consequently, these regions were excluded from the set of regional volumetric 550 
milestones in the lifespan brain chart proposed by Bethlehem et al. 42. To observe similar 551 
instability in our datasets, we excluded these three regions to ensure methodological consistency 552 
and result interpretability. 553 

Modelling the lifespan growth curves 554 

We utilized generalized additive models for location, scale and shape (GAMLSS) 87-89—555 
implemented via the gamlss package (version 5.4-3) in R 4.2.0—to estimate normative structural 556 
growth trajectories in the healthy population. Endorsed by the World Health Organization for 557 
normative modelling, GAMLSS constitutes a powerful statistical tool for delineating complex, 558 
nonlinear growth patterns, with broad applications in neurodevelopmental studies 42, 43, 90. 559 

(i) Sex-specific GAMLSS models. Building on the framework established by Bethlehem et al.42, 560 
which identified the generalized gamma (GG) distribution as optimal for structural brain 561 
phenotypic data, we adopted this distribution characterized by the median (𝜇), coefficient of 562 
variation (𝜎), and skewness (𝜈). We determined the best-fitting parameters for each structural 563 
phenotype on the basis of this distribution. To flexibly model age-related changes, we employed 564 
fractional polynomial as smoothing term within the GAMLSS framework, allowing for the 565 
simultaneous fitting and selection of nonlinear terms. Optimization involved a systematic 566 
evaluation of model configurations, varying polynomial degrees (ranging from 1 to 3) for the μ 567 
and σ components of the GG distribution, and assessing the necessity of site-specific random 568 
effects. Consistent with Bethlehem et al. 42, we did not evaluate fractional polynomials for the 𝜈 569 
parameter, as modelling 𝜈 in this manner frequently leads to instability (e.g., failure to converge 570 
to an optimal parameter) and lacks an a priori reason for assuming age- or random-effect-571 
dependent changes in skewness. Model estimation utilized a default convergence threshold of 572 
log-likelihood = 0.001 between iterations, with a maximum of 400 iterations. We compared all 573 
the converged models using the Bayesian information criterion (BIC), selecting the configuration 574 
with the lowest BIC as the optimal model 91. Convergence was successfully achieved for all 575 
structural phenotypes. In the sex-specific framework male and female participants were modelled 576 
independently. Accordingly, sex was not included as a covariate, and separate normative models 577 
were estimated for each sex using identical model selection procedures. The final model 578 
specification for male total cerebral volume is provided below as a representative example. 579 

𝑦 = 𝐺𝐺(𝜇, 𝜎, 𝜈) 580 

𝜇 =  𝑓𝜇,1(𝑎𝑔𝑒)−2 + 𝑓𝜇,2(𝑎𝑔𝑒)−0.5 + 𝛼𝜇 + 𝛾𝜇(𝑠𝑖𝑡𝑒), 581 

𝜎 =  𝑓𝜎,1(𝑎𝑔𝑒)−2 +  𝑓𝜎,2(𝑎𝑔𝑒)−2 + 𝛼𝜎 + 𝛾𝜎(𝑠𝑖𝑡𝑒), 582 

𝜈 =  𝛼𝜈 583 
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The f terms describe the fixed effects of age, modelled using fractional polynomials where the 584 
number of terms defines the polynomial order. In accordance with Bethlehem et al.42, age was 585 
quantified in gestational days and log-transformed to better capture the rapid structural changes 586 
during early development. Additionally, 𝛼 represents the fixed intercepts, and γ represents site-587 
level random effects. For the skewness parameter (𝜈), only a fixed intercept was included. 588 
Leveraging this GAMLSS framework, we generated male and female normative models for each 589 
phenotype on the basis of the sex-specific normative models. 590 

(ii) Sex-pooled GAMLSS models. To provide a direct comparison with the sex-specific 591 
framework, we constructed pooled-sex normative models using the same GAMLSS pipeline, 592 
including the same GG distribution, fractional polynomial modelling strategy, parameter 593 
optimization procedure, BIC-based model selection, convergence criteria, and site-specific 594 
random effects. In contrast to the sex-specific framework, data from males and females were 595 
combined into a single training dataset, and sex was incorporated as a fixed-effect covariate in 596 
the 𝜇 and 𝜎 parameters. The final model specification for male size-matched (see the 597 
“Construction of size-matched sex-pooled training datasets” section) total cerebral volume is 598 
provided below as a representative example: 599 

𝑦 = 𝐺𝐺(𝜇, 𝜎, 𝜈) 600 

𝜇 =  𝑓𝜇,1(𝑎𝑔𝑒)−2 + 𝑓𝜇,2(𝑎𝑔𝑒)−2 + 𝛼𝜇 + 𝛽𝜇(𝑠𝑒𝑥) + 𝛾𝜇(𝑠𝑖𝑡𝑒), 601 

𝜎 =  𝑓𝜎,1(𝑎𝑔𝑒)−2 + 𝛼𝜎 + 𝛽𝜎(𝑠𝑒𝑥) +  𝛾𝜎(𝑠𝑖𝑡𝑒), 602 

𝜈 =  𝛼𝜈 603 

Differences in peak age between the male and female growth curves 604 

To evaluate whether the peak ages differed significantly between the male and female models, 605 
we employed a stratified permutation testing framework. First, the entire cohort of male 606 
(N=29,760) and female (N=30,155) participants was aggregated into a single dataset. This 607 
pooled sample was then segmented into 27 distinct age bins, ranging from prenatal stages to 608 
centenarians (-1–0 months, 0–3 months, 3–6 months, 6–12 months, 1–2 years, 2–4 years, 4–6 609 
years, 6–8 years, 8–10 years, 10–15 years, 15–20 years, 20–25 years, 25–30 years, 30–35 years, 610 
35–40 years, 40–45 years, 45–50 years, 50–55 years, 55–60 years, 60–65 years, 65–70 years, 611 
70–75 years, 75–80 years, 80–85 years, 85–90 years, 90–95 years, and 95–100 years), to ensure 612 
granular age matching. Within each age stratum, sex labels were randomly shuffled while the 613 
original sample size ratios were maintained. This process effectively created two pseudogroups 614 
with randomized sex assignment but identical age distributions to the original data. For each 615 
permutation, normative growth curves were re-estimated for these pseudogroups, and the 616 
difference in peak ages was calculated. To construct a null distribution of peak age differences 617 
for each phenotype, this computationally intensive procedure was iterated 1,000 times. Two-618 
tailed empirical p values were subsequently derived by locating the difference in observed peak 619 
age within this null distribution. Finally, to account for multiple testing, we applied a false 620 
discovery rate (FDR) correction at a threshold of 0.05, considering only those phenotypes that 621 
survived correction as exhibiting significant differences in peak timing. 622 

 623 
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Sex differences in lifespan trajectories 624 

To identify developmental periods during which male and female trajectories differed 625 
significantly, we performed pointwise permutation testing across the lifespan. The same stratified 626 
permutation procedure described above was used to generate a 1,000 pseudo-male and pseudo-627 
female dataset by randomly shuffling sex labels within each of the 27 age strata while preserving 628 
the original age distribution and sample size of each sex. For every permutation, sex-specific 629 
normative trajectories were re-estimated using the same GAMLSS modelling pipeline. For each 630 
phenotype, the predicted population trajectories from the permuted male and female models were 631 
evaluated at 211 uniformly sampled points along the transformed age axis, matching the 632 
resolution of the original normative curves. At each age point, the sex difference was calculated 633 
as the predicted male trajectory minus the predicted female trajectory, thereby generating a null 634 
distribution of trajectory differences across permutations. The observed true sex difference at 635 
each age point was then compared with this null distribution to obtain an empirical permutation p 636 
value. Developmental periods with Pperm < 0.005 were considered to exhibit significant sex 637 
differences in the predicted trajectories. 638 

Predictive accuracy for brain phenotypes of the male and female growth models 639 

We evaluated the out-of-sample predictive performance of sex-specific models (comprising 640 
separate GAMLSS fits for males and females) against pooled models (a single GAMLSS fit with 641 
sex as a categorical covariate) using healthy controls from independent clinical sites. The 642 
validation dataset included 2,062 males (105 sites) and 1,852 females (98 sites) aged 5–96 years. 643 
Although these sites were part of the initial aggregate compilation, we rigorously removed them 644 
to create a leakage-free training set and retrained all the models on the remaining data. We then 645 
applied the retrained models to the held-out sites by estimating site-specific offsets using 646 
maximum likelihood, subsequently deriving individual centile scores for validation. 647 

Construction of size-matched sex-pooled training datasets. We constructed two size-matched 648 
sex-pooled training datasets that were matched to the male-specific and female-specific training 649 
cohorts. Matching was performed within each combination of study sites and predefined age 650 
intervals to ensure identical demographic compositions and age distributions between the sex-651 
specific and sex-pooled models. Age stratification was performed using 27 lifespan intervals 652 
spanning prenatal stages to late adulthood: -1–0 years, 0–3 months, 3–6 months, 6–12 months, 653 
1–2 years, 2–4 years, 4–6 years, 6–8 years, 8–10 years, 10–15 years, 15–20 years, 20–25 years, 654 
25–30 years, 30–35 years, 35–40 years, 40–45 years, 45–50 years, 50–55 years, 55–60 years, 655 
60–65 years, 65–70 years, 70–75 years, 75–80 years, 80–85 years, 85–90 years, 90–95 years, and 656 
95–100 years. For each target sex-specific training cohort, we first calculated the number of 657 
participants within every unique StudyAgeGroup cohort, yielding a target sample size (TargetN) 658 
for each cohort. We then sampled participants from the pooled healthy population containing 659 
both males and females within the same StudyAgeGroup cohorts to construct the corresponding 660 
sex-pooled dataset. Sampling followed two predefined principles. First, the total number of 661 
selected participants within each StudyAgeGroup stratum was constrained to exactly match the 662 
corresponding TargetN from the target sex-specific cohort. Second, within each stratum, 663 
participant selection was balanced towards an ideal 1:1 male-to-female ratio whenever possible. 664 
If one sex contained fewer available participants than needed, all available participants from that 665 
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sex were included, and the remaining quota was filled using participants from the opposite sex. 666 
Using this procedure, we generated two independent size-matched sex-pooled datasets 667 
corresponding to the male-specific and female-specific training cohorts and subsequently trained 668 
two matched sex-pooled normative models for comparative analyses. 669 

Predictive accuracy of the normative model. The predictive accuracy of the normative models 670 
was evaluated using held-out healthy controls (HCs) from the clinical case‒control cohorts. For 671 
each phenotype, model-predicted values (ŷ) were compared against the observed phenotype 672 
values (y) using the coefficient of determination (R2). Crucially, the observed phenotype value (y) 673 
remained identical across analyses, whereas the predicted value (ŷ) differed according to the 674 
normative modelling framework. Specifically, predictions from the sex-specific framework were 675 
generated using independently trained male-specific and female-specific models, whereas 676 
predictions from the sex-pooled framework were generated using the corresponding size-677 
matched sex-pooled models trained on pooled male and female participants. To ensure a fair 678 
comparison between modelling strategies, predictive performance was evaluated separately for 679 
males and females. For male HCs, the predictive accuracy of the male-specific model was 680 
compared against that of the sex-pooled model. Similarly, for female HCs, the predictive 681 
accuracy of the female-specific model was compared against that of the sex-pooled model. The 682 
predictive accuracy was quantified as R2 = 1−SSE/SST, where SSE denotes the sum of the 683 
squared errors between the observed and predicted values and SST denotes the total sum of the 684 
squares relative to the mean of the observed values. To quantify the advantage of the sex-specific 685 
approach, we calculated the percentage improvement in predictive performance accuracy relative 686 
to the corresponding sex-pooled model. To avoid unstable estimates arising from near-zero 687 
baseline performance, this analysis was restricted to phenotypes with R2 > 0.1 in the sex-specific 688 
and sex-pooled models. Improvement rates were computed as follows: (𝑅𝑠𝑒𝑥−𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐

2 −689 

𝑅𝑝𝑜𝑜𝑙𝑒𝑑−𝑠𝑒𝑥
2 )/𝑅𝑝𝑜𝑜𝑙𝑒𝑑−𝑠𝑒𝑥

2 . Finally, pairwise comparisons were performed to evaluate significant 690 

differences in accuracy between the models, reporting both effect sizes and significance levels. 691 

Using the retrained normative models, all HCs were treated as full independent testing datasets 692 
for individual deviation estimation. For each participant, deviation scores (Z scores) were 693 
calculated relative to the corresponding sex-specific normative and size-matched sex-pooled 694 
models. Extreme deviations were defined as z > |2.6| (corresponding to P < 0.05). For each 695 
participant, we quantified the proportion of phenotypes exhibiting extreme positive, extreme 696 
negative deviations, and absolute extreme deviations. 697 

Clinical relevance of sex-specific normative models for brain disorders 698 

To further evaluate the clinical applicability of the sex-specific normative models, we 699 
incorporated quality-controlled structural MRI data from six brain neuropsychiatric and 700 
neurodegenerative disorders. All preprocessing and quality control procedures were performed 701 
using an identical pipeline applied to the healthy dataset. The final clinical dataset included 1,099 702 
patients with AD (male: 570 aged 53–92 years; female: 529 aged 49–95 years), 2,880 patients 703 
with MCI (male: 1,705 aged 42–93 years; female: 1,175 aged 48–93 years), 862 patients with 704 
MDD (male: 358 aged 12–65 years; female: 504 aged 11–77 years), 716 patients with ASD 705 
(male: 612 aged 5–62 years; female: 104 aged 5–54 years), and 220 patients with ADHD (male: 706 
163 aged 7–21 years; female: 57 aged 7–20 years). 707 
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Using the retrained normative models described in the “Predictive accuracy for brain 708 
phenotypes of the Male and Female growth models” section, all patient cohorts were treated 709 
as full independent testing datasets for individual deviation estimation. For each participant, 710 
deviation scores (Z scores) were calculated relative to the corresponding sex-specific normative 711 
trajectory after site adjustment. Extreme deviations were defined as z > |2.6| (corresponding to P 712 
< 0.05). For each patient, we quantified the proportion of phenotypes exhibiting extreme positive 713 
and extreme negative deviations and absolute extreme deviations. 714 

Regional pathological patterns and sex differences 715 

To characterize sex-specific patterns of regional brain abnormalities, we compared deviation 716 
scores between patients and healthy controls (HCs) separately in males and females for each 717 
disorder. Analyses were performed independently for AD, MCI, MDD, ASD, and ADHD across 718 
CT, GMV, FI, and SA. For each brain region, two-sample independent t tests were conducted to 719 
compare deviation scores between patients and sex-matched HCs. Statistical significance was 720 
assessed separately for males and females. To quantify the magnitude of disease-related 721 
abnormalities, Cohen’s effect sizes were calculated for each region as follows: 722 

𝑑 =  
𝑋̅𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 − 𝑋̅𝐻𝐶𝑠

𝑆𝐷𝑝𝑜𝑜𝑙𝑒𝑑
 723 

where 𝑋̅𝑝𝑎𝑡𝑖𝑒𝑛𝑡𝑠 and 𝑋̅𝐻𝐶𝑠 denote the mean deviation scores of patients and healthy controls, 724 

respectively, and 𝑆𝐷𝑝𝑜𝑜𝑙𝑒𝑑 represents the pooled standard deviation. Negative effect sizes 725 

indicate lower deviation scores in patients relative to controls, whereas positive values indicate 726 
higher deviation scores.  727 

To evaluate the spatial similarity of these case–control abnormalities between the sexes, spatial 728 
correlation analyses were performed on the sex-specific case–control effects maps. For each 729 
disorder and across all six categories of brain morphometric metrics, Pearson correlation 730 
coefficients (r) were computed between the male and female case–control effects maps across the 731 
corresponding matched brain regions. The statistical significance of these spatial correlations 732 
was assessed using distinct frameworks depending on the type of features. For global and 733 
subcortical features, p-values were adjusted using the False Discovery Rate (FDR) method. For 734 
the four regional cortical metrics (cortical thickness, GMV, folding index, and surface area), 735 
which are subject to spatial autocorrelation, the significance of the spatial correlations was 736 
determined using spatial permutation tests (spin tests) 92. 737 

To quantify sex differences in disease-related abnormalities, we constructed a two-way 738 
interaction model at the individual level using ordinary least squares (OLS) linear regression for 739 
each region of interest (ROI) as follows: 740 

𝑍 =  𝛽0 +  𝛽1(𝑆𝑒𝑥) +  𝛽2(𝐺𝑟𝑜𝑢𝑝) + 𝛽3(𝑆𝑒𝑥 × 𝐺𝑟𝑜𝑢𝑝) +  𝜖 741 

where Z represents the sex-specific, GAMLSS-derived normative deviation (Z score), Sex is 742 
dummy-coded with females as the reference group (female = 0, male = 1), Group is dummy-743 
coded with healthy controls (HCs) as the reference group, and 𝜖 represents the random error 744 
term. 745 
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To elucidate the physical and statistical meaning of the interaction coefficient (𝛽3), we examined 746 
the conditional expectations (predicted group means) of the 𝑍-scores for the four subgroups as 747 
follows: 748 

𝐸[𝑍𝐹𝑒𝑚𝑎𝑙𝑒,𝐻𝐶𝑠] =  𝛽
0
 749 

𝐸[𝑍𝐹𝑒𝑚𝑎𝑙𝑒,𝑃𝑎𝑡𝑖𝑒𝑛𝑡𝑠] =  𝛽
0

+ 𝛽
2
 750 

𝐸[𝑍𝑀𝑎𝑙𝑒,𝐻𝐶𝑠] =  𝛽
0

+ 𝛽
1
 751 

𝐸[𝑍𝑀𝑎𝑙𝑒,𝑃𝑎𝑡𝑖𝑒𝑛𝑡𝑠] =  𝛽
0

+ 𝛽
1

+ 𝛽
2

+ 𝛽
3
 752 

By calculating the disease-related alterations (patient minus control) for each sex, we obtain the 753 
following equation: 754 

∆𝐹𝑒𝑚𝑎𝑙𝑒=  𝐸[𝑍𝐹𝑒𝑚𝑎𝑙𝑒,𝑃𝑎𝑡𝑖𝑒𝑛𝑡𝑠] − 𝐸[𝑍𝐹𝑒𝑚𝑎𝑙𝑒,𝐻𝐶𝑠] = 𝛽
2
 755 

∆𝑀𝑎𝑙𝑒=  𝐸[𝑍𝑀𝑎𝑙𝑒,𝑃𝑎𝑡𝑖𝑒𝑛𝑡𝑠] − 𝐸[𝑍𝑀𝑎𝑙𝑒,𝐻𝐶𝑠] = 𝛽
2

+ 𝛽
3
 756 

∆𝑀𝑎𝑙𝑒 − ∆𝐹𝑒𝑚𝑎𝑙𝑒= 𝛽3 757 

This algebraic formulation mathematically demonstrates that the interaction coefficient 𝛽3 758 
purely quantifies the difference in disease-related deviation from sex-specific norms between 759 
females and males, with baseline normal sex differences (𝛽1) fully controlled and cancelled out. 760 
The statistical significance of the interaction term was assessed using two-tailed t tests. Multiple 761 
testing correction was performed using the false discovery rate (FDR) across the 68 cortical 762 
ROIs within each morphometric modality (PFDR < 0.05). 763 

To facilitate biological interpretation of sex differences in disease-related abnormalities, ROIs 764 
showing a significant sex-by-diagnosis interaction (PFDR < 0.05) were further classified into six 765 
categories by jointly considering the direction of the interaction coefficient (𝛽3) and the signs of 766 
the sex-specific Cohen’s d values. Regions with negative Cohen’s d values in both sexes were 767 
classified as having a male-biased reduction (𝛽3< 0) or a female-biased reduction (𝛽3> 0). 768 
Regions with positive Cohen’s d values in both sexes were classified as having a male-biased 769 
increase (𝛽3> 0) or a female-biased increase (𝛽3< 0). Regions showing opposite directions of 770 
disease effects between sexes were classified as male reduction/female increase (males: Cohen’s 771 
d < 0; females: Cohen’s d > 0) or male increase/female reduction (males: Cohen’s d > 0; females: 772 
Cohen’s d < 0). These six categories were used to visualize sex difference patterns across global, 773 
subcortical, and cortical phenotypes. 774 

Sensitivity analysis of normative the growth models 775 

The male and female normative growth trajectories, as well as their peak age differences, were 776 
validated using multiple sensitivity analyses. These analyses addressed key methodological 777 
concerns, including model stability, validation using age-matched subsamples with equal sample 778 
sizes across the two populations, potential site-specific effects, replication in independent 779 
subsamples, and assessment of the influence of imaging quality. For the sex-specific growth 780 
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trajectories, we quantitatively assessed the similarity between these validated growth patterns 781 
and the main results by sampling each growth curve at 1,000 points, and computing the 782 
Pearson’s correlation coefficients between the corresponding curves. In the bootstrap resampling 783 
(1,000 iterations) and age-matched resampling (1,000 iterations) analyses, a small number of 784 
models occasionally failed to converge because of limited data being resampled from certain 785 
sites. These instances were resolved by repeating the resampling until convergence was 786 
achieved. 787 

(i) Bootstrap resampling analysis. To assess the stability of the lifespan trajectories and estimate 788 
confidence intervals, we conducted independent bootstrap resampling separately for the male and 789 
female cohorts. Using sampling with replacement, we generated 1,000 bootstrap datasets for 790 
each sex 42. Normative growth models were subsequently evaluated for within-sex model 791 
stability by quantifying the consistency between these bootstrap-derived trajectories and the 792 
original model. Furthermore, to verify the robustness of sex differences, we computed pairwise 793 
peak age differences for every combination of male and female bootstrap curves (a total of 106 794 
comparisons) and examined the correlation between these permutation-based differences and the 795 
primary findings across all the phenotypes. 796 

(ii) Age-matched sample sizes across two populations. To rule out the possibility that unequal 797 
sample sizes across age groups might drive cross-population differences, we performed a 798 
sensitivity analysis using age-stratified balance resampling. The data were divided into 27 age 799 
intervals (e.g., -1–0 months, 0–3 months, 3–6 months, ..., 95–100 years; see the “Peak age 800 
difference between male and female growth curves” section). Within each interval, we 801 
randomly downsampled the majority sex to match the sample size of the minority sex, ensuring 802 
an equal number of male and female participants. We generated 100 such resampled datasets, 803 
with the total number of participants strictly fixed at 28,157 per population in each iteration. 804 
Subsequently, sex-specific normative models were refitted for all the phenotypes using these 100 805 
datasets. We evaluated the models in two ways: First, to confirm within-sex stability, we 806 
calculated the similarity between each resampled growth trajectory and the original model. 807 
Second, to verify the robustness of the observed sex differences, we cross-compared the peak 808 
ages from the 100 male and 100 female models (yielding 10,000 pairwise comparisons). The 809 
correlations between these new pairwise peak age differences and our primary findings were then 810 
calculated across all the phenotypes. 811 

(iii) Leave-one-site-out analysis. To ensure that our lifespan trajectories were not driven by 812 
biases from specific imaging sites, we performed leave-one-site-out (LOSO) analyses across all 813 
the phenotype- and sex-specific models. During each iteration, data from one single site were 814 
removed, and the remaining data were used to refit the GAMLSS to generate a new growth 815 
trajectory. This process yielded 172 independent LOSO models each for the male and female 816 
cohorts. We then evaluated these models in two steps. First, to confirm within-sex stability, we 817 
quantified the similarity between each LOSO-derived trajectory and the original model. Second, 818 
to validate the robustness of sex differences, we extracted peak age differences across all 819 
possible pairs of the 172 male and 172 female LOSO trajectories. Finally, these pairwise 820 
differences were correlated with our primary findings across all the examined phenotypes. 821 

(iv) Split-half replication analysis. To evaluate how well our models could be replicated in 822 
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independent datasets, we employed a split-half strategy. Participants from each sex were 823 
randomly divided into two subgroups, with the division strictly stratified by age and site. This 824 
yielded two subsets, each containing approximately 50% of the total sample (male: N₁ = 15,095, 825 
N₂ = 14,665; female: N₁ = 15,287, N₂ = 14,868). Within each newly formed subgroup, we 826 
independently re-estimated the lifespan normative growth trajectories for both males and 827 
females. Finally, across all the phenotypes, we evaluated the consistency of both the growth 828 
curves and the cross-sex peak age differences through three sets of comparisons: comparing each 829 
of the two subgroups against the primary model and comparing the two subgroups directly 830 
against one another. 831 

(v) Imaging quality–controlled modelling. To determine whether our lifespan growth trajectories 832 
were confounded by variations in image quality, we incorporated the Euler number—an 833 
established proxy for cortical surface reconstruction quality 93—into our GAMLSS framework as 834 
an explicit covariate for every phenotype and population. We subsequently evaluated the 835 
robustness of our primary findings by comparing the growth curves and peak age differences 836 
derived from these quality-adjusted models against those of the baseline models. 837 
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Materials availability 842 

This study did not generate new unique reagents. 843 

Data and code availability 844 

The MRI dataset listed in Supplementary Table 1 are partially publicly available at the 845 
Adolescent Brain Cognitive Development Study (https://nda.nih.gov/), the Autism Brain Imaging 846 
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(https://github.com/ecr05/MSM_HOCR), FreeSurfer v6.0.0 891 
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