
PNAS  2024  Vol. 121  No. 24 e2404364121� https://doi.org/10.1073/pnas.2404364121 1 of 11

RESEARCH ARTICLE | 

Significance

Sex difference (SD) is widespread 
in humans, though they share 
the same genome. Single traits 
are generally studied to explore 
such differences in humans. But 
traits do not occur in isolation 
and share a common genetic 
basis. We investigated the 
genetic architecture of 
anthropometric, fat depositional, 
and sex-hormonal phenotypes, 
and found that sexes are not 
only dissimilar, but the same set 
of alleles act in opposite 
directions in the sexes, especially 
between testosterone and the 
anthropometric traits. 
Importantly, the shared genetic 
architecture between the sexes 
constrains the evolution of SD 
only when selection is sexually 
divergent. This work uncovers 
the role of testosterone in 
regulating SD and extends our 
understanding of SD in 
contemporary humans beyond 
what isolated traits reveal.
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Sex difference (SD) is ubiquitous in humans despite shared genetic architecture (SGA) 
between the sexes. A univariate approach, i.e., studying SD in single traits by estimating 
genetic correlation, does not provide a complete biological overview, because traits are 
not independent and are genetically correlated. The multivariate genetic architecture 
between the sexes can be summarized by estimating the additive genetic (co)variance 
across shared traits, which, apart from the cross-trait and cross-sex covariances, also 
includes the cross-sex-cross-trait covariances, e.g., between height in males and weight 
in females. Using such a multivariate approach, we investigated SD in the genetic 
architecture of 12 anthropometric, fat depositional, and sex-hormonal phenotypes. We 
uncovered sexual antagonism (SA) in the cross-sex-cross-trait covariances in humans, 
most prominently between testosterone and the anthropometric traits – a trend similar 
to phenotypic correlations. 27% of such cross-sex-cross-trait covariances were of opposite 
sign, contributing to asymmetry in the SGA. Intriguingly, using multivariate evolution-
ary simulations, we observed that the SGA acts as a genetic constraint to the evolution 
of SD in humans only when selection is sexually antagonistic and not concordant. 
Remarkably, we found that the lifetime reproductive success in both the sexes shows 
a positive genetic correlation with anthropometric traits, but not with testosterone. 
Moreover, we demonstrated that genetic variance is depleted along multivariate trait 
combinations in both the sexes but in different directions, suggesting absolute genetic 
constraint to evolution. Our results indicate that testosterone drives SA in contemporary 
humans and emphasize the necessity and significance of using a multivariate framework 
in studying SD.

sex difference | genetic correlations | additive genetic (co)variance matrix |  
human complex traits | B matrix

Sex difference (SD) is widespread among complex traits and disorders in humans (1–6), 
even though males and females share almost their entire genomes. Moreover, the genes 
on the autosomes occur half of the time in either males or females. Despite the ubiquity, 
the evolution of SD is nontrivial. When sexual/natural selection shifts one of the sexes 
from a common phenotypic optimum, the shared genetic architecture often leads to 
genetic constraint to independent evolution of the sexes (7). Sex-specific selection leads 
to intralocus sexual conflict (IASC) where one or both the sexes are displaced from their 
phenotypic optima (8). The strength of the cross-sex genetic correlation (rmf), i.e., the 
genetic correlation of a shared homologous trait between the sexes, is a good approximation 
of the extent of IASC and the degree of sexual dimorphism (9). If males and females have 
the same genetic architecture for a shared trait then the rmf is expected to be 1. This is 
because, if the strength of the cross-sex genetic correlation is high for a trait, then selection 
on one sex would lead to a strong correlated response in the other sex, generally intensifying 
IASC. Though at times, traits which are phenotypically dimorphic can exhibit high rmf 
which indicates little genetic variation is left for the evolution of dimorphism (8). But, 
generally for a shared trait, sexual dimorphism finally evolves when the rmf is eroded under 
persistent sex-specific selection and IASC is fully or partially resolved through mechanisms 
like sex-biased gene expression, genomic imprinting, etc. (8–11).

On the other hand, most often traits do not occur in isolation, but in functionally 
related modules due to pleiotropy and/or linkage disequilibrium. Hence, when we inves-
tigate SD, estimating a univariate measure like rmf for one shared trait is not adequate to 
understand the genetic basis of SD. The interdependence of traits and their multivariate 
genetic architecture can be statistically summarized using the additive genetic variance–
covariance matrix, G (12), which is a square and symmetric matrix containing the additive 
genetic variances of traits in the diagonal and the additive genetic covariances between 
traits in the off diagonals. Under a multivariate framework, Gmf for shared traits between 
males and females can be partitioned into four submatrices (7):D

ow
nl

oa
de

d 
fr

om
 h

ttp
s:

//w
w

w
.p

na
s.

or
g 

by
 4

9.
20

4.
84

.2
10

 o
n 

M
ar

ch
 2

5,
 2

02
6 

fr
om

 I
P 

ad
dr

es
s 

49
.2

04
.8

4.
21

0.

https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:ac4@nibmg.ac.in
mailto:ab1@nibmg.ac.in
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2404364121/-/DCSupplemental
https://www.pnas.org/lookup/suppl/doi:10.1073/pnas.2404364121/-/DCSupplemental
mailto:
https://orcid.org/0000-0002-7658-3156
https://orcid.org/0000-0002-3021-3045
mailto:
https://orcid.org/0000-0002-1564-0284
http://crossmark.crossref.org/dialog/?doi=10.1073/pnas.2404364121&domain=pdf&date_stamp=2024-6-3


2 of 11   https://doi.org/10.1073/pnas.2404364121� pnas.org

	 [1]Gmf =

[

Gm B

B
T

Gf

]

,

where Gm and Gf are the male and female within-sex G matrices, 
B is the cross-sex genetic covariance matrix and BT is the transpose 
of B. B consists of cross-sex genetic covariances in the diagonal 
and cross-sex-cross-trait genetic covariances in the off-diagonals 
(Fig. 1A). For traits i and j, there could be two measures of cross-
sex-cross-trait covariances, (or cross-sex-cross-trait genetic corre-
lations, rct

mf
  ) i.e., Cov

(

Traitif,, Traitjm
)

andCov(Traitim,, Traitjf)  , 
e.g., genetic correlation between height in females and weight in 
males, and height in males and weight in females. Unlike G, B 
might not always be symmetrical, i.e., B ≠ BT, as these covariances 
might differ depending on the trait expressed in a specific sex. 
Hence, the additive effects of the alleles on shared traits differ 
based on the sex where the traits are expressed. The evolution of 
sexual dimorphism causes the within-sex G to diverge and induces 
asymmetry in B (13, 14) which signifies difference in the multi-
variate genetic architecture of the sexes. Exploring SD solely based 
on rmf might lead to erroneous conclusions as even if rmf is high, 
which translates to low levels of dimorphism, low rct

mf
  can still 

facilitate the evolution of SD (14). Hence, B can hinder or facilitate 
evolution of sexual dimorphism and can elicit completely different 
directions of evolutionary response in males and females even to 
sexually concordant selection (14, 15).

Sexually antagonistic (SA) genetic variation, where alleles ben-
eficial to one sex are harmful to the other, can arise due to SA 
selection, signatures of which are found on the human genome 
(16). Opposing signs of cross-sex genetic covariance in the 
off-diagonal elements of B can imply SA genetic variation if traits 
are associated with fitness. When IASC is acute, i.e., there is strong 
SA selection with SA allelic effects on fitness, the rmf of fitness is 

generally negative, and it only goes back to 1 when IASC is fully 
resolved. Hence, a rmf of fitness less than 1 suggests only partially 
resolved IASC. Difference in signs of the off diagonals of B 
(cross-sex-cross-trait genetic covariances) can also contribute to 
the asymmetry in B irrespective of their association with fitness. 
Asymmetry in B in turn reflects SD in the genetic architecture of 
complex traits, which can be unequivocally captured only under 
a multivariate framework. B can change the direction of an oth-
erwise divergent evolutionary response to SA selection and can 
constrain the sexes to evolve in similar directions (17).

Phenotypically, anthropometric traits such as height and fat 
depositional traits like trunk and arm fat show SD in humans. 
Traits like BMI and waist to hip ratio (WHR) are influenced by 
differential fat deposition in different parts of the body, and such 
fat deposition patterns are known to differ between the sexes 
(18–20). Moreover, fat deposition is also regulated by sex hor-
mones (19) via androgen receptors present in the adipose tissue 
(21). In fact, one of the major differences between males and 
females is the difference in circulating levels of sex hormones, such 
as testosterone. Along with genetic pleiotropy, hormones can also 
influence many traits at a time, leading to hormonal pleiotropy, 
and can directly influence genetic covariances (22, 23), which can 
have evolutionary implications. For example, it has been shown 
that experimental treatment with testosterone can change the 
genetic architecture of morphological traits in female Anolis liz-
ards, making them indistinguishable from that of the male (22). 
Testosterone can differentially affect males and females at the phe-
notypic level which can stem from differences in pleiotropy 
(genetic) between testosterone and other traits in the two sexes. 
We conjecture that SDs in humans can be largely modulated by 
differential influence of sex hormones on other groups of traits, 
e.g., anthropometric, and fat depositional. However, such studies 

Fig. 1.   Gmf matrix in males and females. (A) Schematic showing Gmf genetic covariance matrix and its constituents Gm, Gf, B, and BT for two traits in males 
and females. (B) Gmf correlation matrix for all the 12 traits in both the sexes. The male cross-trait genetic correlations (Gm/rctM) are on the top left and female 
cross-trait genetic correlations (Gf/rctF) are on the bottom right. The cross-sex genetic correlations (rmf) are along the red diagonals of the top right and bottom 
left squares of the B and BT matrix. The off-diagonal genetic correlations in the B and BT (red squares) are the cross-sex-cross-trait genetic correlations (rmf

ct). 
Genetic correlations which are not significantly different from zero are marked with crosses, except the diagonal of the B and BT which are tested for significantly 
different from 1. The size of the yellow and purple squares is according to the strength of the correlations.
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investigating the role of hormonal pleiotropy in the maintenance 
of sex-specific genetic architecture in humans are largely 
missing.

Contemporary human genetics is largely dominated by 
genome-wide association studies (GWAS) where sex is mostly 
treated as a factor and is controlled for in the statistical model, which 
adjusts for any sex-specific variation in the data. Two broad catego-
ries of studies explore SDs in genetic architecture in humans—a) 
sex-stratified GWAS which attempts to find sex-specific SNPs, effect 
sizes, or allelic directions (24–30), and b) estimating rmf and/or 
sex-specific heritabilities using individual-level genetic data (2, 3, 
5, 31–34) or GWAS summary statistics (25, 32, 35–39). Though 
there has been a surge of sophisticated methods for estimating 
genetic correlations using (i) individual-level genetic data and (ii) 
GWAS summary statistics, indirect effects of cross-trait covariances 
across sexes (off diagonals of B) on SD have not been estimated. 
But in nonhuman species, B is routinely studied and are essential 
in exploring the evolution of SD (13, 14, 17, 40, 41).

In this study, we investigated SDs in the within and across-sex 
genetic architecture of three trait categories, i.e., a) anthropometric 
(six traits), b) fat depositional (three traits), and c) sex-hormonal 
(three traits), at different levels:

i) � We estimated the entire Gmf (co)variance matrix along with 
the cross-trait (rct) , cross-sex (rmf) , and cross-sex-cross-trait (rct

mf
) 

genetic correlations for 12 traits in each sex from GWAS sum-
mary statistics as a measure of SD, and to assess the degree of 
hormonal pleiotropy between sex hormones and other traits.

ii) � We evaluated whether the between-sex genetic covariance 
matrix, B, acts a constraint to the evolution of SD in these 
traits in humans in the face of simulated sexually concord-
ant and antagonistic selection, and ascertained the degree of 
asymmetry in B.

iii) � We estimated the genetic correlation (rct) between lifetime 
reproductive success (LRS) in humans and the 12 traits in 
males and females to find their association with fitness. We 
also estimated the rmf  of LRS to detect the degree of IASC 
in humans.

iv) � We inspected the degree of polygenic overlap between traits in 
males and females to estimate the number of shared variants 
using bivariate Gaussian mixture models.

v) � Finally, we identified the genome-wide significant variants 
shared between the traits in both the sexes, annotated them, 
and tested for enrichment in biological pathways to explore 
sex-specificity. Additionally, we performed colocalization to 
examine pleiotropy between testosterone and BMI in males 
and females.

Results

Traits and GWAS Summary Statistics. We used publicly available 
GWAS summary statistics from published studies and databases 
to estimate genetic correlations. All the summary statistics are 
from sex-stratified GWAS, performed on UK Biobank data. 
The anthropometric traits include height, weight, BMI, waist 
circumference (WC), hip circumference (HIP), and waist-to-hip 
ratio (WHR). Arm fat ratio (AFR), leg fat ratio (LFR), and trunk 
fat ratio (TFR) are the fat depositional traits. The sex-hormonal 
traits are total testosterone (TESTO), calculated bioavailable 
testosterone (CBAT), and sex hormone–binding globulin (SHBG).

All the traits were normalized before performing GWAS. The 
anthropometric traits were inverse-rank normal transformed, and 
the fat ratios were rank transformed. The sex hormones were nor-
malized using log-transformation. Consequently, the genetic 
covariances as well as the correlations were not affected by any 
heterogeneity in trait distributions.

We also estimated the phenotypic correlation between 11 of 
the 12 traits (except CBAT) from 203,146 males and 241,041 
females from individual-level data from UK Biobank (42). The 
direction of the phenotypic correlations closely mirrors that of the 
genetic correlations indicating genetic and environmental corre-
lations have the same directions (Dataset S15).

We estimated the additive genetic variances and covariances (ele-
ments of Gmf) and the rct  , rmf   , and rct

mf
  using the LD score regression 

(LDSC) framework (43) (Fig. 1, and Datasets S1–S4 and S9).

Cross-Trait Genetic Correlations (rct). The rct are the genetic 
correlations between traits within each sex (Figs. 1 and 2 A and B 
and SI Appendix, Figs. S1–S3). All the rct are moderate to high, and 
the three trait categories, i.e., anthropometric, fat depositional, and 
sex-hormonal, show SDs for rct with nonoverlapping 95% CI (Fig. 2 
A and B). Overall, the fat depositional traits, and testosterone and 
CBAT among the hormonal traits, show most of the differences in 
rct . Out of 66 rct in males and females, 32 and 27 genetic correlations 
were negative, respectively (Datasets S1 and S2).

Anthropometric and Fat Depositional Traits. Among the 
anthropometric traits, rct are significantly different between 
the sexes for 9 traits including height and weight (SI Appendix, 
Fig. S1). rct of fat ratios show SD except between TFR and LFR 
(SI Appendix, Fig.  S2). rct between TFR and LFR are strongly 
negative in both males and females (−0.92 ± 0.005, −0.91 ± 
0.004), similar to that observed by Rask-Andersen et  al. (25). 
rct of fat ratios with other traits show sex-specific trends, with 
rct between TFR and other anthropometric traits being negative 
in males, whereas between LFR and anthropometric traits being 
negative in females (SI Appendix, Fig. S2). rct between AFR and the 
anthropometric traits are positive in both males and females except 
with height, which is moderately negative in females (−0.40 ± 
0.02), but positive in males (0.26 ± 0.02). AFR and BMI show 
very strong positive correlation (rct) in females (0.94 ± 0.004), 
and moderately high in males (0.39 ± 0.02), but the rct between 
LFR and BMI is negative in females (−0.33 ± 0.02) and positive 
in males (0.17 ± 0.02). This indicates that the variants which are 
involved in increasing BMI decrease LFR but increase AFR in 
females. Hence, females with high BMI stores fat mostly in arms 
and not in legs.

Sex-Hormonal Traits. Both testosterone and CBAT show clear sex-
specific trends in the rct with anthropometric traits, positive in females 
but negative in males (Fig. 2 A and B). CBAT-anthropometric traits 
rct is higher in females, compared to testosterone-anthropometric 
traits. CBAT-WC rct is the highest (0.37 ± 0.03) in females 
whereas testosterone-WC rct is highest (−0.25 ± 0.04) in males. 
The SHBG-anthropometric traits rct are all negative in both the 
sexes, whereas between SHBG and AFR is negative in females 
(SI Appendix, Fig. S3). SHBG shows no significant rct with the other 
fat depositional traits. With testosterone, the rct of SHBG is strongly 
positive (0.79 ± 0.03), whereas with CBAT is small but negative 
(−0.17 ± 0.04). The fat ratios show no significant rct with TESTO 
or CBAT in either sex, except for AFR-TESTO rct in females, which 
is moderately positive and significant (0.29 ± 0.03). Testosterone 
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showed positive phenotypic correlation with anthropometric traits 
in females but negative in males.

Cross-Sex Genetic Correlations (rmf). The cross-sex genetic correlation 
rmf  denotes the degree of genetic basis of sexual dimorphism for a 
trait. The rmf  are the correlations between the same homologous trait 
in males and females (Figs. 1 and 2E). rmf is highest for height (0.96 
± 0.008), and lowest for CBAT (0.01 ± 0.05) (Dataset S3). Other 
than CBAT and testosterone, the most dimorphic trait is LFR, with 
a rmf of 0.36 ± 0.02. The null expectation is rmf =1 when there is no 
difference in the genetic architecture between the sexes for the same 
traits. We found that all the rmf  were significantly different from 1 
(Dataset S3), which is expected given the high sample size in the 
UK Biobank. The anthropometric traits have the highest rmf and 
therefore are the least dimorphic, and the fat ratios lie in between 
the anthropometric traits and testosterone.

Cross-Sex-Cross-Trait Genetic Correlations ( rct
mf

). The rct
mf

 are 
the correlations between trait A expressed in males and trait B 
expressed in females and vice versa (Fig. 1B). Out of 66 pairs of 

rct
mf

 , 18 pairs of statistically significant correlations were of opposite 
signs (Dataset S4), suggesting the presence of sexual antagonism 
(SA). We would expect that the rct

mf
 would be equal, i.e., the off-

diagonal elements of B would be equal (symmetric). Hence, the 
null expectation is of no antagonism (i.e., equal correlations with 
the same sign). We estimated the bootstrap CI of the number of 
opposing correlations and did not find an overlap with zero (CI = 
16 to 25). Most of the male–female and female–male genetic 
correlations were significantly different from each other, except for 
SHBG (SI Appendix, Fig. S6). Among the rct

mf
 with opposite signs 

were also the correlations between testosterone-anthropometric, 
and CBAT-anthropometric traits (Fig. 2 C and D and SI Appendix, 
Figs. S5 and S6). Hence, variants increasing testosterone in females 
also increase BMI in males (0.20 ± 0.03), but variants which 
increase testosterone in males decrease BMI in females (−0.23 ± 
0.04) (as the direction of genetic correlation is the opposite in the 
two cases). Similar difference in rct

mf
 was found between LFR and 

BMI in males and females. We have observed that the signs for rct 
in males and females resemble that of rct

mf
 for most of the traits. For 

e.g., the rct between testosterone-BMI is positive in females but 

Fig. 2.   Genetic correlations of all 12 traits with testosterone and CBAT. (A and B) cross-trait genetic correlations of testosterone and CBAT with anthropometric 
and fat depositional traits in males and females (rct), respectively. (C and D) Cross-sex-cross-trait genetic correlations of testosterone and CBAT with other traits 
(rmf

ct). (E) Cross-sex genetic correlations (rmf) of all 12 traits.
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negative in males, which matches the sign of the rct
mf

 between the 
two traits. Such opposing influence of testosterone is also evident 
in the phenotypic correlations (Dataset S15). This observed SA 
in the cross-sex-cross-trait genetic correlations is mostly driven 
by testosterone.

We found that B ≠ BT   , i.e., the off diagonals of B ( rct
mf

  ) are 
not equal. Asymmetry in B is the manifestation of underlying 
difference in genetic architecture of the sexes. We have decom-
posed B into its symmetric and skew-symmetric components, and 
by partitioning the sum of squares (SS) of B, have quantified the 
proportion of SS in B which is skew-symmetric as a measure of 
asymmetry. We found that 14.4% of B is skew-symmetric 
(Dataset S8), which is high given that the null expectation is of 
complete symmetry (i.e., 0% asymmetry). This extent of asym-
metry in the cross-sex covariance matrix B demonstrates the dif-
ferences in the multivariate genetic architecture of the sexes.

We dropped the sex-hormonal traits (TESTO, CBAT, SHBG) 
from B, and re-estimated asymmetry, and the percentage of skew 
symmetry decreased to 11.5%. When only the anthropometric 
traits were included in the analysis, the asymmetry dropped to 
1%. Moreover, when only fat ratios and sex-hormonal traits were 
analyzed, the asymmetry of B increased to 24.2%. Thus, most of 
the asymmetry in B is contributed by the fat depositional and 
sex-hormonal traits.

The differences between pairs of rct
mf

 are contributed both by 
differences in the cross-sex-cross-trait genetic covariances (off diag-
onals of B) as well as the differences in genetic variance between 
the sexes (see Eq. 5 in Materials and Methods). For the anthropo-
metric traits there was no difference in the genetic variance 
(heritabilities) between males and females (SI Appendix, Fig. S9). 
However, for the fat ratios and testosterone, the genetic variances 
show sex-specific differences. Hence, the differences in the rct

mf
 

involving testosterone and the fat ratios are contributed by both 
their sex-specific heritabilities as well as the differences in 
cross-sex-cross-trait genetic covariances. We found that the rct

mf
 

can be predicted from the product of the cross-sex and cross-trait 
genetic correlations only if the rct ≈ 1 or the rmf ≈ 1 (SI Appendix, 
Supplementary Note).

Genetic Correlation with Fitness. To explore how the traits in our 
study correlate with fitness, we estimated the rct between LRS and 
the traits in males and females separately. We found a significant 
positive genetic correlation between LRS and weight, WC, HIP, 
BMI, and WHR in both males and females, and these correlations 
were significantly different between the sexes except for WHR 
(Dataset S10 and SI Appendix, Fig. S10). Some of these genetic 
correlations between relative-LRS (rLRS) and the anthropometric 
traits were previously reported by Sanjak et al. (44). Height was 
negatively correlated with LRS but only in females. Among 
the fat ratios, arm fat in females and leg fat in males showed 
positive genetic correlations. Interestingly, trunk fat was negatively 
correlated with LRS in both the sexes. For these two traits, height 
and TFR, which showed negative correlations, we also measured 
the rct

mf
 with LRS. We found a negative genetic correlation of 

female LRS with male TFR and height, indicating SA in fitness in 
humans. SHBG was the only sex hormone which showed negative 
correlation in males, but apart from that none of the hormonal 
traits were found to be significantly correlated with LRS in both 
males and females.

Theory predicts that when SD evolves, the rmf of fitness (rmf
W) 

becomes strongly negative under SA selection, and IASC is acute. 
As sexes reach their sex-specific phenotypic optima, the rmf

W goes 
back to 1 when IASC is fully resolved. Hence, a rmf

W less than 1 

signifies partially resolved IASC. To examine the degree of IASC 
in humans, we estimated the rmf

W of LRS and found it to be sig-
nificantly less than 1 (rmf

W = 0.61, P = 8.72 × 10−14). A positive 
rmf

W can also signify unresolved SA selection and hence IASC, as 
the theoretical prediction of a negative rmf

W is often conservative 
evidence of SA (45).

Matrix Comparison and Genetic Constraint. To investigate SD in 
the multivariate genetic architecture of the traits considered, we 
compared Gm and Gf, both including and excluding B. We found 
that the entire Gmf as well as Gm and Gf were not full rank matrices, 
i.e., some of the eigenvalues were zero for the corresponding 
eigenvectors. On eigendecomposition, Gm, Gf, and Gmf have 2 
out of 12, 1 out of 12, and 5 out of 24 negative eigenvalues, 
respectively (Datasets S11−S13), which indicates the eigenvalues 
are essentially zero and due to floating point error are denoted as 
negative. Biologically, this means that there is no genetic variance 
for certain linear combinations of the traits in the phenotypic 
space which makes the G matrices singular. We checked the 
determinants of all the three matrices, and they were all zero, 
corroborating the singularity of these matrices. G matrices are 
often singular which represents absolute multivariate constraint to 
evolution due to absence of genetic variance in certain directions 
(46, 47). When we did an eigendecomposition of the phenotypic 
correlation matrices (P), they were both singular in males and 
females (Dataset  S16). The corresponding two eigenvectors in 
males (Gm) with zero eigenvalues showed maximum loading for 
WC and TFR, respectively, and in females for only WC (Datasets 
S12 and S13). This represents an absolute genetic constraint along 
those directions in the multivariate trait space if selection acts 
along those directions. This happens as there are traits which are 
exact linear combinations of WC and TFR in our P and Gs. When 
we dropped these traits from Gm and Pm, and only WC from Gf 
and Pf, the eigenvalues were small but no longer zero, and hence 
the matrices were full rank. But as we were interested in the genetic 
architecture of correlated traits, we kept these traits in our analyses. 
We found that the effective number of dimensions for Gm and Gf 
are only 2.45 and 2.25, respectively (SI Appendix). The first two 
eigenvectors for Gm explain 62% of the genetic variance while that 
of Gf explains 75% of the genetic variance. Hence, more than half 
of the genetic variance is described by the first two eigenvectors 
in males and females, which explains the effective dimensionality 
of the G matrices. This signifies that the sizes of the eigenvalues 
of both the matrices have a very uneven distribution indicating 
ill-conditioned G matrices.

To compare Gm and Gf we used the random skewers method 
(48) which is based on Lande’s multivariate breeder’s equation 
(12), Δz = G�  , where Δz is the short-term evolutionary response 
to selection, G is the G matrix and β is the selection gradient 
(SI Appendix). If we multiply two G matrices with the same selec-
tion vectors, any difference in the evolutionary response would be 
due to the difference in Gs, which is the basic principle of the 
random-skewers method. To tease apart the effect of B, we meas-
ured the response to selection in both the sexes with B and then 
again by constraining B to zero (SI Appendix, Eq. S2). We used 
1,000 random skewers (random selection vectors) under sexually 
concordant as well as antagonistic selection pressure. We measured 
the vector correlation between the predicted response in males 
and females (Δzm and Δzf), which is the cosine of the angle 
between the two vectors, to compare Gm and Gf. The null expec-
tation is a correlation of 1, i.e., when there is no difference in 
genetic architecture between the sexes. We found that the median 
[95% CI] vector correlation without B is 0.81 [0.75–0.94] and 
with B is 0.84 [0.30–0.92] which are high but significantly D
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different from 1, indicating that the multivariate genetic architec-
ture of sexes differs from each other.

Using these same angles between male and female responses, we 
also investigated how B, i.e., the shared genetic architecture between 
the sexes acts as a genetic constraint to the evolution of SD. Here, 
an angle (θ) > 0° between the male and female responses indicated 
that sexes can evolve in different directions. We observed that under 
concordant selection (selection vectors in the same direction), the 
angle between male and female response vectors were moderate both 
without B (median θ with 95% CI) between Δzm and Δzf = 35.67 
° [20°–41.61°] and with B (θ between ΔzmB and ΔzfB = 30.74° 
[21.83°–73.97°]) (Fig. 3A). Due to the overlap of these two angles, 
B does not constrain or facilitate the independent evolution of sexes 
in humans when selection is sexually concordant.

When we projected random selection vectors in opposing direc-
tions (antagonistic) through the Gmf constraining B to zero, we 
found that the median angle between Δzm and Δzf was extremely 
large (Fig. 3B), 145.2° [135.4°–158.4°], which means the sexes can 
evolve independently in different directions in response to antago-
nistic selection. But when we included B, the angle between ΔzmB 
and ΔzfB drastically decreased by 72% to 58.3° [51.5°– 98.5°]. 
Hence, B acts as a constraint to the evolution of SDs when selection 
is sexually antagonistic by decreasing the angle between male and 
female predicted responses, compelling them to evolve in similar 
directions. But this angle between ΔzmB and ΔzfB overlapped 
between antagonistic (58.3° [51.5°–98.5°]) and concordant (30.74° 
[21.83°–73.97°]) selections. Hence, SD would evolve to a similar 
degree both under sexually concordant and antagonistic selection.

Genetic Overlap and Polygenicity. We have estimated the number of 
variants affecting each trait independently as well as those influencing 
combinations of traits (Fig. 4), by implementing bivariate Gaussian 
mixture models using MIXeR (49) (SI Appendix). Among the 24 
traits, we found that the most polygenic with the largest number of 
causal variants is male WHR (Mean ± SE, 11.2K ± 1.2K), whereas 
the least polygenic is male SHBG (0.40K ± 0.07K). These causal 

variants explain 90% of SNP heritability of these specific traits. In 
case of the overlap between testosterone, and weight, BMI, WC, and 
HIP in males, all the variants which affect testosterone also influence 
the other traits (Fig. 4A). But in females, testosterone has unique 
causal variants besides having overlapping variants (80%) with 
weight, BMI, WC, and HIP. Moreover, the fraction of concordant 
variants (same direction of effect sizes) between testosterone and 
these four traits in males are between 10% and 26%, but much 
higher, between 60% and 74%, in females. 52.8% of the shared 
variants between male and female testosterone are concordant which 
signifies that equal number of shared variants have opposite effect 
sizes which renders the genetic correlation between the two traits not 
significantly different from zero. Polygenic overlap is also estimated 
between the fat ratios and the anthropometric traits, which show 
sex-specific differences (Fig. 4 B and C and SI Appendix, Fig. S7). 
The estimated number of causal variants in MIXeR depends on the 
sample size of the original GWAS. With the increase in sample size, 
the power to estimate causal variants of a trait increases.

Overlapping SNPs and Colocalization. We classified genome-
wide variants into three broad categories based on their P values, 
separately for males and females. For this classification, we identified 
all the SNPs below the genome-wide significance at α = 5 × 10−8, 
1) that are shared between a pair of traits, 2) significant only in 
trait1, and 3) significant only in trait2. Fig. 5A shows the genome-
wide distribution of these three SNP classes for testosterone and 
BMI in males and females (see SI Appendix, Fig. S9 for similar 
shared SNPs between AFR, TFR, and LFR, and BMI). We have 
observed that there are no shared SNPs which are significant for 
both testosterone and BMI in females, but we have found 38 
significant shared SNPs in males. We identified five shared causal 
variants which show pleiotropic signals for testosterone and BMI 
in males with a PPH4 ≥ 0.9 in chromosome 16 (Dataset S14) 
through colocalization. We plotted some of these pleiotropic 
variants between testosterone and BMI in chromosome 16 for 
male and female testosterone using LocusZoom plots (Fig. 5B) 

�zm

�zf

�zmB

�zfB

A
Θ= 35.67° [20° - 41.61°] Θ= 30.74 °[21.83° -73.97°]

B

Θ= 145.2 °[135.4° - 158.4°] Θ= 58.3 °[51.5° - 98.5°]

�zm �zmB

�zfB

�zf

+ B

+ B

Fig. 3.   Random selection skewers and genetic constraint to the evolution of sexual dimorphism. (A) Angle between the predicted responses to concordant 
selection vectors (Δzm and Δzf) in males and females, respectively, constraining B to be zero, and after the inclusion of B (ΔzmB and ΔzfB). The thin lines depict 
1,000 response vectors, and the thick arrow is the median response. (B) Similar angles between male and female predicted responses before and after inclusion 
of B, but to antagonistic selection vectors. Here, B constrains the male and female evolutionary response vectors to evolve close to each other by reducing the 
angle between them. The length of the vectors is just for representation purpose.D
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to show that the same variants which are pleiotropic between 
testosterone and BMI in males are way below the significance 
threshold for female testosterone. The plots were zoomed around 
the SULT1A1 gene which we identified to be expressed in both 
testis and adipose tissue (SI  Appendix). In chromosome 3, we 
detected colocalization of 3 more causal variants in males with a 
PPH4 = 1 (Dataset S14). Though we detected shared significant 
variants for testosterone and BMI in chromosome 2, we could not 
identify shared causal variants associated with both traits using 
colocalization, but we found independent causal variants (H3). 
For females, we could not detect any colocalization signals in any 
of the three chromosomes between testosterone and BMI.

Discussion

In this study, we showed that there is sex difference (SD) in the 
multivariate genetic architecture of human anthropometric, fat 
depositional, and sex-hormonal phenotypes. We observed a plethora 
of cross-sex genetic covariances across traits with opposing directions 
mostly with testosterone, which was also reflected in the phenotypic 
correlations. This implies that testosterone drives sexual antagonism 
(SA) in the anthropometric traits both at the genetic and phenotypic 
levels. We also found that the shared genetic architecture between 
the sexes acts as a genetic constraint to the evolution of SD only 
when selection is sexually antagonistic and not concordant. We 
demonstrated that LRS in humans is positively correlated with 
anthropometric traits except height, but not with testosterone. 
Finally, we found additive genetic variance to be depleted in the 
multivariate phenotypic space along different directions in males 
and females, creating an absolute genetic constraint to evolution in 
those directions, possibly because of natural or sexual selection.

We found extensive evidence for SA in our study, notably 
between the sex-hormonal phenotypes (testosterone and CBAT) 
and the anthropometric traits. Here, we have shown the existence 
of multivariate SA as evident from 27% of the rct

mf
  , i.e., the 

cross-sex-cross-trait genetic correlations, being of opposite direc-
tions. This SA is the main contribution to the asymmetry in B, 
which is again indicative of differences in the multivariate genetic 
architecture between the sexes. The multivariate SA is driven 
mostly by testosterone and CBAT as we observed in the cross-trait 
genetic correlations as well as the cross-sex-cross-cross-trait genetic 
correlations ( rct

mf
  ). Such investigations of SA influenced by testos-

terone on humans at the genetic level have been lacking, though 
beneficial role of testosterone in males has been reported (50, 51). 
In contrast, higher levels of testosterone is known to be harmful 
in women, increasing the risk of a number of metabolic disorders 
and cancers (52). This SA at the phenotypic level is also evident 
from our phenotypic correlations. SA driven by testosterone has 
been extensively studied in the rodent bank vole, where sexually 
antagonistic alleles for testosterone have been reported (53). 
Testosterone also shows intra- and intersexual genetic trade-offs 
with immune traits in bank voles (54). Remarkably, our results 
show that testosterone or CBAT is not genetically correlated with 
fitness in contemporary humans, despite the contributions to 
antagonism. Hence, in our study, testosterone rather shows hor-
monal pleiotropy, where it modulates male and female anthropo-
metric traits in opposite directions contributing to the observed 
SD in these traits.

The rmf for each shared trait between the sexes is extremely high 
for the anthropometric traits (0.72 to 0.96), almost zero for tes-
tosterone. Though we found that testosterone is not genetically 
correlated with fitness, measures of obesity (BMI, WC, HIP, etc.) 
are positively correlated with LRS in both the sexes. This suggests 
that if selection would operate even in one sex, a higher trait value 

of these anthropometric phenotypes would be favored in both the 
sexes through the high cross-sex genetic correlation of these traits. 
For selection on males, this would cause a correlated response of 
lower testosterone levels in both the sexes, in males through direct 
cross-trait and in females indirectly through the cross-sex-cross-trait 
genetic correlations. In contrast for females, a positive selection 
for these anthropometric traits would lead to high testosterone 
levels indirectly in males and directly in females through positive 
cross-sex-cross-trait and cross-trait genetic correlations, respec-
tively. This causes multivariate sexual conflict over the levels of 
testosterone, and though this would not directly affect fitness due 
to no significant genetic correlation between testosterone and LRS, 
it might affect several health parameters. But as we discuss below, 
these genetic correlations are influenced by the age class of the 
UKBB participants. Such complexity and intricacies of genetic 
covariance/correlation strongly emphasize the necessity of using 
a multivariate framework to study sex difference. Despite the pos-
itive correlation between BMI and testosterone in females, we 
found pleiotropic signals between the two only in males. Moreover, 
we observed no shared significant variants between the two traits 
in females, suggesting that testosterone in females is affected by 
more small-effect loci compared to males, which do not cross the 
genome-wide significance level.

We observed that the multivariate genetic architecture of the sexes, 
i.e., Gm and Gf are different from each other including and excluding 
B, which is not apparent from studying single traits in isolation. For 
example, the anthropometric traits are phenotypically dimorphic 
between the sexes, but the rmf of single traits such as height were 
extremely high and close to 1, indicating similar genetic architecture 
between the sexes with no sex-specific difference in genetic variances. 
This high rmf reflects little or no genetic variation in the traits to be 
acted on by selection, as dimorphism has already evolved (8). But 
when we considered the multivariate shared genetic architecture, i.e., 
B, the low, and in certain cases, opposite sign of cross-sex-cross-trait 
genetic covariances, which are the indirect cross-sex covariances, are 
suggestive of between-sex differences. This is because these indirect 
covariances decouples the traits between the sexes and reduces the 
level of correlated evolutionary response in the sexes when one of 
them is under selection, hence increasing the level of SD. But irre-
spective of the contributions of single traits (rmf) to SD, low 
cross-sex-cross-trait genetic covariances play an important role in the 
evolution of SD in these traits with otherwise high rmf.

An intriguing result of our study is the role of B in the evolution 
of SD in these traits. B constrains the evolution of sexual dimor-
phism only when selection is sexually antagonistic, by an extreme 
reduction of the angle of predicted divergence between the sexes, 
driving them to evolve in more similar directions. In contrast, 
under concordant selection, B neither constrains nor facilitates 
the evolution of SD. Interestingly, the angle between predicted 
male and female response after the inclusion of B (Fig. 4) is not 
significantly different between concordant and antagonistic selec-
tion. Moreover, we found the rmf of fitness to be significantly less 
than 1, indicating a partially resolved IASC. This implies that the 
sexes have not yet reached their sex-specific phenotypic optimum. 
Our results suggest that sexual dimorphism in these traits is pre-
dicted to evolve both under the influence of concordant and antag-
onistic selection, albeit heavily constrained in the latter case. 
Sanjak et al. (44) showed that many of the anthropometric traits 
in humans are under weak sex-specific directional selection, but 
mostly sexually concordant, except height which is under sexually 
antagonistic selection. The only study by Stearns et al. that esti-
mated B in humans (55), for different phenotypes and pedigree 
data, also reported the presence of sexually antagonistic selection 
and a genetic constraint imposed by the B matrix.D
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An interesting observation in our study is that there is multi-
variate genetic constraint (46) to evolution in both the male and 
female genetic architecture, Gm, Gf, as there is no genetic variance 
in certain directions of the phenotypic space, and with much lower 
effective dimensionality. But this absence of genetic variance is in 
different directions in males and females. Such constraints created 
by the lack of genetic variance in certain directions can result from 
the presence of negative genetic correlations (46), and we had an 

abundance of them in our study. Again, these negative genetic 
correlations in B were mostly driven by testosterone and CBAT. 
In the eigenspace, trunk fat ratio in males and waist circumference 
in both males and females had higher loadings along these direc-
tions of depleted genetic variances. This erosion of genetic variance 
is very likely the effect of natural/sexual selection on these pheno-
types, which resulted in the observed sexual dimorphism in these 
traits. Hence, there is an absolute genetic constraint along the 

A

B

C

Fig. 4.   Venn diagram showing polygenic overlap between testosterone, TFR, AFR, and other anthropometric traits (height, weight, WC, and HIP) in males 
and females. The number of variants is shown in thousands (with SE). Mauve circles depict unique variants for trait 1, and the brown circle depicts that of 
trait 2. Shared variants between two traits are shown in gray. rg depicts the genetic correlation between traits from the MIXeR output. Shades of red denote 
positive genetic correlations, whereas shades of blue denote negative genetic correlations. Panels represent shared variants between anthropometric traits and  
(A) testosterone, (B) TFR, and (C) AFR.
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direction of TFR in males and WC in both males and females 
indicating further selection along those directions would yield no 
evolutionary response. This study shows the existence of such 
multivariate absolute genetic constraint in humans, in both the 
sexes, although for different trait combinations.

The choice of traits also influences the structure and stability 
of G matrices (56). Morphological traits are more stable (i.e., G 
does not change) between populations while fitness estimates are 
more labile, and physiological traits lie somewhere between these 
two extremes. The difference in the genetic architecture of the 
sexes that we observed also depends on the kind of traits that we 
included in the G matrices. In our case, a large proportion of the 
SA is contributed by testosterone. Previously, SA has been reported 
for female height and weight with total cholesterol levels in males 
(55). Similar studies are required to find whether this antagonism 
prevails across other trait categories in humans.

The age class of UK Biobank participants is between 40 and 
69 y (57), and their average age is 56.52 y (58), and hence is 
biased toward postmenopausal women and older men. Therefore, 
the antagonistic effect of testosterone can be confounded with 
age. Nevertheless, our work is still unique in uncovering SA even 
if limited to a particular age class in humans, as genetic corre-
lations are known to vary with age, both in magnitude and 
direction (59).

In summary, by investigating the multivariate genetic architecture 
of three classes of human complex traits we have uncovered consid-
erable sex differences along with a high degree of sexual antagonism 
which contributes to the observed asymmetry in the shared genetic 
architecture between sexes (B) mostly driven by testosterone. Such 
antagonism at the genetic level is also reflected at the level of phe-
notypic correlations. This demands further investigation of SA for 
other trait categories in humans. Most importantly, we have shown 
how B acts as a constraint to the evolution of sexual dimorphism 
only when selection is antagonistic. Overall, our work substantially 
advances the understanding of the biology of male and female mul-
tivariate genetic architecture in humans by revealing differences at 
multiple levels, which would have been otherwise impossible to 
detect by studying one single trait at a time.

Materials and Methods

GWAS summary statistics for the anthropometric traits except the waist-to-hip 
ratio (WHR) were downloaded from the Neale lab webpage (http://www.nealelab.
is/uk-biobank). Summary statistics for WHR was obtained from the Sulc et al.’s 
study (https://doi.org/10.1038/s42003-021-02550-y). For the fat depositional 
and sex-hormonal phenotypes, the GWAS summary statistics were obtained 
from the studies by Rask-Andersen et al (https://doi.org/10.1038/s41467-018-
08000-4) and Sinott-Armstrong et  al. (https://doi.org/10.7554/eLife.58615), 

A

B

Fig. 5.   Genome-wide significant SNPs between testosterone and BMI in males and females. (A) Genome-wide SNPs are plotted as colored horizontal lines 
along chromosomes (X axis) at specific positions depicted in mega-base-pairs (Y axis), which are significant in 1) both in BMI and testosterone, 2) only in BMI, 
and 3) only in testosterone. The vertical black lines represent the length of the specific chromosomes. The SNPs to the right of each black line are for males 
and that to the left of each line are for females. The red horizontal lines show the SNPs that reach the genome-wide significance in both the traits (class 1).  
(B) LocusZoom plots showing variants around the SULT1A1 gene on chromosome 16 for male and female testosterone. The labeled SNPs are 3 of the variants 
that are identified as shared causal variants on chromosome 16 between testosterone and BMI in males in the colocalization analysis. The same variants are 
way below the significance threshold for female testosterone. The violet diamond is the lead SNP in the region.
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respectively. Individual-level data from UK Biobank (https://www.ukbiobank.
ac.uk/) accessed with application ID 95478 was only used for calculating phe-
notypic correlations.

Genetic Covariance and Correlations. We used LDSC regression (43) to esti-
mate all the elements of the Gmf matrix (genetic covariances) as well as the genetic 
correlations using 12 male and 12 female traits. Three different kinds of genetic 
correlations were estimated in this study:

a) within-sex, cross-trait genetic correlations:

	 [3]rct =
�m

√

h2
im
h2
jm

,

where h2 is the heritability of traits i and j in males or females, and ρ is the additive 
genetic covariance between them.

b) cross-sex genetic correlations:

	 [4]
rmf =

�mf
√

h2
im
h2
if

,

where ρmf is the additive genetic covariance between trait i expressed in males 
and females, and the denominator is the square root of heritabilities of trait i in 
males and females.

c) cross-sex-cross-trait genetic correlations.

	 [5]r ct
mf
=

�
ct
mf

√

h2
im
h2
jf

,

where �ct
mf

 is the additive genetic covariance between trait i expressed in males 
and trait j expressed in females.

All the estimates of genetic correlations were corrected for multiple testing 
(Benjamini–Hochberg method). Comparison of Gm and Gf and the investigation of 

genetic constraint were done using the random skewers method (48). Asymmetry 
in B was assessed using the asymmetry package in R (60). We used MIXeR to 
estimate polygenic overlap between traits (49). We used the R package coloc (61) 
for detecting colocalized variants between testosterone and BMI, and specifically 
used coloc.susie() (62) to identify multiple shared causal variants. For detailed 
description of the data analyses, see SI Appendix.

Data, Materials, and Software Availability. Previously published data were 
used for this work [GWAS summary statistics for the anthropometric traits except 
waist-to-hip ratio (WHR) were downloaded from the Neale lab webpage (https://
www.nealelab.is/uk-biobank) (63). Summary statistics for WHR was obtained 
from the Sulc et al. study (https://doi.org/10.1038/s42003-021-02550-y) (64). 
For the fat depositional and sex-hormonal phenotypes, the GWAS summary 
statistics were obtained from the studies by Rask-Andersen et al. (https://doi.
org/10.1038/s41467-018-08000-4) (65) and Sinott-Armstrong et al. (https://
doi.org/10.7554/eLife.58615) (66), respectively.]. Individual-level data from 
UK Biobank (https://www.ukbiobank.ac.uk/) (67) accessed with application ID 
95478 was only used for calculating phenotypic correlations. Data are available 
to researchers upon application to the UK Biobank.
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