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There are striking sex differences in the prevalence and symptomology of
MajorDepressiveDisorder. Here, we conduct the largest sex-stratifiedgenome
wide association and genotype-by-sex interaction meta-analyses of Major
Depressive Disorder to date (Females: 130,471 cases, 159,521 controls. Males:
64,805 cases, 132,185 controls).We identify 16 and eight independent genome-
wide significant variants in females and males, respectively, including one
novel variant on the X chromosome.Major DepressiveDisorder in females and
males shows substantial genetic overlap with a large proportion of variants
displaying similar effect sizes across sexes. However, we also provide evidence
for a higher burden of genetic risk in females which could be due to female-
specific variants. Additionally, sex-specific pleiotropic effects may contribute
to the higher prevalence of metabolic symptoms in females with Major
Depressive Disorder. These findings underscore the importance of consider-
ing sex-specific genetic architectures in the study of health conditions,
including Major Depressive Disorder, paving the way for more targeted
treatment strategies.

Major Depressive Disorder (MDD) exhibits striking sex differences in
both prevalence and clinical presentation. Throughout this manu-
script, the term ‘sex’ refers to differences in biological characteristics
between females andmales. Globally, females are nearly twice as likely
as males to experience MDD, with this disparity emerging around
puberty and persisting into adulthood1,2. This prevalence difference
persists across a variety of formsof diagnosis, aswell as across cultures
and geographic borders1,3. Beyond variation in prevalence, sex differ-
ences extend to symptomatology. Females tend to have a higher
prevalence of atypical depression, characterised by symptoms such as
weight gain, hypersomnia, and increased appetite, as well as immuno-
metabolic depression, which is defined by immune-inflammatory

pathophysiology and metabolic dysregulation and often overlaps
symptomaticallywith atypical depression. In contrast,maleswithMDD
more frequently exhibit anger, aggression, risk-taking behaviours, and
substance use, with higher rates of comorbid substance use
disorders4,5. These differences suggest potential underlying biological
and psychosocial mechanisms that contribute to MDD heterogeneity
across sexes6.

Multiple explanations have been proposed for this MDD hetero-
geneity across sexes, spanning behavioural, environmental, and bio-
logical domains. One potential explanation is variation in help-seeking
and symptom reporting, as males are generally less likely to seek
professional help or disclose symptoms, leading to under-diagnosis7.
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Environmental exposures also vary by sex; for example, females are
more frequently exposed to sexual abuse and other forms of inter-
personal violence, and experience structural forms of discrimination
such as the gender wage gap, which may contribute to the higher
prevalence of MDD in females8,9. Additionally, biological mechanisms
may underlie these differences, with research pointing to the roles of
the immune system, neuroanatomy, neuroplasticity, stress and the
hypothalamic-pituitary-adrenal (HPA) axis, and hormonal influences
such as sex hormones and the hypothalamic-pituitary-gonadal (HPG)
axis10–14. Together, these factors highlight the complexity of MDD
heterogeneity across sexes andunderscore theneed for amultifaceted
approach to understanding its underlying mechanisms.

Despite these numerous potential explanations, there has been
limited replicated research clarifying the true aetiology of these sex
differences in MDD. A key component of the biological mechanisms
underlying these disparities could be differences in genetics. Research
suggests that sex differences in human complex traits, including
MDD, may arise from both sex-dependent and sex-specific genetic
effects15–18. Sex-dependent effects refer to genetic variants that affect
both sexes, but with effect sizes that differ in magnitude or direction
between females and males. Sex-specific effects suggest that different
genetic variants may contribute to MDD in males and females. More-
over, genetic variants on the X chromosomemay play a crucial role in
these sex differences, highlighting the need to consider sex chromo-
somes in genetic studies19,20.

There is mixed evidence for the role of genetics in the sex dif-
ferences of MDD. A meta-analysis of five twin studies found no evi-
dence for sex differences in the heritability of MDD21. However, other
twin studies have shown higher heritability of MDD in females
(40–51%) compared to males (29–41%), along with a genetic correla-
tion between sexes that is significantly less than one22–24. More
recently, genome-wide association studies (GWAS) have also provided
mixed evidence for the existence of sex-dependent and sex-specific
genetic effects contributing to these differences. For instance, a study
using data from the UK Biobank reported a SNP-based genetic corre-
lation between broad depression in males and females that was sig-
nificantly less than one (rg = 0.91, standard error (SE) not reported)17,
however this was not the case in a sex-stratified meta-analysis of MDD
conducted by the Psychiatric Genomics Consortium (rg = 1.01,
SE = 0.2)16. In this same study, SNP-based heritability was estimated to
be significantly higher in females than inmales16. Furthermore, a cross-
disorder (schizophrenia, bipolar disorder, MDD) genotype-by-sex
interaction analysis identified a locus with opposite effects in
females and males, further pointing to the role of sex-specific genetic
factors16. Thesemixed resultsmay stem from inconsistencies in cohort
methodologies including case ascertainment25. Research has shown
that genetic correlations can vary substantially across GWAS depend-
ing on the stringency and specificity of MDD phenotype definitions26.
These findings underscore the need for consistent phenotyping
approaches that align closely with diagnostic criteria to enhance the
accuracy and comparability of genetic studies of MDD.

In this study we aimed to investigate whether sex differences in
MDD can be explained, at least in part, by genetic effects. We con-
ducted the largest sex-stratifiedGWAS and genome-wide genotype-by-
sex interaction meta-analyses of MDD to date, using MDD cases pri-
marily based on DSM (Diagnostic and Statistical Manual of Mental
Disorders) criteria. Specifically, we examined whether genetic variants
contribute to these differences through sex-dependent effects, sex-
specific effects, or variants on the X chromosome. Additionally, we
explored whether sex-specific pleiotropic effects between MDD and
other phenotypes might help explain the observed differences in
phenotypic presentation across sexes. These insights into sex-specific
genetic mechanisms not only deepen our understanding of the
aetiology of MDD but may also inform the development of novel
therapeutics that are tailored to sex-specific genetic risk profiles,

ultimately contributing to more targeted and effective precision
medicine strategies for MDD.

Results
Sex-stratified GWAS
We conducted genome-wide association studies (GWAS) of Major
Depressive Disorder (MDD) in five new cohorts. These were meta-
analysed with previously published GWAS meta-analysis summary
statistics fromBlokland et al.16 for each sex separately. Sex was defined
by chromosomal composition, with XX individuals as female andXY as
male. The final sample size was 130,471 cases and 159,521 controls in
females, and 64,805 cases and 132,185 controls in males (Supplemen-
tary Data 1). Our sex-stratified GWAS analyses identified 16 and eight
independent genome-wide significant SNPs in females and males,
respectively (Fig. 1). In males, one novel SNP was identified on the X
chromosome (rs5971319), which has not previously been associated
with any depression phenotypes (Supplementary Data 2–3).

Our sex-stratified results showedhigh genetic correlationwith the
largest GWAS sex-combined meta-analysis of MDD27 (Female-both
sexes rg = 0.98 ±0.01 (rg ± standard error)), Male-both sexes
rg =0.92 ±0.02) (Supplementary Fig. 1, Supplementary Data 4-5), and
little evidence for residual population stratification (Supplementary
Fig. 2).We tested the independent genome-wide significant SNPs (16 in
females and eight in males) in our replication cohort, Generation
Scotland. The number of SNPs with a concordant effect size direction
was not significantly greater than expected by chance in both females
(concordance = 69% [95% CI: 45–100%], H0: concordance =0.5
[p =0.11]) and males (concordance = 71% [95% CI: 34–100%], H0: con-
cordance =0.5 [p = 0.23]) (Supplementary Data 6, 7). However, the
replication cohort is small and the 95% confidence intervals are large
suggesting the power of this replication is low.

Genetic architecture of MDD in females and males
We investigated whether there was evidence for a sex difference in the
genetic architecture of MDD by estimating sex-specific autosomal
SNP-based heritability (h2

SNP), polygenicity (π) and the selection
parameter (S) using our sex-stratified meta-analysis results in SBayesS.
h2

SNP was converted to the liability scale using a lifetime population
risk of 0.2 in females and 0.1 in males. We found very strong evidence
(100% posterior probability (PP)) that h2

SNP is higher in females than
males (h2

SNP female = 11.3% [95% highest posterior density interval
(HPDI): 10.7 – 11.9%]; h2

SNP male = 9.2% [8.4–9.9%])) (Fig. 2a). This
suggests that the amount of variation inMDD risk explained by SNPs is
higher in females. There was very strong evidence (100% PP) that MDD
polygenicity is higher in females (π =0.02 [0.015–0.024]) than males
(π =0.013 [0.009–0.017]), suggesting more SNPs contribute to MDD
risk in females (Fig. 2b). Univariate MiXeR28 estimated 13,244 (SE =
1120) causal variants explain 90% of MDD h2

SNP in females versus 7111
(SE = 701) in males (Supplementary Data 8), further supporting higher
polygenicity in females. Lastly, there was moderate evidence (79% PP)
that the selection parameter was lower in males (S = −0.14
[−0.33–0.11]) than in females (S = −0.05 [−0.17–0.08]) (Fig. 2c). This
suggests that the negative relationship between effect size and minor
allele frequency, an indicator of negative natural selection, could be
stronger in males than females.

We conducted a range of sensitivity analyses. For h2
SNP, we used

LDSC as an alternative method and explored the impact of lifetime
population prevalence and unscreened controls (given evidence that
MDD could be under-diagnosed in males)29. For h2

SNP, π and S, we 1)
assessed the effect of differential power between the female and male
GWAS by repeating analyses using equivalent sample sizes in females
and males, and 2) accounted for across-cohort heterogeneity25. Over-
all, our sensitivity analyses showed the samepattern of sex differences
with a higher h2

SNP and polygenicity in females compared to males,
however sex differences in the selection parameter did not remain in
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our sensitivity analyses. When the same population prevalence was
used for females andmales, we found that h2

SNP on the liability scale is
similar across sexes, suggesting the sex difference in h2

SNP is driven by
the prevalence difference (Supplementary Fig. 3G). Refer to Supple-
mentaryNote 1, Supplementary Fig. 3 andSupplementaryData 9,10 for
more details.

Genetic correlation of MDD across sexes
Autosomal SNP-based genetic correlation (rg) estimated from LDSC
was used to determine whether there is evidence for sex-specific
genetic effects, at the genome-wide level, contributing to MDD risk.
There was a significantly higher rg between the previous female GWAS
of MDD by Blokland et al.16 and our female GWAS than with our male
GWAS (Z = 4.49, padj(Benjamini-Hochberg) = 7.3 × 10-6). The male
GWASbyBlokland et al.16 showeda significantly higher rgwith ourmale
GWAS than with our female GWAS (Z= 3.23, padj(B-H) = 0.003). A
similar, though non-significant, trend was observed when comparing
our sex-stratified GWAS to those from Silveira et al.17 (Supplementary
Fig. 1, and Supplementary Data 4–5).

The rg between females andmales was significantly less than one
when using our sex-stratified meta-analysis results (rg = 0.90 ± 0.03,
H0: rg = 1 [Z = −3.8, padj(B-H) = 0.0003]) (Fig. 2d). This result suggests
thatMDD variants are not fully shared across the sexes. To determine
whether this rg < 1 reflects sex differences or general heterogeneity
across cohorts, we also estimated rg between each pairwise combi-
nation of the two sexes by the six cohorts. Meta-analysis of the rg
estimates from all 30 female-male across cohort comparisons was
also significantly less than one (rg = 0.70 ± 0.03, H0: rg = 1 [Z =−8.6,
padj(B-H) = 3.7 × 10−17]). We then benchmarked these across-sex rg
estimates against within-sex estimates; meta-analysis of the rg esti-
mates from all 15 male-male across cohort comparisons was not
significantly different from one (rg = 0.94 ± 0.06, H0: rg = 1 [Z = −1.06,
padj(B-H) = 0.36]), but themeta-analysis of all 15 female-female across
cohort comparisons was significantly less than one (rg = 0.73 ± 0.04,
H0: rg = 1 [Z = −6.01, padj(B-H) = 4.56 × 10−9]). Furthermore, removing

cohort variation by conducting a meta-analysis of the rg estimates
from all six female-male within cohort comparisons showed a rg
estimate not significantly different from one (rg = 1.02 ± 0.05, H0:
rg = 1 [Z = 0.30, padj(B-H) = 0.76]). Together, these results suggest that
the female-male rg being significantly less than one could reflect
heterogeneity between cohorts (especially among the female data-
sets) rather than true genome-wide sex differences.

We also investigated whether the MDD effect sizes (betas) are
different across the sexes for SNPs known to be associated with
MDD. The Pearson correlation was calculated between the stan-
dardised beta values of our male and female meta-analysis summary
statistics, and between each pairwise combination of the two sexes
by six cohorts, for the lead independent genome-wide significant
SNPs from the largest GWASmeta-analysis of MDD (sex-combined)27

(Fig. 2e, and Supplementary Figs. 4–6). The correlation between
male and female MDD effect sizes was significantly less than one
when using our sex-stratified meta-analysis results (R = 0.81 ± 0.02,
H0: R = 1 [Z = -9.34, padj(B-H) = 1.23 × 10-20]) and for meta-analysis of
the 30 male-female across cohort comparisons (R = 0.33 ± 0.02, H0:
R = 1 [Z = -29.5, padj(B-H) = 4.16 × 10−191]). Our benchmarking analyses
were also all significantly less than one; meta-analysis of the 15 male-
male (R = 0.28 ± 0.03, H0: R = 1 [Z = -23.6, padj(B-H) = 9.91 × 10−123])
and 15 female-female (R = 0.39 ± 0.03, H0: R = 1 [Z = −17.35, padj(B-
H) = 3.17 × 10−67]) across cohort comparisons. Therefore, the female
vs male correlations being significantly less than one could be due to
the inherent heterogeneity of MDD rather than sex differences in the
MDD effect sizes of SNPs associated with sex-combined MDD risk.
However, removing cohort variation by conducting a meta-analysis
of the correlations from all six female-male within cohort compar-
isons showed a correlation significantly less that one
(R = 0.39 ± 0.07, H0: R = 1 [Z = −8.9, padj(B-H) = 8.06 x 10-19]). This
suggests that sex differences in genetic effects that are not fully
explained by across cohort heterogeneity may exist within cohorts.
A similar approach using the slope and intercept from linear
regressions of male versus female effect size estimates also found

Fig. 1 | Miami plot of sex-stratified genome-wide association study (GWAS)
meta-analysis of Major Depressive Disorder (MDD), with female and male
meta-analyses shown on the top and bottom, respectively. The two-sided,
unadjusted –log10 p values for GWAS results of each single nucleotide poly-
morphism (SNP) are shown with positions according to human genome build 37
(GRCh37 assembly). Chromosome 23 is the X chromosome. The darker grey and

lighter grey dotted horizontal lines indicate genome-wide significance (P = 5 × 10−8)
andnominal significance (P = 1 × 10−6), respectively. SNPs in darkpurple indicate the
lead independent genome-wide significant SNPs, and any SNPs in linkage dis-
equilibrium with them. Females: 130,471 cases, 159,521 controls. Males: 64,805
cases, 132,185 controls.
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Fig. 2 | Comparisons of genetic architecture and polygenic overlap across the
two sexes. a Autosomal SNP-based heritability (hSNP) on the liability scale using a
population prevalence of 0.1 in males and 0.2 in females, b Polygenicity, and (c)
Selection parameter. d Autosomal SNP-based genetic correlation (rg) between
males and females using our sex-stratified meta-analysis results, and meta-
analysis of rg estimated in all six male-female within cohort, 30 male-female
across cohort, 15 male-male across cohort and 15 female-female across cohort
combinations. e Pearson correlation of the Major Depressive Disorder (MDD)
effect sizes of SNPs known to be associated with sex-combined MDD for males vs
females using our sex-stratified meta-analysis results, and meta-analysis of Pear-
son correlations estimated in all six male-female within cohort, 30 male-female
across cohort, 15 male-male across cohort and 15 female-female across cohort
combinations. f Venn diagram depicting the number of causal variants explaining
90% of MDD h2

SNP in females only, males only, or both sexes, as identified by
MiXeR. g Venn diagram depicting the number of genomic regions that contain a

causal variant for MDD in females only, males only or both sexes, as identified by
gwas-pw. Females or female-female comparisons are in yellow, males or male-
male comparisons in dark purple and female-male comparisons in green. For
a–c a Bayesian framework was used. Estimates were obtained using SBayesS with
summary statistics from the sex-stratified GWAS meta-analysis (females: 130,471
cases and 159,521 controls; males: 64,805 cases and 132,185 controls). Violin plots
display the posterior distributions, points represent the mean posterior value,
error bars are the 95% highest posterior density interval and percentages are the
posterior probability that female value > male value. For d and e frequentist
statistics were used. Background points represent individual values from each
study included in the meta-analysis, and overlaid points and error bars represent
the mean estimate and 95% confidence interval from the meta-analysis. Stars
represent the rg / R being significantly different to 1, based on a two-sided Z-test
with p values adjusted for five comparisons using the Benjamini-Hochberg
method. Exact p-values are provided in the Results section.
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similar conclusions (Supplementary Note 2, Supplementary
Figs. 7-10).

Rg captures the shared genetic architecture across the entire
genome whereas the Pearson correlation of effect sizes focuses only
on the lead genome-wide significant SNPs previously associated with
MDD in a sex-combined GWAS meta-analysis27. This distinction may
explain why female-male within cohort comparisons showed an rg
estimate not significantly different fromone (Fig. 2d), but a correlation
significantly less than one (Fig. 2e). The female-male rg (using our sex-
stratified meta-analysis results) being significantly less than one could
be driven by between cohort heterogeneity, whereas specific lead
SNPs may still exhibit sex-dependent differences in effect sizes.

Polygenic overlap of MDD across sexes
Bivariate MiXeR29 revealed that all 7111 (SE = 701) causal variants for
MDD in males were shared with MDD in females, with an additional
6,133 (SE = 988) variants unique to MDD in females and zero (SE =
0.0004) variants unique to MDD in males (Fig. 2f). For those causal
variants shared by females and males, the correlation of their effect
sizes was 1.0 (SE = 6.4 × 10−8) (Supplementary Data 11). We also
accounted for the differential power across our sex-stratified GWAS by
repeatingMiXeR analyses using equivalent sample sizes in females and
males and found the same pattern (Supplementary Data 12, Supple-
mentary Fig. 3I). We also utilised gwas-pw30 to identify autosomal
regions of the genome containingMDD causal variants that are shared
between females andmales and regions that are sex-specific. Gwas-pw
identified 42 genomic regions that contain a causal variant for MDD
sharedbyboth sexes, three regions unique to females and zero regions
unique to males, agreeing with the mixer results (Fig. 2g). Within the
42 shared regions, four possible causal risk variantswere identified and
mapped tomultiple genes with two ormoremethods (CYSTM1, PFDN1,
HBEGF, SLC4A9, TLR4, CTD-2298J14.2, LRFN5, RAB27B) (Supplementary
Data 13). However, no possible causal risk variants were identified
within the three female-specific genomic regions (Supplementary
Data 14). Both our MiXeR and gwas-pw results suggest that the set of
causal variants influencing MDD in males is a subset of those that
influence MDD in females.

All 42 shared regions identified by gwas-pw exhibit peaks of
MDD association in both sexes (Supplementary Fig. 11). Further-
more, the four possible causal risk variants within these shared
regions had concordant effect directions across sexes (Supple-
mentary Fig. 12D). Of the three female-specific regions (gwas-pw),
two contain genome-wide significant SNPs in females only and the
third includes a SNP nearing significance in females only (Supple-
mentary Fig. 11). This suggests some genome-wide significant SNPs
identified in females may be female-specific, not only due to lower
male GWAS power. Neither MiXeR nor gwas-pw identified male-
specific causal variants/regions. All but one genome-wide significant
autosomal SNP in males fell within shared regions (gwas-pw). Thus,
SNPs reaching significance in males only may result from stronger
effects in males rather than male-specificity, with weaker associa-
tions in females going undetected due to power limitations. As
gwas-pw andMiXeR only analysed autosomes, male-specific variants
may exist on the X chromosome, where one SNP was genome-wide
significant in males only.

Functional annotation and analyses
We mapped genome-wide significant SNPs from our sex-stratified
GWAS meta-analysis to genes using positional, eQTL and chromatin
interaction mapping (reporting genes supported by two or more
methods) (Supplementary Data 15-16), and searched for previous SNP-
phenotype associations in GWASCatalog. Female and male genome-
wide significant SNPs mapped to different genes, with only one gene,
NEGR1,mapped inboth sexes (SupplementaryData 17). Thenovelmale
SNP (rs5971319) has not previously been associated with any

depression phenotypes but has been associated with educational
attainment and vaginal microbiome relative abundance (opposite
effect direction), and with neuroticism (same effect direction) (Sup-
plementary Data 3 and 18). rs5971319 mapped to the gene IL1RAPL1
(Supplementary Data 16).

We conducted gene-based, gene-set and gene-property tests for
our sex-stratified results in FUMA31. 16 genes (female) and 14 genes
(male) passed genome-wide significance (P < 2.53 × 10−6), with only
DCC significant in both sexes (Supplementary Fig. 13). Gene-set ana-
lysis using gene-level statistics for all genes revealed that in females,
SNPs were significantly enriched for two biological processes; central
nervous system neuron development (pBonferroni = 0.036) and central
nervous system neuron differentiation (pBonferroni = 0.045). No sig-
nificant gene sets were found in males. As many gene-set databases
emphasise developmental genes, the female enrichments may partly
reflect this bias. To explore further, we conducted a gene-property
analysis using BrainSpan gene expression data across 11 brain devel-
opmental stages. SNPs from both sexes were significantly enriched for
expression in the ‘late mid-prenatal’ stage, with additional ‘early mid-
prenatal’ enrichment in females (Supplementary Fig. 14). These find-
ings support the involvement of neurodevelopmental processes indi-
cated by gene-set analysis. Gene-property analysis for tissue specificity
using 30 general tissue types (GTEx v8) identified SNPs from both the
female and male stratified GWAS analyses as significantly enriched for
gene expression in brain tissue, while pituitary tissue was significantly
enriched only in the female SNPs (Supplementary Fig. 15A). Further-
more, using 53 tissues types (GTEx v8), both sexes showed significant
enrichment for gene expression in the cortex and frontal cortex,
caudate, putamen and nucleus accumbens basal ganglia, hippo-
campus, amygdala, hypothalamus and anterior cingulate cortex. Only
female SNPs were significantly enriched for gene expression in the
cerebellum and cerebellar hemisphere (Supplementary Fig. 15B). The
differing results likely reflect the power imbalance between our female
and male GWAS meta-analyses.

Genome-wide genotype-by-sex interaction analysis
The sex-stratified GWAS meta-analysis estimated the effect size and
direction of SNP associations with MDD in each sex separately. To
complement these analyses, we conducted a genome-wide genotype-
by-sex interaction (GxS) meta-analysis, which directly tested whether
SNP associations with MDD differ significantly between sexes. This
GxS meta-analysis combined results from the same five cohorts with
those from Blokland et al.16. No SNPs reached genome-wide sig-
nificance, however four independent SNPs were nominally significant
(P < 1 × 10−6) (Fig. 3). There was little evidence for residual population
stratification (Supplementary Fig. 16). The results for the X chro-
mosome non-pseudoautosomal region were very similar when using
full and no dosage compensation (Supplementary Fig. 17). For more
details about the GxS analysis, refer to Supplementary Note 3, Sup-
plementary Figs. 12C and 18–22, and Supplementary Data 19–20.

Sex-specific pleiotropic effects
Genetic correlations . We used LDSC to identify genome-wide auto-
somal SNP-based genetic correlations (rg) between our sex-stratified
MDD GWAS meta-analysis results and various psychiatric, metabolic,
and substance use traits (Fig. 4a, Supplementary Data 21-23). MDD in
females showed significantly higher genetic correlations than MDD in
males with sex-combined attention deficit hyperactivity disorder
(ADHD) (Z = 3.34, padj(B-H) = 0.003) and with sex-combined regular
smoking (Z = 2.85, padj(B-H) = 0.01). There was also a significantly
higher genetic correlation between sex-combined metabolic traits
(bodymass index (BMI) andmetabolic syndrome) andMDD in females
compared to MDD in males (BMI: Z = 5.64, padj(B-H) = 1.86 × 10−7,
metabolic syndrome: Z = 4.35, padj(B-H) = 1.38 × 10-5). Using sex-
stratified BMI GWAS, we found that female MDD had a significantly
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higher genetic correlation with both female BMI (Z = 5.22, padj(B-
H) = 3.56 × 10−7) andmale BMI (Z = 3.72, padj(B-H) = 0.0002), compared
to male MDD (Fig. 4b, and Supplementary Data 24, 25).

Polygenic overlap . We used MiXeR to quantify polygenic overlap
between MDD in females/males and the metabolic traits BMI and
metabolic syndrome (Fig. 4c). The number of causal variants
explaining 90% of h2

SNP was estimated to be relatively similar for BMI
in females and males (female = 8956 (SE = 232); male = 8415 (SE =
237)), while the number of causal variants estimated for metabolic
syndrome (sex combined) was 10,422 (SE = 339) (Supplementary
Data 26). Overall, female MDD had larger polygenic overlap with
metabolic traits (female MDD-female BMI: nshared = 8549 ± 368;
female MDD-sex combined MetS: nshared = 9463 ± 803) than male
MDD (male MDD-male BMI: nshared = 4735 ± 689; male MDD-sex
combined MetS: nshared = 6078 ± 969) (Supplementary Data 27).

We also utilised gwas-pw to identify sex-specific autosomal
genomic regions containing causal risk variants shared between MDD
andmetabolic traits (Fig. 4d). In both sexes, we identified one genomic
region containing a causal variant for both MDD and BMI, which
mapped to the genes FTO and IRX3 (Supplementary Data 28). Of the 24
female-specific MDD/BMI pleiotropic regions, possible causal risk loci
mapped to multiple genes (DYNC1I2, HTT, MSANTD1, ANAPC4 and
DENND1A) (Supplementary Data 29). No male-specific MDD/BMI
regions were detected. For MDD and metabolic syndrome, we identi-
fied four genomic regions containing a causal variant for both traits
shared by both sexes, which also mapped to the FTO gene (Supple-
mentary Data 30). Of the 22 female-specificMDD/metabolic syndrome
pleiotropic regions, possible causal risk loci mapped tomultiple genes
(GPC6, SHISA9, RP11-154H12.3, KCNG2, TXNL4A, RBFA and ADNP2)
(Supplementary Data 31). Lastly, from the four male-specific MDD/
metabolic syndrome pleiotropic regions we identified one possible
causal risk variant which mapped to the gene ANKK1 (Supplementary
Data 32).

Discussion
Sex differences in the prevalence and symptomology of Major
Depressive Disorder (MDD) are well-documented. Understanding
these differences is crucial for uncovering underlying biological
mechanisms and developing more targeted treatments1,4,14,32. Here, we
tested the following hypotheses: genetic variants may contribute to
sex differences in MDD via 1) sex-dependent effects in which genetic
variants forMDDhave differingmagnitudes and/or direction of effects
across sexes, 2) sex-specific effects in which different genetic variants
contribute to MDD across sexes, and/or 3) the presence of genetic
variants forMDDon theX chromosome.We also tested the hypothesis
that sex-specific pleiotropic effects between MDD and other pheno-
types may contribute to sex differences in the phenotypic presenta-
tion of MDD. To do this, we conducted the largest sex-stratified
genome wide association and genotype-by-sex interaction meta-
analyses for MDD to date.

In our GWAS of MDD in males we identified one novel indepen-
dent genome-wide significant SNP (rs5971319). Notably, this novel SNP
is located on the X chromosome andmaps to the gene IL1RAPL1which
is involved in the hippocampal memory system and is linked to intel-
lectual disability33. A SNP in linkage disequilibrium (LD) with rs5971319
has previously been associated with educational attainment in the
opposite direction, consistent with previous observations of the
negative causal relationshipbetween educational attainment andMDD
risk34. The identification of this novel locus, despite having a sub-
stantially smaller sample size than the largest sex-combined MDD
GWAS meta-analysis27 highlights the utility of sex-stratified analyses.

Our results provide evidence for sex differences in the heritability
of MDD. Autosomal SNP-based heritability (h2

SNP) was higher in
females thanmales, and remained consistent in our sensitivity analyses
accounting for the differential power across sexes and for across-
cohort heterogeneity. This result reflects previous findings in a sex-
stratified GWAS16 and some twin studies22–24, and suggests there may
be a greater genetic contribution to MDD risk in females or

Fig. 3 | Manhattan plot of genome-wide genotype-by-sex (GxS) interaction
meta-analysis for Major Depressive Disorder (MDD). The two-sided, unadjusted
–log10 p values for GxS results of each single nucleotide polymorphism (SNP) are
shown with positions according to human genome build 37 (GRCh37 assembly).
Chromosome 23 is the X chromosome. The darker grey and lighter grey dotted

horizontal lines indicate genome-wide significance (P = 5 × 10−8) and nominal sig-
nificance (P = 1 × 10−6), respectively. SNPs in dark purple indicate the lead inde-
pendent nominally significant SNPs, and any SNPs in linkage disequilibrium with
them. Females: 130,471 cases, 159,521 controls. Males: 64,805 cases, 132,185
controls.
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alternatively a stronger environmental influence onMDD risk inmales.
We found that the sex difference in h2

SNP may be driven by the pre-
valence difference, as when the same population prevalence was used
across sexes h2

SNP on the liability scale was similar in females and
males. It is possible thatMDDmust bemore severe inmales compared
with females for an individual to cross the liability threshold and for
MDD tomanifest. This increasedmale severity could explain the lower

prevalence of MDD inmales. As more severe phenotypes tend to have
ahigher heritability35, it could also explain thedisappearanceof the sex
difference when h2

SNP was calculated on the liability scale assuming
equal population prevalence across sexes. Another explanation for the
lower prevalence inmales could be due to under-reporting and under-
diagnosis of MDD in males7,36. If this is the case, the true male popu-
lation prevalence may be higher than reported and controls may

Fig. 4 | Genetic correlations (rg) and polygenic overlap to identify sex-specific
pleiotropy. a Rg of Major Depressive Disorder (MDD) in females and males with
other psychiatric disorders, metabolic and substance use traits. b Rg of MDD in
females and males with BMI in females and males. c Venn diagrams depicting the
number of causal variants explaining 90% of h2

SNP in MDD only, BMI/metS only, or
both traits as identified by MiXeR in females (yellows) and males (purples). d Venn
diagrams depicting the number of genomic regions that contain a causal variant for
both MDD and BMI/metS in females only, both sexes, or males only as identified in
gwas-pw. Females are in yellow and males in dark purple. Rg in panels a, b were
estimated using linkage disequilibrium score regression (LDSC) using our sex-
stratifiedGWASsummary statistics (Females: 130,471 cases, 159,521 controls.Males:

64,805 cases, 132,185 controls) and publicly available GWAS datasets for the other
traits (Supplementary Data 21). Points represent the rg point estimates and error
bars denote the 95% confidence interval. Stars indicate a significant difference in rg
between females and males for a given trait, assessed using the jack-knife method
and a two-sided Z-test on the difference in rg across the 200 jack-knife pseudo-
values.P valueswere adjustedusing theBenjaminiHochbergmethod for 11 tests (all
traits, panel a) or two tests (sex-specific BMI, b). Exact p values are provided in
Supplementary Data 23 and 25. PTSD = post-traumatic stress disorder, ADHD =
attention deficit hyperactivity disorder, BMI = body mass index, Waist/hip ratio =
waist to hip ratio adjusted for BMI, metS = metabolic syndrome.
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include unidentified cases, resulting in an underestimation of male
h2

SNP
37. However, in our analysesh2

SNP remained higher in females even
when accounting for up to 30% unscreened male controls, and a cor-
responding increase in male population prevalence, when compared
to females with a population prevalence of 20% and no unscreened
controls. Thus, h2

SNP could be higher in females even with under-
reporting and under-diagnosis in males, although further research is
needed to quantify this under-diagnosis.

The origin of the MDD prevalence difference across sexes could
also affect interpretation of our heritability findings. If the higher
prevalence of MDD in females is predominantly driven by environ-
mental factors, such as trauma and structural forms of
discrimination8,9, the sex difference in h2

SNP may arise from the sta-
tistical relationship between prevalence and liability scale h2

SNP

rather than underlying sex differences in genetic architecture.
However, if the prevalence difference is a consequence of genetic or
biological factors, the difference in h2

SNP could indeed signal genuine
sex differences in genetic architecture. Importantly, the presence of
gene–environment correlations mean that differences in prevalence
driven by environmental exposures may still partially reflect under-
lying genetic effects. Beyond heritability, we found evidence for a
higher polygenicity for MDD in females compared to males. Our
polygenic overlap analyses also showed that MDD causal variants in
males are a subset of causal variants in females. These results
remained consistent in our sensitivity analyses accounting for the
differential power across sexes. This suggests that the higher h2

SNP in
females may reflect, at least in part, distinct genetic architectures
across sexes. Overall, our results suggest sex differences in the
genetic architecture of MDD with a greater genetic burden for MDD
risk in females, which may be driven by a higher number of MDD
causal variants and the presence of female-specific SNPs, supporting
the sex-specific hypothesis.

We found substantial overlap in genetic variants associated with
MDD between male and female MDD. Genetic variants that influence
MDD in both sexes had a near-perfect positive correlation. On the
other hand, we found both the genetic correlation of our sex-
stratified meta-analysis and the correlation of the male and female
effect sizes of SNPs known to be associated with MDD to be sig-
nificantly below one. However, benchmarking all our male-female
comparisons with male-male and female-female comparisons
demonstrated that these results could be due to the inherent het-
erogeneity of MDD rather than sex differences. A genetic correlation
not significantly different to one was found by Blokland et al.16 but
not by Silveira et al.17 The discrepancy between our genetic correla-
tion results (not indicating sex differences) and polygenic overlap
results (providing evidence for a set of female-specific SNPs) can be
explained by the differingmethods. Genetic correlation captures the
average effect and direction of pleiotropy across the entire genome,
but does not capture variation in correlation at specific loci. Thus, the
genetic correlation estimate can be unaffected by a set of trait-
specific variants if the majority of variants are near identical in effect
size and direction (as is the case here where shared male-female
variants were correlated at one)29. Overall, these results suggest that
the greater genetic contribution to MDD risk in females may not be
due to effect size differences but rather due to a set of female-specific
SNPs, i.e., our results do not support the sex-dependent hypothesis
but do support the hypothesis that sex-specific genetic effects con-
tribute towards sex differences in MDD. Polygenic risk score (PRS)
analyses may provide another avenue for future research to assess
whether the genetic architecture of MDD differs between sexes.
However, it will be important to account for the differential power of
sex-stratified GWAS used to construct PRS38.

Despite these similarities, we found very little overlap in genes
associated with MDD between sexes. Both our gene-based tests and
the annotation of genome-wide significant SNPs identified only one

gene significantly associated with MDD in females and males; DCC
(gene-based test) and NEGR1 (SNP annotation). Both genes are
involved in neuronal connectivity and genetic variants in these and
related genes have previously been associated with psychiatric dis-
orders including MDD39–41. Due to the differential power of our sex-
stratified GWAS meta-analysis, it is difficult to determine whether any
of the observed gene associations reflect sex-dependent or sex-
specific effects. Our polygenic overlap results suggest the presence of
shared and female-specific causal variants, but no male-specific causal
variants. The genes identified only in females may be female-specific,
but this should be interpreted with caution, as the smaller male GWAS
sample may have lacked the power to detect these SNPs identified in
females. Conversely, the genes identified only in males may not be
male-specific, but rather sex-dependent with stronger effects inmales.
This could explain why they were detected despite the lower power of
the male GWAS.

Females show a higher prevalence of atypical and immuno-
metabolic depression, characterised by symptoms such as weight
gain, increased appetite and hypersomnia as well as immune-
inflammatory pathophysiology, metabolic dysregulation and an
increased cardiometabolic disease risk42–44. We observed stronger
genetic correlations and greater polygenic overlap between MDD in
females and metabolic traits (body mass index and metabolic syn-
drome) than MDD in males with these same traits. Similarly, Silveira
et al.17 found genetic correlations between depression andmetabolic
features (including body mass index, waist-to-hip ratio and trigly-
cerides), as well as coronary artery disease, were larger and sig-
nificant only in females. Many of the genes we identified as shared by
MDD and metabolic traits in females only are associated with neu-
rological disorders such as epilepsy and Huntington’s disease, as well
as autism. Our results suggest that sex-specific pleiotropy, and thus
sex-specific shared pathophysiological mechanisms, may contribute
to the sex differences in metabolic symptoms and comorbidities of
people with MDD.

Comorbid substance use and MDD show a range of sex differ-
ences. Across studies, alcohol use is consistently higher in males than
females with MDD45. However, the findings on smoking are mixed;
some studies find smoking is higher in males with MDD and others
demonstrate it is higher in females46. We found a significantly higher
genetic correlationbetween regular smoking andMDD in females than
in males, consistent with Silveira et al.17 This suggests that shared
pathophysiological mechanismsmay contribute to the comorbidity of
smoking and MDD to a larger extent in females. We found a non-
significant genetic correlation between MDD in both females and
males with alcohol use (drinks per week). This suggests that the
comorbidity of MDD and alcohol use, and its sex difference, may lar-
gely be driven by environmental factors rather than shared patho-
physiological mechanisms.

The heterogeneity ofMDD across sexesmay also be influenced by
the environment and gene-by-environment interactions. Genetic pre-
disposition, trauma, and their interaction have been shown to influ-
ence MDD risk47–50. Furthermore, genome-by-trauma interaction
effects on MDD were larger in males than females51. Interestingly, one
of the nominally significant SNPs identified in our genotype-by-sex
interaction meta-analysis has previously been associated with MDD
with trauma exposure (rs11671136 in LD with rs28573687)47. Future
work examining whether sex-specific gene-by-environment interac-
tions also contribute to sex differences in MDD will likely be infor-
mative. Our sex-stratified summary statistics published here will
provide a valuable resource for future analyses.

Our study should be interpreted considering some limitations.
Firstly, the genome-wide meta-analysis of MDD has a 1.65-fold larger
effective sample size in females compared to males (neff
(Females) = 287,082; neff (Males) = 173,943) and thispowerdifferencecould
exaggerate sex differences identified. Secondly, our analyses are
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restricted to Europeans only limiting the applicability of ourfindings to
other populations. Thirdly, as the software used to conduct our
genotype-by-sex interaction analysis only includes the genotype-by-
sex interaction term, and cannot include all genotype-by-covariate and
sex-by-covariate interaction terms, confounders may not have been
properly controlled for in this analysis52. Lastly, quality control of the
genotype data was performed prior to this study and, as such, most
recommended sex-aware quality control practices38 were not imple-
mented, potentially introducing undetected sex-specific technical
biases.

Here, we conducted the largest sex-stratified genome wide asso-
ciation and genotype-by-sex interaction meta-analyses for MDD to
date. Our findings reveal a novel genetic variant associated with MDD
in males, and provide evidence for a higher burden of genetic risk in
females. We highlight the potential role of the X chromosome in
modulating MDD risk differently between sexes. These insights
enhance our understanding of the genetic basis for sex differences in
MDD and underscore the importance of sex-stratified approaches in
genetic research. Moving forward, integrating sex-specific genetic
findings into clinical practice could pave the way for more persona-
lised diagnostic and therapeutic strategies for MDD. For example,
these results may inform the development of novel therapeutics that
target sex-dependent biological pathways, ultimately improving
treatment efficacy and outcomes.

Methods
Ethics statement
This study complies with all relevant ethical regulations for research
involving human participants and was conducted in accordance with
the principles of the Declaration of Helsinki. The meta-analysis was
performed using previously collected data from individual cohorts.
Ethics approval and informed consent were obtained for all original
studies by their respective institutional review boards or ethics com-
mittees, as detailed in Supplementary Methods 1.

Participants
Data from five international cohorts were analysed: The Australian
Genetics of Depression Study (AGDS) in Australia53 (Female: cases =
10,406, controls = 7147; Male: cases = 3174, controls = 6601), The
BIObanks Netherlands Internet Collaboration (BIONIC) in the
Netherlands54 (Female: cases = 10,664, controls = 26,878; Male: cases =
4432, controls = 20,013), the Genetic Links to Anxiety and Depression
(GLAD + ) study in the United Kingdom (UK)55 (Female: cases = 16,708,
controls = 3393; Male: cases = 4656, controls = 3025), the UK Biobank
from the UK56 (Female: cases = 46,194, controls = 53,211; Male: cases =
22,608, controls = 56,516) and All Of Us from the United States of
America57 (Female: cases = 26,776, controls = 46,678; Male: cases =
11,136, controls = 35,836). Across all cohorts, MDD cases and controls
were defined primarily based on the DSM (Diagnostic and Statistical
Manual of Mental Disorders) where available, supplemented by elec-
tronic health records and/or self-report of diagnosis (Supplementary
Data 1). Sex was defined by chromosomal composition, with XX indi-
viduals classified as female and XY as male. We have complied with all
relevant ethical regulations and informed consent was obtained from
all participants. See SupplementaryMethods 1 formore details on each
cohort and Supplementary Data 33 summarises how the recom-
mended best practices for sex-aware analyses fromKhramtsova et al.38

were addressed.

Genotyping, quality control and imputation
Details about genotyping platform used as well as quality control and
imputation methods can be found in Supplementary Methods 1. In all
cohorts, individual quality control included exclusion of participants
with non-European ancestry.

Association Analyses
All association analyses in all cohortswere conductedusing fastGWA in
GCTAv1.94.158. Sex-stratified genome-wide association studies (GWAS)
were carried out in each cohort on the autosomes and X chromosome
using a mixed linear model for a binary outcome (--fastGWA-mlm-
binary) with a sparse genetic relationship matrix and the first 10
ancestry principal components, as well as any cohort-specific covari-
ates. Genome-wide genotype-by-sex interaction (GxS) analyses were
also carried out in each cohort using a mixed linearmodel (--fastGWA-
mlm)with a sparse genetic relationshipmatrix, sex as the environment
variable and the first 10 ancestry principal components and any
cohort-specific covariates. GxS analyses were conducted for the
autosomes, as well as for the X chromosome with the non-
pseudoautosomal region analysed both with no dosage compensa-
tion (--dc 0) and full dosage compensation (--dc 1). The sex-stratified
GWAS and GxS results were filtered to retain SNPs with a minor allele
frequency larger than 0.01 and a R2 imputation score larger than 0.6.
See Supplementary Methods 1 for cohort specific details. The sex-
stratified GWAS was used to characterise the SNP effect sizes and
directions of effect in each sex separately. These summary statistics
were also leveraged for downstream analyses, such as SNP-based
heritability, genetic correlation and polygenic overlap across sexes.
The GxS analysis complements the sex-stratified GWAS by formally
testing whether the differences in SNP effect sizes between sexes are
statistically different.

Meta-analysis
The sex-stratified GWAS and GxS results from the five cohorts were
meta-analysed with summary statistics from Blokland et al.16 which
resulted in a total sample size of 130,471 cases and 159,521 controls in
females, and 64,805 cases and 132,185 controls in males. As the GxS
association analyses in all studies used linear mixed models the beta
values were converted to the logistic scale by firstly converting the
beta values to odds ratios (OR) using the R function from Lloyd-Jones
et al.59 and then using the log of the OR. The standard error of the
log(OR) was calculated as the log(OR) divided by the Z-score. Standard
error weighted meta-analyses without genomic control were run in
METAL (released 05/05/2020)60. The meta-analysis results were fil-
tered to only retain SNPs present in three ormore cohorts (at least 50%
of the cohorts). In order to identify lead, independent SNPs, clumping
was carried out in PLINK v1.90b6.861,62 with a linkage disequilibrium
threshold (--clump-r2) of 0.1 and a physical distance threshold
(--clump-kb) of 1000.

Replication cohort
Generation Scotland served as a replication cohort63. Case status
was determined by case classification in the Structured Clinical
Interview for DSM-IV disorders (SCID)64,65 or the Composite Inter-
national Diagnostic Interview (CIDI)66. Individuals also present
within the UK Biobank and of non-European ancestry were
removed, resulting in a sample size of 2441 cases and 3321 controls
in females, and 938 cases and 2491 controls in males. Sex-stratified
association analyses were run using fastGWA in GCTA v1.94.158

(--fastGWA-mlm-binary) with a sparse genetic relationship matrix
and the first four ancestry principal components as covariates. We
compared the beta-values from the lead independent genome-wide
significant SNPs from our meta-analysis to the replication analysis.
For females all 16 lead SNPs were tested and seven lead SNPs were
tested inmales (one SNP was unavailable in the Generation Scotland
cohort). A one-sided binomial test was used to determine whether
significantly more than 50% of the SNPs tested in the replication
analysis (expected by chance) had a concordant effect size direc-
tion. See Supplementary Methods 1 for more details on the Gen-
eration Scotland cohort.
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GxS sensitivity analyses
As interaction analyses require very high power in order to detect
significant interactions, we also carried out a sensitivity analysis to
determine whether any SNPs known to be associated with sex-
combined MDD had a significant GxS interaction. We used the
genome-wide significant SNPs from the largest MDD GWAS meta-
analysis by Adams et al.27 and a P-value threshold of 7.17 × 10−5 (0.05/
697 independent SNPs).

Genetic architecture of MDD in females and males
Autosomal SNP-based heritability (h2

SNP), polygenicity (π) and the
selection parameter (S), a measure of the relationship between effect
size and minor allele frequency which indicates the direction and
strength of natural selection, were estimated using our sex-stratified
meta-analysis summary statistics in SBayesS using GCTB v2.5.267. The
linkage disequilibrium shrunk sparse matrix of 2.8 million variants68

and four chains of length 25,000 with a burn-in of 5000 and thinning
of 10 were used. H2

SNP was converted to the liability scale using the
method from Lee et al.69 with a population prevalence of 0.2 and 0.1 in
females and males, respectively. To determine whether h2

SNP, π and S
are different across sexes, we calculated the posterior probability that
female value > male value by counting the frequency of Markov chain
Monte Carlo (MCMC) samples in which female value > male value. We
conducted a range of sensitivity analyses comparing the genetic
architectureofMDD in females andmales (SupplementaryMethods 2).
This included calculating h2

SNP estimates in LDSC, accounting for the
differential power of our sex-stratified GWAS meta-analysis, as well as
examining the role of male under-diagnosis and across-cohort
heterogeneity.

Genetic correlation
Linkage Disequilibrium Score Regression (LDSC) (released 13/02/
2015)70,71 with European LD scores computed from 1000 Genomes was
used to estimate bivariate autosomal SNP-based genetic correlations
(rg).Weestimated rgbetweenour sex-stratified summary statisticswith
the largest GWAS meta-analysis of sex-combined MDD (including
23andMe, Inc and Europeans only)27 and previous sex-stratified GWAS
of MDD16,17. We also estimated rg between our male and female meta-
analysis summary statistics. To account for across-cohort hetero-
geneitywe also estimated rgbetween eachpairwise combination of the
two sexes by six cohorts (the five new cohorts and the existing GWAS
meta-analysis from Blokland et al.16 used in our meta-analyses here).

We also investigated whether the MDD effect sizes (betas) for
SNPs known to be associated with sex-combined MDD are different
across the sexes. We entered all of the genome-wide significant hits
associated with MDD from Adams et al.27 (Europeans only) into PLINK
v1.90b6.861,62 clumping with a linkage disequilibrium threshold
(--clump-r2) of 0.1 and a physical distance threshold (--clump-kb) of
1000 to identify lead, independent SNPs. For these SNPs, ensuring the
minor allele was the tested allele and consistent across summary sta-
tistics, the Pearson correlation was calculated between the standar-
dised effect size estimates (beta values) of our male and female meta-
analysis summary statistics, andbetween eachpairwisecombinationof
the two sexes by six studies. Beta values and their standard errorswere
standardised accounting for the influence of allele frequency and
sample size (Eqs. (1) and (2)), where Z represents the Z statistic, p the
allele frequency and n the sample size.

βstd =
Z

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

2pð1� pÞðn +Z2Þ
q ð1Þ

SEstd =
1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

2pð1� pÞðn+Z2Þ
q ð2Þ

For both the rg estimates and Pearson’s correlations, an inverse-
variance weighted meta-analysis using a random-effects model
(restricted maximum likelihood estimator) in R v4.3.172 and the
‘metafor’ package73 was completed for the six male-female compar-
isons within studies, the 30 male-female comparisons across studies,
the 15 male-male comparisons across studies and the 15 female-
female comparisons across studies (same sex within study compar-
isons were not included as they would yield a correlation of 1)
(Supplementary Figs. 4–6). Within-sex comparisons were included as
a baseline check to determine whether male-female differences were
due to across-sex or across-study heterogeneity. To determine
whether rg estimates / Pearson correlations were significantly dif-
ferent from one we calculated the Z-score, where Ho = the null
hypothesis (1 in this case) (Eq. (3)). The P-value was calculated from a
standard normal distribution using a two-tailed test and adjusted for
five comparisons using the Benjamini-Hochberg method.

Z =
rg � H0

� �

SE
ð3Þ

A similar approach was repeated using the slope and intercept
from linear regressions ofmale versus female effect size estimates (see
Supplementary Methods 3).

Polygenic overlap of MDD across sexes
We used univariate and bivariate MiXeR v1.328,29 to quantify poly-
genicity of male and female MDD and estimate polygenic overlap
between sexes. MiXeR fits a Gaussian mixture model assuming that
common genetic effects on a trait are a mixture of causal variants and
non-causal variants. Polygenicity is reported as the number of causal
variants that explain 90% of h2

SNP (to avoid extrapolating model
parameters into the area of infinitesimally small effects). As a sensi-
tivity analysis to account for the differential power of our sex-stratified
GWAS, we also ran univariate and bivariate MiXeR on the full UK
Biobank sample (nFemales = 46,194 cases and 53,211 controls,
nMales = 22,608 cases and 56,516 controls) and after down-sampling
(n = 22,608 cases and 53,211 in both females and males).

We used gwas-pw v0.2130 to identify causal risk loci for MDD that
are sex-specific or shared across the sexes. The recommended Eur-
opean bed file that splits the genome (autosomes only) into approxi-
mately independent LD blocks was used within gwas-pw and
correlation was set as zero because our female and male MDD GWAS
do not have any overlapping individuals. Genomic regions with a
posterior probability of association (PPA) larger than 0.5 for model
one, two and three were identified as regions containing a causal var-
iant for MDD in females only, males only or shared by both sexes,
respectively. Subsequently, for each of these identified regions the
SNP with the largest PPA that was above 0.5 was selected as a possible
causal MDD variant. These possible causal variants were then anno-
tated using SNP2GENE from FUMAv1.5.231 with ANNOVAR (2017-07-17)
and ensemble v110. Positional mapping was carried out with a window
size of 10 kb, eQTL mapping using all the tissue types from TIGER74,
InsPIRE75, EyeGEx76, eQTL catalogue, PsychENCODE77, van der Wijst
et al.78 scRNA eQTLs, DICE79, eQTLGen, Blood eQTLs80, MuTHER81,
xQTLServer82, CommonMind Consortium83, BRAINEAC84 and GTEx
v885, and 3D Chromatin Interaction Mapping using all Buildin chro-
matin interaction data (Hi-C of 21 tissue/cell types fromGSE8711286, Hi-
C loops from Giusti-Rodríguez et al.87, Hi-C based data from
PsychENCODE77 and Enhancer-Promoter correlations from
FANTOM588–90). All of the annotation datasets from PsychENCODE,
FANTOM5 and Brain Open Chromatin Atlas91 were used for all three
mapping types. Genes annotated to a SNPwithmore than onemethod
were considered.
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Functional annotation and analyses
Gene-based, gene-set and gene-property tests were carried out for the
sex-stratified and GxS results using MAGMA v1.0892 within the
SNP2GENE function in FUMA v1.5.231. Our summary statistics as well as
the lead, independent SNPs as determined by PLINK clumping were
used as inputs. Settings used were ensembl v110, ANNOVAR (2017-07-
17)93, maximum P value of lead SNPs and P value cut-off of 5 × 10−8 (sex-
stratified summary statistics) or 1 × 10-6 (GxS summary statistics), a first
and second R2 threshold of 0.1, the European 1000 Genomes Phase 3
reference panel94, and a gene window size of 10 kb. The gene-based
test used a genome-wide significance P value of 2.53 × 10-6 as the input
SNPs mapped to 19,759 protein coding genes. The gene-set analysis
used the gene-level association statistics for all genes from the
MAGMA gene-based test and 10,678 gene sets (4761 curated gene sets
and 5917 Gene Ontology terms) from MsigDB v6.295 with significance
determined using Bonferroni corrected P values. A competitive gene-
set analysis was used which tests whether genes in a given gene set are
more strongly associated with MDD than the remaining genes not in
this gene set, and potential confounding factors such as gene size,
gene density and linkage disequilibrium are accounted for. Gene
property analysis for tissue specificity was conducted to determine
whether genes that are more highly expressed in specific tissues tend
to be more associated with MDD. We used RNA-sequencing data from
30 general tissue types and 53 tissue types from GTEx v885, as well as
from brain samples collected at 11 general developmental stages from
BrainSpan96. Genome-wide significant SNPs (sex-stratified analysis)
and nominally significant SNPs (GxS analysis) underwent gene anno-
tation using positional, eQTL and 3D Chromatin Interaction mapping
using the same settings as specified above (‘Polygenic overlap of MDD
across sexes’).

To determine whether any of our genome-wide significant SNPs
(sex-stratified analysis) and nominally significant SNPs (GxS analysis)
are novel and to search for previous SNP-phenotype associations, a
second analysis using the SNP2GENE function in FUMA v1.5.2 with
GWASCatalog (e0_r2022-11-29) was run. The settings as described
above were used, however the maximum P value cut-off was changed
to one, and SNPs from the reference panel were included. A lead
independent significant SNP was considered novel if the significant
SNP, or any SNPs in linkage disequilibrium with it, had not previously
been associated with any depression phenotypes according to the list
of SNPs in GWASCatalog. As the results from the largest GWAS meta-
analysis of MDD27 had not yet been added to GWASCatalog at the time
of our analyses, all significant SNPs, and those in LD with them, were
also checked against all of the genome-wide significant SNPs, and any
SNPs in LD, in this publication. SNPs in LD were determined using
PLINK v1.90b6.861,62 with a linkage disequilibrium threshold (--clump-
r2) of 0.1 and a physical distance threshold (--clump-kb) of 1000.

Sex-specific pleiotropic effects
We used LDSC (released 13/02/2015) to estimate genome-wide auto-
somal SNP-based rg between our sex-stratified MDD GWAS meta-
analysis results and a range of other psychiatric disorders, metabolic
traits and substance use traits (Supplementary Data 21). Metabolic and
substance use traits were included to determine whether sex-specific
pleiotropic effects may contribute to sex differences in metabolic
symptoms and substance use in people withMDD. As bodymass index
(BMI) has a well-powered sex-stratified GWAS97, we also estimated rg
for all bivariate combinations of our sex-stratified MDDGWAS and the
sex-stratified BMI summary statistics.

To determine whether rg between MDD and each trait is sig-
nificantly different across sexes we used the jack-knife method, a
resampling technique which systematically leaves out one block of
data at a time.Unlike theZ-scoremethod,which is commonlyused, the
jack-knife method accounts for LD structure and does not assume
independence of the two genetic correlation values, which is

important as the same second trait is used in both the genetic corre-
lations being compared (e.g., MDD in females versus sex-combined
ADHD compared to MDD in males versus sex-combined ADHD). In
LDSC, the --print-delete-vals flag was used to obtain delete values of
genetic covariance and heritabilities for 200 blocks, with delete values
referring to estimates computed by leaving out one of 200 jack-knife
blocks. For each bivariate genetic correlation, delete values of genetic
correlation were calculated for each of the 200 blocks (Eq. (4)), where
G = genetic covariance and h2 = SNP-based heritability.

rg =
G

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

h2 trait1ð Þ � h2 trait2ð Þ
q ð4Þ

Jack-knife pseudo-values were then calculated for each of the 200
blocks (Eq. (5)), where P = jack-knife pseudo-value, n = total number of
jack-knife blocks (200 in this case), r 1ð Þ

g, global = the global genetic cor-
relation obtained from LDSC for comparison one, r 2ð Þ

g, global = the global
genetic correlation obtained fromLDSC for comparison two, rð1Þg, ni = the
delete genetic correlation estimated with block i removed from com-
parison one, and rð2Þg, ni = the delete genetic correlation estimated with
block i removed from comparison two.

P =n � r 1ð Þ
g, global � r 2ð Þ

g, global

� �

� ðn� 1Þ � ðr 1ð Þ
g, ni � r 2ð Þ

g, niÞ ð5Þ

Themean and standard error of the 200 jack-knife pseudo-values
estimates the difference between the two genetic correlations andwas
compared to the null hypothesis that there is no difference between
the genetic correlations by calculating the Z-score, whereHo = the null
hypothesis (0 in this case) (Eq. (3)). The P-value was calculated from a
standard normal distribution using a two-tailed test followed by the
Benjamini Hochberg correction for 11 tests (all traits) or two tests (sex-
specific BMI). As a sensitivity analysis, the Z-score method was also
used to determine whether rg between MDD and each trait is sig-
nificantly different across sexes because although it is not theoretically
appropriate it is commonly used (Supplementary Methods 4).

We further explored the metabolic traits BMI and metabolic syn-
drome that showed significant sex-specific rg. To quantify polygenic
overlap between MDD in females/males and each metabolic trait, we
used MiXeR v1.328,29. Gwas-pw v0.2130 was used to identify causal risk
loci shared by MDD and each metabolic trait that are sex-specific or
shared across the sexes. Inputs to gwas-pw were our female MDD
summary statistics and female BMI summary statistics97, or our male
MDD summary statistics and male BMI summary statistics97, and the
recommended European PLINK bed file that splits the genome (auto-
somes only) into approximately independent LD blocks. The correla-
tion between beta values of SNPs within genomic regions with a
PPA <0.2 as calculated in fgwas v0.3.698 was used to account
for potential overlapping of cohorts. Genomic regions with a PPA >0.5
formodel 3 were compared between the femaleMDD–female BMI and
male MDD–male BMI analyses to identify genomic regions with a
causal variant shared by MDD and BMI that are female-specific, male-
specific or shared by both sexes. Subsequently, for each of these
identified regions the SNP with the largest PPA that was above 0.5 was
selected as a causal MDD/BMI variant. These causal variants were then
annotated using SNP2GENE from FUMA v1.5.231 with the same settings
as described above (‘Polygenic overlap of MDD across sexes’). The
above was repeated for the comparison of the sex-combined meta-
bolic syndrome summary statistics99 with our female and male MDD
summary statistics.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.
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Data availability
The raw genotype and phenotype data used to run the association
analyses in all separate cohorts are protected and are not available due
to data privacy laws. The GWAS meta-analysis summary statistics
generated in this study have been deposited in the GWAS Catalogue
database under accession numbers GCST90565869, GCST90565870,
GCST90565871, and GCST90565872. The source data for figures in the
main text are available from Github (https://github.com/jodithea/Sex_
differences_genetics_depression), which has been archived on Zenodo
and assigned a DOI: 10.5281/zenodo.15233098 (https://doi.org/10.
5281/zenodo.15233098)100.

Code availability
Code used to conduct analyses presented in this manuscript can be
found at Github (https://github.com/jodithea/Sex_differences_
genetics_depression), which has been archived on Zenodo and
assigned a DOI: 10.5281/zenodo.15233098 (https://doi.org/10.5281/
zenodo.15233098)100.
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