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Amplification is the primary mode of gene-by-sex
interaction in complex human traits
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In brief

Zhu et al. estimate the ways in which
genetic effects on anthropometric
measurements and biomarkers depend
on sex. They find pervasive sex
contingency acting not through
differences in genetic basis but largely
through “amplification”—systematic
differences in the magnitude of numerous
genetic effects. They show that
amplification explains trait variance
differences between the sexes and that it
may be consequential for sex-specific
natural selection.
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SUMMARY

Sex differences in complex traits are suspected to be in part due to widespread gene-by-sex interactions
(GxSex), but empirical evidence has been elusive. Here, we infer the mixture of ways in which polygenic ef-
fects on physiological traits covary between males and females. We find that GxSex is pervasive but acts pri-
marily through systematic sex differences in the magnitude of many genetic effects (“amplification”) rather
than in the identity of causal variants. Amplification patterns account for sex differences in trait variance. In
some cases, testosterone may mediate amplification. Finally, we develop a population-genetic test linking
GxSex to contemporary natural selection and find evidence of sexually antagonistic selection on variants
affecting testosterone levels. Our results suggest that amplification of polygenic effects is a common
mode of GxSex that may contribute to sex differences and fuel their evolution.

INTRODUCTION

Genetic effects can depend on context. If the distribution of con-
texts differs between groups of people, as it does for males and
females, so should the average genetic effects on traits.” In
particular, such gene-by-sex interaction (GxSex) may be a result
of sex differences in bodily, environmental, and social contexts
or epistatic interaction with sex chromosomes.®® Sex differ-
ences in genetic effects on complex traits are clearly of high
evolutionary®'%~'* and translational® '>~2? importance. However,
with the exception of testosterone levels,?*2° the basis of sexual
dimorphism in complex traits is not well understood.'® To date,
empirical evidence of GxSex in genome-wide association study
(GWAS) data—whether focused on identifying large GxSex
effects at individual loci or by estimating genetic correlations
between the sexes for polygenic traits—has been lacking.
Here, we set out to study governing principles of GxSex in
complex human traits and explain why current approaches for
characterizing GxSex may be lacking for this goal. We then sug-
gest a mode of GxSex that may have gone largely underappre-
ciated: a shared difference in the magnitude of effect of many
variants between the sexes, which we refer to as “amplifica-
tion.”?” Amplification can happen for a large set of variants
regulating a specific pathway if the pathway responds to a
sex-contingent cue.”®' In classic hypothesis-testing ap-
proaches that test for a GxSex effect separately in each variant,
the signal of amplification may be crushed under the multiple-hy-
potheses burden. On the other hand, even state-of-the-art tools
designed with complex traits in mind may miss amplification
signals. They often treat genetic correlation (between GWAS
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estimates based on samples from two contexts, such as males
and females) as a litmus test for whether effects are the same
in the two contexts,*>° but correlations are scaleless and
thus may entirely miss amplification signals.

We developed a new approach for flexibly estimating male-fe-
male genetic covariance relationships and applied it to 27
complex physiological traits in the UK Biobank. We found that
amplification is pervasive across traits. The inferred polygenic
covariance structure explains sex differences in trait variance
remarkably well and, in most cases, helps improve phenotypic
prediction. Finally, we consider an implication of polygenic
GxSex for sexually antagonistic selection. We develop a model
that demonstrates how variants that affect traits may be subject
to sexually antagonistic selection when male and female trait op-
tima are very different or, surprisingly, even when the trait optima
are very similar. We developed a novel test for sexually antago-
nistic polygenic selection that connects GxSex to signals of
contemporary viability selection. Using this test, we find subtle
evidence of sexually antagonistic selection on variants affecting
testosterone levels.

RESULTS

The limited scope of single-locus analysis

We conducted GWASS stratified by sex chromosome karyotype
for 27 continuous physiological traits in the UK Biobank (UKB)
using a sample of ~150,000 individuals with two X chromo-
somes, another sample of ~150,000 individuals with XY, and a
combined sample that included the XX and XY samples. We
chose to analyze traits with SNP heritabilities over 7.5% in the
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combined sample to have higher statistical power. While there is
not a strict one-to-one relationship between sex chromosome
karyotype and biological sex, we label XX individuals as females
and XY individuals as males and view these labels as capturing
group differences in distributions of contexts for autosomal ef-
fects rather than as a dichotomy.®?**” Throughout, we analyze
GWASs on the raw measurement units as provided by the
UKB. (See the note on the rationale behind this choice under
Flexible model of sex-specific genetic effects as arising from a
mixture of covariance relationships).

Among the 27 traits, we observed substantial discordance be-
tween males and females in associations with the trait only for
testosterone and waist:hip ratio (whether or not it is adjusted for
BMI; Figure S1). For testosterone, as noted in previous analyses,
associated genes are often in separate pathways in males and fe-
males.”>?° This is reflected in the small overlap of genes neigh-
boring top associations in our GWAS. For example, in females,
the gene CYP3AY7 is involved in hydroxylation of testosterone, re-
sulting inits inactivation. In males, FKBP4 plays a role in the down-
stream signaling of testosterone in the hypothalamus. Both genes,
to our knowledge, do not affect testosterone levels in the other sex.

For waist:hip ratio, we saw multiple associations in females only,
such as variants near ADAMTS9, a gene involved in insulin sensi-
tivity.>® As a previous work established,**>*>*° testosterone and
waist:hip ratio are the exception, not the rule; most traits did not
display many sex differences in top associations. For instance,
arm fat-free mass, a highly heritable dimorphic trait, showed
near-perfect concordance in significant loci (Figure S1). A previous
study?® examining the concordance in top associations between
males and females found few uniquely associated SNPs (<20)
across the 84 continuous traits they studied; waist:hip ratio was
an exception with 100 associations unique to one sex. Considering
the evidence of the polygenicity of additive genetic variation
affecting many complex traits,>*~*" it stands to reason that looking
beyond lead associations, through a polygenic prism, may aid
characterization of non-additive effects (such as GxSex) as well.

The limited scope of analyzing GxSex via heritability
differences and genetic correlations

We turned to consider the polygenic nature of GxSex, first by
employing commonly used approaches: comparing sex-specific
SNP heritabilities and examining genetic correlations. We used
linkage disequilibrium score regression (LDSC)*®*? to estimate
these for each trait. In most traits (17 of 27), males and females
had a genetic correlation greater than 0.9. Testosterone had
the lowest genetic correlation of 0.01, which suggests very little
sharing of signals between males and females (see similar results
by Flynn et al.?® and Sinnott-Armstrong et al.?*).
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For the majority of traits (18 of 27), male and female heritabil-
ities were greater than the heritability in a sample that included
both sexes. For instance, in arm fat-free mass (right), the herita-
bility in the both-sex sample was 0.232 (+0.009), while the heri-
tabilities for male and female were 0.279 (+x0.012) and 0.255
(£0.011), respectively. In particular, all body mass-related traits,
excluding BMI-adjusted waist:hip ratio, had greater sex-specific
heritabilities (Figures 1A and 1B).

In addition, we noticed a trend where, as the genetic correla-
tion decreased, the difference between the heritabilities within
each sex and in the sample combining both sexes tended to
become larger (Pearson r = —0.88, paired t test p = 107
Figures 1A and 1B). Nonetheless, several traits with genetic cor-
relation above 0.9 also present relatively large sex differences in
heritability. For example, diastolic blood pressure and arm fat-
free mass (left) had differences of 5.2% (two-sample t test p =
3-107%) and 3.4% (two-sample t test p = 0.04), respectively.
These examples are incompatible with a model of pervasive
uncorrelated genetic effects driving sex-specific genetic contri-
butions to variation in the trait (Figure 1C, second model).

We therefore considered two other alternative hypotheses un-
der a simple additive model of variance in a trait. Differences in
heritability are due to sex differences in genetic variance, in envi-
ronmental variance, or both. If genetic effects are similar, then
differences in environmental variance alone could cause herita-
bility differences (Figure 1C, first model). But as we show in the
STAR Methods, under such a model, the heritability in the com-
bined sample cannot be smaller than both sex-specific
heritabilities.

Therefore, the observation of higher sex-specific heritabilities
for most traits suggests that the genetic variance must differ be-
tween males and females. Given the random segregation of
autosomal alleles, independent of an individual’s sex chromo-
some karyotype, and assuming, further, that there is little to no
interaction of sex and genotype affecting participation in the
UKB,*® allele frequencies in males and females are expected
to be very similar. Thus, this observation suggests that causal
genetic effects differ between males and females for most traits
analyzed.

A last hypothesis that might tie together many of the observa-
tions summarized in Figure 1 is a less appreciated mode of
GxSex, amplification, where the identity and direction of effects
are largely shared between sexes (leading to high genetic corre-
lation), but the magnitude of genetic effects differs—e.g., larger
genetic effects on blood pressure in females—which, in turn,
leads to differences in genetic variance (Figure 1C, third model).

We can test the hypothesis that amplification acts systemati-
cally—across a large fraction of causal variants—by examining

Figure 1. Heritabilities and genetic correlations cannot fully distinguish models of GxSex

(A) Genetic correlations between males and females, estimated using bivariate LDSC, are shown in descending order.

(B) The x axis represents the relative heritability (i.e., the SNP heritability divided by the SNP heritability) estimated in the sample with both sexes combined. Red
asterisks indicate body mass-related traits with greater heritability in both sex-specific samples compared with the sample combining both sexes. Error bars

represent + 1 SE.

(C) Polygenic models of GxSex. We examine different models of the nature of GxSex in complex traits that link to previous studies and motivations. Each model
leads to different expectations from the analysis of heritability and genetic correlations (A and B). The illustrations in the third column depict examples of directions
and magnitudes of genetic effects corresponding to each model. h2,, h?, and h? denote narrow-sense heritabilities in males, females, and a combined sample,

respectively.

Cell Genomics 3, 100297, May 10, 2023 3




¢? CellPress

OPEN ACCESS

Cell Genomics

A Albumin (g/L) B Right arm fat-free mass (kg) C Diastolic blood pressure (mmHg) D Hip circumference (cm)
.
slope=0.43 +0.02, . o ° slope=1.22 +0.05,
46.01 Re=2.7%0.2% 55 841 © ® 1051 Re=25%10.2%
’ lope=0.12 +0.00, slope=0.10 +0.07, 1
45.51 o 6950.8% 831 R?=0.0%10.0% 104
3.0
fi | 4
45.0 emale 8o 103
slope=0.06+0.00, slope=0.01%0.07 1024
4451 slope=0.43+0.02, 2.54 R2=3.7%+0.2% 814 R2=3.0%£0.0% o slope=1.2840.06
< R2=2.7%+0.2% ) . s 10147 R?=1.6%+0.2%
) T T T T T T T T T T - T T )
% -1 0 1 2 -1 0 1 -1 0 1 0 1 2 3
> Polygenic Score, Estimated in Males (SDs from mean)
TE F G H
a 867 106
slope=0.46 +0.02, slope=0.93 +0.07, slope=1.11 £0.05,
46.01 R2=3.1%+0.2% 351 ga] REE08%20.1% 1054 RF=21%202%
slope=0.11 +0.00,
45.51 R?=3.5%+0.3% < 104
3.0 82 °
45.01 103
slope=0.06+0.00,
E 2=3.9%0.3% 801 1021
44.519 slope=0.46+0.02, 25 R=3.9%:0.3% slope=1.29+0.07 slope=1.48+0.06,
R?=3.1%+0.2% R2=1.5%20.1% 101 R?=2.1%%0.2%
2 0 1 0 Y 2 3 -1 0 1 2 0 1 2
Polygenic Score, Estimated in Females (SDs from mean)
I Polygenic Score Estimated in Females J Polygenic Score Estimated in Males
Arm fat-free mass (L) 1 " 1 | —
Arm fat-free mass (R) ! Lo ! —
Forced vital capacity { e : —e—
Urea —e—i | ——i
HbA1cH —e— [——
Height (e | Fed
Total protein Fo—i | —e—
Eosinophil percentage A He— I —e—i
IGF-14 o | e
Lymphocyte percentage —e—i e
Albumin- e r—IB—q
Creatinine 1 —e— [ T |
Red blood cell count e e
Pulse rate q —eor—i e
Calcium+ o o
Weight ! I—e—i
Waist circumference 4 o4 e
Whole body fat mass 1 e :r—o—|
Systolic blood pressure A —o—i ' i
BMIA e | e
Hip circumference 4 e e
Diastolic blood pressure 1 —e— S
SHBGH o1 1 o+ 1
Urate e U Lo )
Waist to hip ratio ‘e ! — e
Waist:hip (BMI adjusted) rod ! L |
Testosterone : X ——e—r
05 00 05 10 15 20 10 15 20 7 750 150

Effect of Polygenic Score on Phenotype—Male to Female Ratio

Figure 2. Evaluating evidence of systematic amplification

(A-D) We regressed trait values in males (green) and separately in females (orange) on a PGS estimated in an independent sample of males. Points show mean
values in one decile of the PGS; the fitted line and associated effect estimate and R? correspond to regressions on the raw, non-binned data. In some traits, like
albumin (A), the PGS has a similar effect on the trait in both sexes. In other traits (B and D), the estimated effect of the PGS differs significantly, consistent with a
substantial difference in the magnitude of genetic effects of sites included in the PGS.

(E-H) Same analysis as in (A)-(D) but with a PGS pre-estimated in an independent sample of females.

(I and J) Summary of the ratio of the effect of the PGS on the trait (+2 SE) in males to the effect in females across physiological traits. See results for other traits in

Figure S11.

the effects of polygenic scores (PGSs), genetic predictors of a
complex trait. Under this hypothesis, regardless of whether the
PGS is estimated in a sample of males, females, or a combined
sample of both males and females, it should be predictive in both
sexes because the causal variants and the direction of their ef-
fects are shared, and the magnitude is correlated (Figure 1C,
third model). At the same time, in the sex for which genetic ef-
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fects are larger, the effect of the PGS is expected to be larger.
To evaluate evidence of the systematic amplification model,
we estimated PGSs based on our sex-specific GWASs and
examined their effect in both sexes. For some traits, like albumin
and lymphocyte percentage, the effects of the same PGS on trait
value in males and females were statistically indistinguishable
(Figures 2A, 2E, 21, and 2J). In a few other traits, such as diastolic
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blood pressure, the result was contingent on the sample in which
the PGS was estimated (Figures 2C, 2G, 2I, and 2J). However, for
roughly half of the traits examined, regardless of the sample from
which the PGS was derived, the effect of the PGS was predictive
in both sexes but significantly larger in one of the sexes (17 of 27
traits with t test p <0.05 using the PGS derived from the males
sample; 13 of 27 using the PGS derived from the females sam-
ple; Figures 2B, 2D, 2F, 2H, 2I, and 2J). These observations
are consistent with systematic amplification.

The results presented in Figures 1 and 2 suggested to us that
various modes of polygenic GxSex ought to be jointly evaluated.
None of the hypothesized rules of thumb (Figure 1C) for interpret-
ing genetic correlations and sex differences in heritability worked
across all traits (see also a relevant discussion in Khramtsova
et al.%). This motivated us to directly estimate the covariance be-
tween genetic effects in males and females. Another reason to
treat covariance of genetic effects themselves as the estimand
of interest is that multiple, distinct GxSex patterns may exist
across subsets of genetic factors affecting a trait, depending
on the pathways through which the subset acts, and whether
and how the pathways are sex contingent (Figure 1C, fourth
model).

Flexible model of sex-specific genetic effects as arising
from a mixture of covariance relationships

We set to directly infer the mixture of covariance relationships of
genetic effects among the sexes. We analyzed all traits in their
raw measurement units as provided by the UKB. In particular,
we did not normalize or standardize phenotypes within each
sex before performing the sex-stratified GWAS because sex dif-
ferences in trait variance may be partly due to ampilification.
Standardization would have therefore resulted in masking ampli-
fication signals that may exist in the data. In some cases, this is
indeed the purpose of standardization.** More generally, while
each scaling choice has it merits, we view the measurement
of genetic effects in their raw units as the most biologically
interpretable.

We used multivariate adaptive shrinkage (mash),*® a tool that
allows inference of genome-wide frequencies of genetic covari-
ance relationships. We model the marginal SNP effect estimates
as sampled (with SNP-specific, sex-specific noise) from a
mixture of zero-centered normal distributions with various pre-
specified covariance relationships (2 X 2 variance-covariance
matrices for male and female effects; Equation 1 in Urbut
et al.*®). Our pre-specified covariance matrices (“hypothesis
matrices”) span a wide array of amplification and correlation re-
lationships and use mash to estimate the mixture weights.
Loosely, these weights can be interpreted as the proportion of
variants that follow the pattern specified by the covariance ma-
trix (Figure 3A). Our covariance matrices ranged from —1 to 1
in between-sex correlation and 10 levels of relative magnitude
in females relative to males, including matrices corresponding
to no effect in one or both sexes (Figure S2).

We first focus on testosterone, for which previous research
sets the expectation for polygenic male-female covariance. In
terms of magnitude, the vast majority of effects should have
much greater effect in males. In terms of correlation, we expect
a class of genetic effects acting through largely independent and
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uncorrelated pathways alongside a class of effects via shared
pathways.® Independent pathways include the role of the hypo-
thalamic-pituitary-gonadal axis in male testosterone regulation
and the contrasting role of the adrenal gland in female testos-
terone production. Shared pathways involve sex hormone-bind-
ing globulin (SHBG), which decreases the amount of bioavailable
testosterone in males and females. As expected, we found that
mixture weights for testosterone concentrated on greater magni-
tudes in males and largely uncorrelated effects. Of the 32% total
weights on matrices with an effect in at least one sex, 98% of the
weights were placed on matrices representing larger effects in
males, including 20.4% (+0.7%) having male-specific effects
(Figures 3 and S5).

Amplification of genetic effects is the primary mode of
GxSex

The only trait of the 27 where a large fraction (> 10%) of non-
zero effects was negatively correlated was testosterone (17%).
Most effects were instead perfectly or near-perfectly correlated.
For example, diastolic blood pressure and eosinophil percent-
age had 66% (Figure 3B) and 68% (Data S8) of effects being
perfectly correlated, respectively. Overall, the low weights on
matrices representing negative correlation do not support
opposite directions of effects being a major mode of GxSex
(Figure S7).

In some traits, such as hemoglobin A1C or diastolic blood
pressure, previously considered non-sex specific because of
high genetic correlations between sexes and a concordance in
top GWAS hits, we find evidence of substantial GxSex through
amplification (Figures 3B and 3F).?>?® Furthermore, about half
(18 of 27) of the traits analyzed had the majority of weights placed
on greater effects in just one of the sexes (x axis in Figure 4A). For
instance, 92% of effects on BMI-adjusted waist:hip ratio were
greater in females, and 92% of effects on (right) arm fat-free
mass were greater in males. Both traits had mixture weights
concentrated on highly correlated effects (Figure 3). We
confirmed, using a simulation study, that this summary of sex-
biased amplification indeed captures sex differences in the
magnitude of genetic effects and that it is not due to differences
in the extent of estimation noise (e.g., variation in environmental
factors independent of genetic effects; Figures S5 and S6; STAR
Methods).

Across traits, the difference between the fraction of male-
larger effects and the fraction of female-larger effects correlates
strongly with male-to-female phenotypic variance ratio (Pearson
r=0.873, p =6 x 10~° after removing testosterone as an outlier;
Figure 4A). This observation is consistent with our hypothesis of
amplification leading to differences in genetic variance between
sexes, thereby contributing substantially to sex differences in
phenotypic variance. Together, these observations point to
amplification, rather than uncorrelated effects, as a primary
mode of polygenic GxSex.

Another important question about the implication of pervasive
amplification is whether it is a major driver of mean phenotypic
differences. The ratio between male and female phenotypic
means is correlated with the difference between male-larger
and female-larger ampilification (Pearsonr=0.75,p=2x10"° af-
ter removing testosterone and BMI-adjusted waist:hip ratio as

Cell Genomics 3, 100297, May 10, 2023 5
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Mixtures of covariance relationships
of genetic effects between males and females

Diastolic Blood Pressure

—— Magnitude ———

female > male female = male female < male

17% 7% 66%
14% 3% 29%
0% 1% 2%

1% 1% 4%
33% 12%
Calcium

female > male female = male female < male

8% 8% 21% - 18% 70%

A B
42% of genetic effects on diastolic blood pressure

are perfectly correlated, yet larger in females perfect
(7]
QD x1.5larger: 5% x2 larger: 9% x3 larger: 28% r
© S partial, 1%
GE, 2 , S % positive °
o— v 7 7 @
c =
= Y e 8 uncorrelated 0%
) Vi
O "/, 7/ \\
qq_) N t 200

1:1 ratio effect in males negaiive :

55%
(o Testosterone D
female > male female = male female < male

perfect 0% 0%

partial, o o o o o

positive 0% 0% 7% 7% 6%

uncorrelated

negative

perfect

partial,
positive

uncorrelated

negative

1% 0% 16% 17% 3%
2% 0% 98% 31%
(Right) arm fat-free mass F

female > male female = male female < male female >
2% 4% - 48% 6%

o% o% -48%

0% 0% 1% 1% 0%

1% 1% 1% 3% 2%

3% 5% 92% 10%

0%

0%

- 670/0 1 °/°

Figure 3. Polygenic covariance structure between males and females
(A) Our analysis of the polygenic covariance between males and females is based on sex-stratified GWASs. We modeled the sex-stratified GWAS estimates as
sampled with error from true effects arising from a mixture of possible covariance relationships between female and male genetic effects. As an example, shown
are illustrations for three possible relationships of the same qualitative nature—perfectly correlated effects that are also larger in females—and the mixture
weights estimated for each in the case of diastolic blood pressure.
(B-F) Each box shows the sum of weights placed on all covariance relationships of the same qualitative nature, as specified by relative magnitude (horizontal axis)
and correlation (vertical axis) between male and female effects. The full set of pre-specified covariance matrices is shown in Figure S2, and the weights placed on
each of them for each trait are shown in Data S1-27. All weights shown are percentages of non-null weights; i.e., the weight divided by the sum of all weights
except for the one corresponding to no effect in either sex.

outliers). Although this correlation is intriguing, within-sex GWAS
aims to explain individual differences from the mean of the sex,
and such GWAS results do not dictate the values of the sex

means. Further, the ratio of mean trait values between sexes correlations.
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and the difference in amplification are strongly correlated with
phenotypic variance ratios (Figure 4A; Figure S8; see also Karp
et al.®), and many different causal accounts could explain these
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Figure 4. Consequences of amplification
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responds to the degree of sex-biased amplifica-
tion as described in (A).
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Relative Prediction Accuracy (polygenic GxSex PGS : Additive PGS)

Finally, the pervasiveness of GxSex, alongside the mixture of
covariance relationships across the genome for many traits, may
be important to consider in phenotypic prediction. We compared
the prediction accuracy of PGSs that consider the polygenic
covariance structure with that of additive models that ignore
GxSex as well as models that include GxSex but do not consider
the polygenic covariance structure (supplemental information; Fig-
ure S12). Indeed, for most traits (20 of 27 traits; Figure 4B), models

lates the magnitude (and less often the
direction) of genetic effects and varies in
its distribution between the sexes. As an
example of such a cue, we considered
testosterone. Testosterone may be a
plausible instigator because the hormone is present in distinctive
pathways and levels between the sexes and is a known contrib-
utor to the development of male secondary characteristics and
therefore could modulate genetic causes on sex-differentiated
traits.

To test this idea, we first binned individuals of each sex by their
testosterone levels. Then, for each trait and within the bin, we
quantified the magnitude of total genetic effect as the linear
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regression coefficient of trait values to a PGS for the trait (STAR
Methods; see Figure S14 for results obtained using sex-specific
PGSs). For BMI, testosterone (mean per bin) and the magnitude
of genetic effect were correlated for males and females (Pearson
p < 0.05; Figure 5A). For all body mass-related traits, there was a
negative correlation between the magnitude of genetic effect
and testosterone levels for males and a positive correlation for
females (Figure 5B). Because the relationship with testosterone
remains contingent on sex, a model of testosterone as the sole
driver of the observed sex specificity would be invalid. These
observations may help explain previous reports of positive
correlations between obesity and free testosterone in women
and negative correlations in men.*® We conclude that, in body
mass-related traits, testosterone may be modulating genetic
effects in a sexually antagonistic manner.

We performed two additional analyses designed to control for
possible caveats to the association of testosterone and the
magnitude of polygenic effect. First, a test that controls for
possible confounding with age (Figure S16). Second, a test that
mitigates confounding with other variables or reverse causality
(where the magnitude of genetic effect affecting the focal trait
causally affecting testosterone levels; Figure S15). The evidence
of an effect of testosterone on the magnitude of polygenic effect
did not remain statistically significant in either of these tests. It is
possible, however, that this was due to the low statistical power
of these more conservative analyses (STAR Methods).

Are polygenic and environmental effects jointly
amplified?

Our results thus far suggest that polygenic amplification across
sexes is pervasive across traits and that the ratio of phenotypic
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r — Correlation between Testosterone Level and
Effect of Polygenic Score on Phenotype

on the magnitude of genetic effects act
on environmental effects as well (see
also a relevant discussion by Domingue
et al.”’). Consider the example of human
skeletal muscle. The impact of resistance exercise varies be-
tween males and females. Resistance exercise can be consid-
ered an environmental effect because it upregulates multiple
skeletal muscle genes present in males and females, such as in-
sulin growth factor 1 (IGF-1), which, in turn, is involved in muscle
growth.*® However, after resistance exercises at similar inten-
sities, upregulation of such genes is sustained in males, while
levels return sooner to the resting state in females (Figure S17).
It is plausible that modulators of the effect of IGF-1, such as in-
sulin*® or sex hormones,*®°" drive a difference in the magnitude
of effect of core genes such as IGF-1 in a sex-specific manner.
To express this intuition with a model: if amplification mecha-
nisms are shared, then amplification may be modeled as having
the same scalar multiplier effect on genetic and environmental
effects (Figure 6A). In the STAR Methods, we specify the details
of a null model of joint amplification, which yields the prediction
that the male-female ratio of genetic variances should equal the
respective ratio of environmental variances (blue line in Fig-
ure 6B). As we explain in the supplemental information, this
expectation is qualitatively different from those of two long-
standing “rule of thumb” predictions for sex differences in trait
variance®?: the “greater male variability” and “estrus-mediated
variability” models, which provide a poor fit across the 27
physiological traits analyzed (Figure S18B).

We tested the fit of the theoretical prediction under pervasive
joint amplification across traits. We used our estimates of sex-
specific phenotypic variance and SNP heritabilities to estimate
the ratios of genetic and environmental variances. We note
that environmental variance is proxied here by all trait variance
not due to additive genetic effects, and caution is advised with
interpretation of this proxy. Twenty of the 27 traits were
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Figure 6. Testing a model of pervasive, joint
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consistent with the null model of pervasive joint amplification
(within 90% confidence interval [Cl]; Figure 6B). This finding
may suggest a sharing of pathways between polygenic and envi-
ronmental effects for these traits (Figure 6A). Interesting excep-
tions include diastolic blood pressure, which was the strongest
outlier (p = 3.06 x 10~ '2, single-sample z test), excluding
testosterone.

Sexually antagonistic selection
A hypothesized cause of sexual dimorphism is sexually antago-
nistic selection, in which some alleles are beneficial in one sex
but deleterious in the other.""'? 145354 Sexually antagonistic se-
lection is difficult to study using traditional population genetics
methods because Mendelian inheritance equalizes autosomal
allele frequencies between the sexes at conception, thereby
erasing informative signals. One way around this limitation is to
examine allele frequency differences between the sexes in the
current generation, known as “selection in real time.”"'#°>°% |n
this section, we consider a model of sexually antagonistic selec-
tion acting on a polygenic trait and use it to estimate the strength
of contemporary viability selection acting on the 27 traits we
analyzed.

Most theoretical models of sexually antagonistic selection on
a trait under stabilizing selection usually posit either highly
distinct male and female fithess optima or genetic variants
affecting traits antagonistically. Our findings on pervasive
amplification suggest that variant effects on traits tend to
have concordant signs. However, under pervasive amplifica-
tion, a somewhat surprising intuition arises. Alleles affecting a
trait may frequently experience sexually antagonistic selection
in the case in which trait optima for males and females are
very distinct (Figure 7B) and for the case in which they are
similar (Figure 7A).

We developed a theoretical model of sexually antagonistic
viability selection on a single trait that builds on this intuition. The
model relates sex-specific effects on a complex trait to the diver-

gence in allele frequency between males

and females (measured as Fgr° ")

because of viability selection “in real
time”; i.e., acting in the current generation between conception
and the time of sampling. We derive the expected relationship
for each site J,

Fsri=AVassi, (Equation 1)

where

Viexsy; = 20:(1 — pi) (8] — ﬁ{)27

and p;, 87" and ﬁf are the allele frequency of an allele at site j, its
effect on the trait in males, and its effect in females, respectively.
A is a constant parameter shared across all variants and can
therefore be interpreted as the effect of sexually antagonistic se-
lection on male-female divergence at variants associated with
the trait (STAR Methods). We estimated Fgr; for all sites i across
subsamples of various ancestry groups in the gnomAD data-
set.”” To estimate V(as); at each site and for each trait, we
used our sex-stratified GWAS results. Because there is large het-
erogeneity in uncertainty of GxSex-genetic variance estimates,
we use a variance-weighted linear regression to estimate A
(see STAR Methods for the derivation of the variance of V(gys),
estimates and supplemental information for further details).

Recent work has shown that apparent sex differences in
autosomal allele frequencies within a sample are often due to a
bioinformatic artifact: mismapping of sequencing reads from au-
tosomes to sex chromosomes or vice versa.*>°%¢" We identified
and excluded sites that are potentially vulnerable to this artifact
(supplemental information). In Figure 7D, we only show results
for gnomAD subsamples that are the closest in their genetic
ancestry to our UKB sample® (results for other subsamples
are shown in Figures S19 and S20). Furthermore, given the
concerns of study recruitment biases,*>%° we place higher
confidence in results that replicate qualitatively across different
subsamples, even though we note that subsample-specific
selection signals may be real because sexually antagonistic
selection may act heterogeneously across groups.
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Figure 7. Testing for sexually antagonistic selection

(A and B) A model of sexually antagonistic selection. Selection coefficients, s, and s¢, are linear with the additive effect on the trait in each sex. Sexually
antagonistic selection acts sothats,, = — s¢. The model yields the prediction of Equation 1. While in (A), trait optima are close to each other and in (B) they are far
apart, in both cases alleles will tend to be antagonistically selected.

(legend continued on next page)

10 Cell Genomics 3, 100297, May 10, 2023



Cell Genomics

With these conservative criteria considered, we only find
evidence of sexually antagonistic polygenic selection on testos-
terone. In the non-Finnish sample, the largest of the three sam-
ples, the null hypothesis Hp : A = 0 in Equation 1 is rejected
(p < 0.05) only for testosterone (Z score = 2.2). Testosterone is
among the three strongest signals in the two other samples as
well, although none of the traits are statistically significant in
these samples.

DISCUSSION

Departing from previous studies that sought GxSex through sin-
gle loci or heritability analyses, we modeled GxSex as a mixture
of polygenic relationships across the genome. Our analysis sup-
ports pervasive context dependency of genetic effects on com-
plex traits, acting largely through amplification. Surprisingly,
even for some traits such as red blood cell count, previously
considered non-sex specific because of high genetic correla-
tions between sexes and a concordance in top GWAS hits, we
find evidence of substantial GxSex. The strong relationships
we find between amplification, environmental variance, and
phenotypic variance further point to its potential importance for
sex differences.

We have shown that considering the polygenic covariance
structure, including amplification signals, improves phenotypic
prediction for most traits. Its incorporation in PGSs is straightfor-
ward. We therefore recommend its broad application and further
building on our approach to improve clinical risk stratification
and other applications of PGSs.

Our findings may seem at odds with previous reports of
GxSex primarily consisting of sex-limited effects (i.e., no effect
in one of the sexes) or antagonistic effects (differences in
sign).®® In the supplemental information and Table S6, we illus-
trate that these apparent discrepancies may be rooted in
ascertainment biases. Therefore, limiting analyses to variants
with outsized sex differences provides a clouded picture of
polygenic GxSex.

Localization of GxSex signals can provide clues regarding the
modulators underlying amplification. Here, we proposed one
such modulator, testosterone, and found a correlation between
testosterone levels and the magnitude of genetic effect on whole
body fat mass. The opposite signs of these correlations in fe-
males and males may reflect the discrepant relationship be-
tween testosterone and these traits at the phenotypic level.

Our approach for studying GxSex in complex physiological
traits can be adopted to study the moderation of polygenic ef-
fects by other environments. Starting out with sex as an environ-
mental variable offers a methodological advantage. The study of
context dependency in humans is often complicated by
study participation biases, leading to a genetic ancestry struc-
ture that confounds genotype-phenotype associations,**°475¢
reverse causality between the phenotype and environment vari-
able, collider bias, gene-by-environment correlation, and other
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problems.®”° Focusing on sex as a case study circumvents
many of these “usual suspect” problems; for example, problems
involving the phenotype causally affecting sex are unlikely. This
is an important benchmark for future studies of environmental
modulation because of the methodological advantage of sex
as an environmental variable and because sex is almost always
measured; so insight into sex differences in genetic effects can
be incorporated straightforwardly in future studies and in clinical
risk prediction. Here, we showed that, for most of the traits
considered, modeling polygenic GxSex (as opposed to individu-
ally estimating sex-specific effects at each site; Figure S12)
yields sex-specific predictors that outperform standard additive
PGSs.

Finally, we developed a model—the first to our knowledge —
that considers how GxSex may fuel sexually antagonistic selec-
tion on complex traits. Over long evolutionary timescales, the
two scenarios depicted in Figures 7A and 7B may lead to
different predictions about the long-term maintenance of
GxSex genetic variance. Regardless, in both cases, alleles that
underlie GxSex may experience sexually antagonistic selection.

We found suggestive signals of sexually antagonistic selection
on variation associated with testosterone levels (also see related
results by Ruzicka et al.>®). The signal for our inference of selection
is systematic allele frequency differences between adult males and
females, which are consistent with contemporary viability selec-
tion. The severity, age of onset, and prevalence of nearly all dis-
eases are sexually dimorphic.”® These signals may therefore point
to a related disease that differentially affects lifespan in the two
sexes, such as immune system suppression, diabetes, cancers,
and hypertension.”""* Recently, high testosterone levels have
been linked to increased rates of mortality and cancer in women
but decreased rates in men.”>"® However, the testosterone result
is also consistent with other accounts, such as testosterone having
opposing effects on the propensity to participate in a study in the
two sexes. Further validation is therefore required to better test hy-
potheses of sexually antagonistic selection; for example, in studies
with no recruitment biases (or at least distinct recruitment biases).

In this work, we have shown that amplification of the magni-
tude of polygenic effects may be important to consider as a
driver of sex differences and their evolution. Our approach
included the flexible modeling of genetic effect covariance
among the sexes, as well as various subsequent analyses
exploring the implications of these covariance structures. We
hope this study can inform future work on the context specificity
of genetic effects on complex traits.

Limitations of the study

Study participation in large biobanks like the UKB differs by
sex,”” and work by Pirastu et al.?° further argued that allele fre-
quency differences between males and females may reflect
sex-specific recruitment biases. However, a recent study by
Benonisdottir and Kong*® found no evidence of sex-specific
genetic associations with UKB participation, and another by

(C) Two examples of the weighted least-squares linear regression performed to estimate the strength of sexually antagonistic selection on variants associated
with a trait (A in A and Equation 1). Each point shows one SNP. Size is proportional to each point’s regression weight.
(D) Z scores (90% non-parametric bootstrap Cl) estimated through 1,000 resampling iterations of the weighted linear regression of (B) for each trait. The two

colored estimates correspond to the examples in (B) and (C).
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Kasimatis et al.>® showed that many apparent associations of
autosomal genotypes and biological sex in the UKB were instead
primarily due to a bioinformatic artifact: mis-hybridization of
autosomal genotyping probes with sex chromosomes. Even still,
subtle recruitment biases affecting male and female participation
differently remains a possible caveat to our conclusions. For the
analysis of natural selection, the replication of signals of selec-
tion in multiple samples may lend some credence to our infer-
ence. Nevertheless, in medical datasets based on recruitment
of participants via referring physicians, recruitment biases may
still plausibly be shared across studies.

Another limitation of the study is the inability to directly test the
hypothesis about pervasive, joint amplification of genetic and
environmental effects. While the data available to us are consis-
tent with the hypothesis (Figures 6 and S19), they are also consis-
tent with other possible explanations and susceptible to caveats.
For example, our proxy for environmental variance includes, to an
unknown extent, genetic variance, which is not well tagged by the
UKB genotype array. Further study is required to robustly test this
hypothesis, but it may require detailed data on environmental
effects on a complex trait in females and males.

STARXMETHODS

Detailed methods are provided in the online version of this paper
and include the following:
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® RESOURCE AVAILABILITY
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O Data and code availability
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O Expectations for sex-specific heritabilities with no
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covariance
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Genotype and phenotype files and minor Bycroft et al., 2018"° https://www.ukbiobank.ac.uk/

allele frequencies from UK Biobank

1000 Genomes phase 3 (build 37) Auton et al., 2015 https://www.cog-genomics.org/plink/2.0/
resources#phase3_1kg

Sex-specific summary statistics This paper https://doi.org/10.5281/zenodo.7222725

Both-sex summary statistics This paper https://doi.org/10.5281/zenodo.7508246

LD Scores and weights Bulik-Sullivan et al., 2015°° https://alkesgroup.broadinstitute.org/
LDSCORE/

LD blocks Berisa and Pickrell, 2016"° https://doi.org/10.1093/bioinformatics/
btv546

Allele frequency data from gnomAD v3.1.2 Karczewski et al., 2020°° https://gnomad.broadinstitute.org/

Software and algorithms

R R Core Team https://www.R-project.org

plink v1.90 beta Purcell and Chang, 2021 https://www.cog-genomics.org/plink/

Plink v2.00 alpha Purcell and Chang, 2020 https://www.cog-genomics.org/plink/2.0/

LD Score Regression v1.0.1 Bulik-Sullivan et al. 2015 https://github.com/bulik/Idsc

Ensembl command line variant effect McLaren et al., 2016 https://github.com/Ensembl/ensembl-

predictor (VEP) v106 vep.git

mashr: Multivariate Adaptive Shrinkage in R Urbut et al., 2019*° https://github.com/stephenslab/mashr

VCFTools Danecek et al., 2011 https://vcftools.github.io/downloads.html

BLAST Camacho et al., 2009 https://blast.ncbi.nim.nih.gov/Blast.cgi

LiftOver Kent et al., 2002 https://genome.ucsc.edu/cgi-bin/
hgLiftOver

BLAT Kent, 2002 http://genome.ucsc.edu/cgi-bin/hgBlat

Custom code This study https://doi.org/10.5281/zenodo.7765067

RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources should be directed to and will be fulfilled by the lead contact, Arbel Harpak
(arbelharpak@utexas.edu).

Materials availability
This study did not generate new unique reagents.

Data and code availability
This study used genotype and phenotype data from the UK Biobank https://www.ukbiobank.ac.uk/.

Sex-specific and additive GWAS summary statistics are available at Zenodo: https://doi.org/10.5281/zenodo.7222725 and
https://doi.org/10.5281/zenodo.7508246 respectively, and are publicly available as of the data of publication. DOIls are listed in
the key resources table.

All original code has been deposited at https://github.com/harpak-lab/amplification_gxsex and Zenodo: https://doi.org/10.5281/
zenodo.7765067, and is publicly available as of the date of publication. DOls are listed in the key resources table.

Any additional information required to reanalyze the data reported in this paper is available from the lead contact upon request.
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METHOD DETAILS

UK Biobank sample characteristics
The UK Biobank is an extensive database that contains a wide variety of phenotypic and genotypic information of around half a million
participants aged 40-69 at recruitment.”®

In this study, we considered 337,111 individuals who passed quality control (QC) checks, which included the removal of samples
identified by the UK Biobank with sex chromosome aneuploidy or self-reported sex differing from sex determined from genotyping
analysis. We excluded related individuals (3™-degree relatives or closer) as identified by the UK Biobank in data field 22020. To
reduce potential population structure confounding, we further limited our sample to individuals identified by the UK Biobank as
“White British” in data field 22006. These are individuals who both self-identified as White and as British and were additionally
very tightly clustered in the genetic principal component space.”®®° Individuals who had withdrawn from the UK Biobank by the
time of this study were removed. For each phenotype, we also removed individuals who had missing data for the specified pheno-
type. These procedures left us with between 255,426 to 336,551 individuals in the analysis for each trait.

Expectations for sex-specific heritabilities with no GxSex
In the section “The limited scope of analyzing GxSex via heritability differences and genetic correlations,” we report our observation
that, for most traits examined, sex-specific heritabilities (i.e., estimated independently from sex-stratified GWAS) were both higher
than the heritability in the combined sample. Here, we explain why this observation is inconsistent with a simple model in which
genetic effects are the same across the sexes.

Under a simple additive model of variance in a trait Y within each sex Z,

Var[Y|Z] = Var|G|Z] + Var[E|Z], (Equation 2)
where Y, G, E represent the trait value, additive effect, and environmental effect (including all non-genetic context aside from sex),
respectively. Under this model, the sex-specific heritability h2 is

2 Var|G|Z]

2 = Var|G|Z] + Var[E|Z] (Equation 3)

Therefore, sex differences in heritability are either due to sex differences in genetic variance, in environmental variance, or both. If
genetic effects are equal, differences in environmental variance alone could cause heritability differences (Figure 1C, first model). But
as we show below, the heritability in the combined sample cannot be smaller than both sex-specific heritabilities.

We assume as before that allele frequencies are highly similar between males and females. Since genetic effects are equal, this
implies

Var|G|Z = m]=Var|G|Z = f].
For the environmental variance, we have that
Var[E] = Ez[Var[E|Z]] + Varz[E[E|Z]] = Ez[Var|E|Z]]+0 = P(Z = m)Var[E|Z = m|+P(Z = f)Var|[E|Z = f] < m{aﬁ}Var[E|Z = z].
ze {m,
(Equation 4)

The first equality follows from the law of total variance. In the second equality, we have assumed that there are no mean sex dif-
ferences in the environmental effects (or, in practice in our analysis and as routine in other analyses, that mean phenotypic sex dif-
ferences have been subtracted out), giving

E[E|Z = m] = E[E|Z = f] = EE].
Equation 4 shows that the combined environmental variance cannot be greater than the larger of the two sex-specific environ-

mental variances. It follows that if the genetic variance is equal in both sexes, then the heritability in the combined sample cannot
be smaller than both of the sex-specific heritabilities,

Var|G| Var|G] ) _

2 _ _ )

= Var([G] + Var[E] ~ Var[G] + max Var(E|Z] zgmﬂhz' (Equation 5)
zZe {m,

Multivariate adaptive shrinkage (mash)

We used multivariate adaptive shrinkage (mash) to examine correlation and differences in magnitude of SNP effects between males
and females.*® mash is an adaptive shrinkage method®' that improves upon previous methods of estimating and comparing effects
across multiple conditions by flexibly allowing for a mixture of effect covariance patterns between conditions and requiring only
summary statistics from each condition (including a point estimate of the effect and corresponding standard error for each SNP
and condition). The method adapts to patterns of sparsity, sharing, and correlation among the conditions to compute improved effect
estimates.
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In this study, we set two conditions, male and female, and provided effect estimates and corresponding standard errors from
our male-specific and female-specific GWAS. mash learns from the data by estimating mixture proportions of various predefined
covariance matrices representing different patterns in effects. Using maximum likelihood, mash assigns low weights to matrices
that capture fewer patterns in the data, and higher weights to those that capture more.

Mixture weights for covariance structure between male and female effects
To interpret patterns of SNP effects between males and females, we inputted 66 hypothesis-based covariance matrices (Figure S2)
spanning a range of correlations and relative magnitudes of effects between males and females. We used a random subset of all
SNPs for mash to learn the covariance mixture weights. In order for the random subset to contain approximately independent
SNPs and capture the weight of SNPs with no effect (Figure S2), we created a subset of SNPs for each trait by taking a random
SNP from each of 1703 approximately independent LD blocks estimated for Europeans.”® mash can also generate data-driven
covariance matrices that capture SNP effects in the data, but we did not use this feature since the data-driven matrices had negligible
differences from our hypothesized matrices (in terms of / 2 norm) and were less interpretable.

For each trait, we repeat this weight-learning step 100 times, sampling the SNPs from the 1703 LD blocks without replacement to fit
the mash model and generate mixture proportions. We then take the average proportion for each covariance matrix as an estimate of
its weight, effectively treating each of the 100 samples as i.i.d. draws.

Choice of SNPs used to estimate male-female effect covariance

We examined the effect of using a random subset taken from different p-value thresholds [1, 5e-2, 1e-5, 5e-8] while selecting from LD
blocks. By doing so, we can examine differences in the distribution of weights across the p-value thresholds. We performed this test
on height, BMI, testosterone, and BMI-adjusted waist:hip ratio. For each trait, weight placed on the no-effect matrix decreased as we
reduced the p-value threshold (Figure S4A). Patterns of weights for non-null effect matrices varied across the traits (Figures S4B and
S4C). Since mash considers the proportion of null effects and sex-specific, SNP-specific noise; together with the fact that for com-
plex traits, less significant associations may still reflect valuable signal, we decided on using the whole set of SNPs to sample from
when estimating mixture proportions.

Simulating equal genetic effects and heterogeneous estimation noise among the sexes

To ensure that mash was not mistaking sex differences in estimation noise (e.g. via differences in the extent of environmental vari-
ance) to be differences in the magnitude of genetic effects, we performed a simulation study. In short, samples of males and females
were generated under the model given by Equation 2. Genetic effects were set as equal, but the environmental variance differed
among the sexes. We then perform a GWAS on both samples and input the simulated GWAS results into mash, and test whether
the estimated mixture weights spuriously suggest the presence of GxSex. We performed this simulation on a grid of parameters,
including heritabilities in males set to either 5% or 50%, female to male environmental variance ratio of 1, 1.5 or 5; and 100, 1,000
or 10,000 causal SNPs.

First, we created a sample of 300K individuals with randomly assigned sex. We then sampled genotypes for all individuals consist-
ing of 20K SNPs by sampling from the observed distribution of allele frequencies from UK Biobank’s imputed data,®* assuming link-
age equilibrium. From the 20K SNPs, we portioned out the predetermined number of causal SNPs and assigned effect sizes by sam-
pling from a Standard Normal distribution. We set the environmental variance for males using the equation

_ Var[GZ =m](1 — h?) (i;)ﬁ?2pf(1 - p,-)) (1 - h2)

VarlE|Z =m]: = e = P (Equation 6)
m m

where Var[E||Z = m]is the simulated environmental variance for males, G|Z = m is the genetic effect in a male, h2, is the heritability in
males and §; and p; are the effect size and allele frequency at site i, which are equal for males and females. We multiplied
Var[E||Z = m] by the predetermined environmental variance ratio to obtain the environmental variance for females Var[E||Z = f].
Afterwards, for each individual j with sex z;, we sampled the environmental effect E; as

Ej ~ N(0,Var[E|Z = z].
Phenotypes were then set using the following additive model,
yi =Y Bxi+E (Equation 7)
i=0
where y; is the phenotypic value for individual j and x; is the number of effect allele copies at the /' causal SNP for the ;i individual.

With the phenotype, genotype and environmental effect set, we obtained the estimated effect sizes, {3,}, using least squares simple
linear regression for all 20K SNPs and used the estimated effect sizes and corresponding standard errors as input into mash.
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For nearly all parameters, out of the weights on matrices other than the null matrix, the vast majority was placed on the matrix for
perfect correlation, equal magnitude (Figure S5). As the number of causal SNPs increased, the weight on the no-effect covariance
matrix decreased accordingly. These results suggest that mash was not grossly mistaking differences in environmental variance as
amplification.

Simulating sex-biased amplification

To evaluate whether mash accurately captures sex-biased amplification of genetic effects (a measure we have used in the x-axis of
Figures 4A and 4B), we followed the same simulation procedure described in the Section “Simulating equal genetic effects and het-
erogeneous estimation noise among the sexes”. However, instead of using equal genetic effects in males and females, we sampled
genetic effects from pre-specified covariance matrices (Figure S6 left-hand panel). We set the female to male environmental variance
ratio as 1.2 and the heritability as 0.5. We generated data from (A) a model in which all genetic effects are sampled from a matrix where
male and female effects are equal, (B) a model in which 86% of the genetic effects are sampled from a matrix where effects between
the sexes are equal, and 14% of the effects are sampled from a matrix where the female effect size magnitude is 4 times that of males,
and (C) a model in which 86% of effects are sampled from a matrix where effects between sexes are equal, and 14% of effects are
sampled from a matrix of only female-specific effects. After simulating sex-specific GWAS on the three models, we input the results
into mash to estimate mixture weights. We repeated this simulation procedure 100 times for each model.

For model (A), the equal effect matrix received 78% of the weight, and the difference between male-larger and female-larger
magnitude was 1% (Figure S6). For model (B), 67 % of the weight was placed on the matrix for equal effects. The weight difference
between male-larger and female-larger magnitude was 13%. In model (C), 69% of the weight was on the matrix for equal effects, and
the difference between male-larger and female-larger magnitude was 16%. These simulation results therefore suggest some
overestimation of the proportion of SNPs with magnitude differences. However, the measure of “sex-biased amplification” matched
that of the pre-specified generative models up to an error of 2%. Therefore, the simulations suggest that “sex-biased amplification” is
measured accurately in our estimation procedure.

Testosterone as an amplifier

We tested a model of testosterone as a modulator of magnitude differences in males and females. We first split individuals by sex and
for each sex, created 10 bins of testosterone levels. We adjusted one of the 10 bins to have testosterone levels overlap between
males and females. The overlapping testosterone bin was based on fewer individuals (~800) compared to the other bins (~2200).
For each trait, each of the sexes, and within each bin, we performed a simple linear regression of trait values to the PGS for the trait
(using a PGS based on both-sex summary statistics (supplemental information)). We interpret the estimated coefficient for the effect
of the PGS as a proxy for the magnitude of polygenic effect. Finally, we summarized the relationship between testosterone level and
magnitude of polygenic effect across bins using the Pearson correlation between the two.

To mitigate the possible effects of confounding (of testosterone and magnitude of polygenic effect) or reverse causation
(the magnitude of polygenic effect on the focal trait causally affecting testosterone levels) we employed a version of Mendelian
Randomization®®%* of the same analysis (Figure S15). Namely, we replaced testosterone levels of each individual with their PGS
for testosterone. Here, given the near-zero genetic correlation between males and females, we used our sex-specific PGS for
each sex; otherwise, the analysis is unchanged.

We also examined whether participants’ age may have confounded the relationship between testosterone and polygenic effect. In
this analysis, instead of using the polygenic effect as the response variable across bins, we used the polygenic effect residualized for
mean age in the bin and examined the effect of an individual’s polygenic score on the residual (Figure S16).

Model of shared amplification
Here, we suggest a null model in which amplification is shared between genetic and environmental effects. We then suggest a pre-
diction that the model yields and explain how we tested this prediction across traits (Figure 6).

If an amplifier is shared, it may be modeled as having the same scalar multiplier effect on genetic and environmental effects.
Consider the within-sex additive model of Equation 1 in the section “The limited scope of analyzing GxSex via heritability differences
and genetic correlations” above. For a phenotype value Y; in sex ze {m,f}

Y, = c+G,+E,, (Equation 8)
Where c is a constant, E; is the environmental effect and

G, = Y xif (Equation 9)

site i

is the polygenic effect where g7 is the effect of an allele at site i (say the minor allele) in sex Z and x; is the number of copies of the allele.
We assume here for simplicity that male genetic effects relate to female effects solely through a shared polygenic amplification con-
stant, a,

B = bl Vi; a>0. (Equation 10)
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Allele frequencies are once again assumed to be close to equal between males and females, since due to random segregation of
alleles during meiosis, genotype frequencies at autosomal sites are independent of sex; and further assuming no substantial
interaction between genotype and sex affecting participation in UKB.**> Consequently, differences in polygenic effect distributions
between males and females are solely based on GxSex, and thus:

Var[G,) = o«®Var[Gy]. (Equation 11)
The model we would like to test is one where the amplification of environmental effects can also be simplified to the same scalar
multiplier,
E, = aF;,and VarlE,] = o?Var|E]. (Equation 12)
Hence, with equal amplification,

Var|Gn,] _ Var[Ey]
Var[G;] ~ Var|E]

(Equation 13)

To test the model of shared amplification between environmental and polygenic effects (Equation 8) we obtained the genetic and
environmental variance for males and females based on the following relationships,

Var|G,] = h?Varl|Y,] (Equation 14)
and
VarlE;] = (1 — h?)Var[Yy), (Equation 15)

where Var|G;],Var|E;], and Var|G;] are the additive genetic, environmental, and phenotype variances, respectively. Estimates of the
sex-specific heritabilities, h2, were obtained from previous estimates using LD Score Regression (supplemental information).

Representing male genetic or environmental variance as x, and the corresponding female variance as y, we derived standard errors
for the ratio of male to female variance using the 2"-order Taylor approximation for the standard error of a ratio of estimators of x
and y,

o o 3 = =~ o =12 ~2

SE L% = 4/ Var E% = i)ﬂ Va@ +VarAb;] - ZCOAV[XLy }z)—i\/ SEE] +SEE/] (Equation 16)
EvI\ Ex? " Ep?  EXED] v\ &y

assuming independence between X and y since they are statistics of independent sampling distributions (independent samples of

males and females). The standard errors of the genetic and environmental variance were estimated using the law of total variance for
a product of two random variables. For @ and b, unbiased estimators of the two parameters a and b, respectively, we get

SE[ab] = \/35[5]235[5}2+E[§}2SE[E]2 +E[b]*SE[a]°.

Plugging in the point estimate & for £[a] = a and the point estimate b for Elb] = b,

SE[ab] = \/35[51255[5}2+5235[5}2+§ SE[a)%. (Equation 17)

In this case, a represents the phenotypic variance for a sex, Var[Y,], and b represents either h? for estimation of genetic variance or
(1 — h2) for estimation of environmental variance. Lastly, to obtain the standard error of the phenotypic variance, we used 100 boot-
strapped samples Var([Y;]; of estimates of the phenotypic variance in sex z,

100 2
N 3. (varlY], - Var[Y.])
SE@l = \ 455 7

Finally, for each trait, we estimated Z, the ratio of the two male-female ratios (environmental and genetic, y and x axes in Figure 6,
respectively), and its standard error, SE[Z], using the same method as in Equation 16. Under the null hypothesis of equal environ-
mental and genetic amplification (Equation 8),

Ho : E[Z] = O, (Equation 18)
where
Z-1
SE[Z)”

In Figure 6, we approximated 90% confidence intervals on Z by treating it as a Z score, i.e., further treating Z as a Standard Normal.
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A model of sexually antagonistic selection

We developed a model relating sex differences in additive effects on a trait at a biallelic locus (G, and ;) and divergence in allele
frequencies. Our model resembles that of Cheng and Kirkpatrick'* who developed a similar model relating allele-frequency differ-
ences and sex bias in gene expression. In short, we modeled sexually antagonistic, post-conception viability selection on a focal
complex trait. We assumed allele frequencies in adult males, p,,, and adult females, py, are at equilibrium, i.e. do not change in
consecutive generations. Under these conditions, we derive the relationship

Fst=AVaxsex,

where Fsr° is the fixation index with respect to the male and female subpopulations, i.e., the proportion of heterozygosity in the pop-
ulation that is due to allelic divergence between the sexes. Vigysex is defined as

Vaxsex : = 2p(1 = P)(Bm — B5)7, (Equation 19)

where p is the allele frequency in zygotes. A is a parameter that, importantly, is shared across all variants affecting the trait and can be
thought of as the intensity of sexually antagonistic selection acting on genetic variation for the trait in question.
In our model, allele frequencies at the autosomal locus are assumed to be equal in males and female zygotes. Fsr at adulthood
takes the form
_ oA\ 2
Var,lp,) _ E[p2] —P° _ Ph+P; — (*3*)° _ (pm — po)?

Fsr: = (1 —p) = p(1 — D) p(1 —p) ~ 4p(1 —p)’

(Equation 20)

where

— _ PmtpPs
P =5

If we further assume a near-1:1 sex ratio such that p=p,
2
For= . (Equation 21)

Sexually antagonistic selection acting on viability will cause divergence in allele frequencies between adult males and females. We
write the relative viabilities of the homozygote for the reference allele, the heterozygote and the homozygote for the effect allele as
1::1+d,S;::1+S, foreach sexze {m,f}. The selection coefficient S, and dominance coefficient d, can be frequency-dependent, in
which case these coefficients take their values at equilibrium. We can write the additive selection coefficient of the effect allele as

sz = [p+ (1 - 2p)d,]S;. (Equation 22)

Assuming that zygotes are at Hardy-Weinberg equilibrium, the allele frequency in each sex at adulthood is
p: =p+p(1 — p)sz, (Equation 23)
where we neglected terms of order 3585. Plugging Equation 23 into Equation 21, the divergence between males and females post-

selection is
1

Fsr =Zp(1 —pP)(Sm — sf)z. (Equation 24)
We model the strength of viability selection acting on males and females as linear with the additive effect on a focal trait in each sex,
S; = a6, (Equation 25)

and recalling the simplifying assumption that allele frequencies are at equilibrium under sexually antagonistic viability selection at the
locus, such that selection favoring an allele in one sex is balanced by selection against that allele in the other sex,

St = — Spm. (Equation 26)
If 8,, = B, then Equation 24 simplifies to
a? )
Fsr =p(1 - p)(@B;)* = FVe. (Equation 27)
where
Ve = 2p(1 — p)Bs. (Equation 28)

is the additive genetic variance. However, when g,, does not strictly equal 3¢, Equation 25, 26 together imply

Cell Genomics 3, 100297, May 10, 2023 e6




¢? CellPress Cell Genomics

OPEN ACCESS

Sm Sm

B + B¢ am  ar ar — am .
4+ B = o — = (8, — = ' — Br)- Equation 29
Bm + B - (Bm — Br) g (Bm — Br) arta, (Bm — 6¢) (Eq )

Finally, using Equation 25,

1 .

Sm — S¢ = amﬁm - afﬁf = E[(am + af)(ﬁm - ﬁf) + (am - af)(ﬂm + ﬂf)]a (Equatlon 30)
which together with Equation 29 gives

1 an — ar)ar — an, 2a,a .

S 5r = 3 [(@m va) + a:i(a; )} (b = 1) = 5y 5 (B = B1): (Equation 31)

We denote the heritability due to GxSex at the locus as Vigxsex :=2p(1 —p)(Bm — ﬁf)z and the parameter relating this contribution
to the differentiation in allele frequencies as

amar \°
A = 2( m ) , (Equation 32)
am +as
and plugging Equation 31 into Equation 24, we get
Fst=AVixsex- (Equation 33)

as given by Equation 1 in the section “sexually antagonistic selection.”

Estimating the potential for sexually antagonistic selection on standing variation (A)
For each trait and gnomAD subsample (supplemental information), we estimated A using weighted least squares linear regression of
our estimate of Fsr (Fsr) to our estimate of Viysex (VGxSex): with weight w inversely proportional to our site-specific estimate of noise
in the estimate of Vigysex,
w = % (Equation 34)
Var[VGxSex]

To simplify the estimation of Var[\?exsex], we treated the allele frequency p as perfectly estimated, and as independent of the allele
frequency in the GWAS sample—as different data are used in the GWAS (UK Biobank) and in the allele frequency estimation (gno-
mAD). Under these assumptions,

Var(Vuse] = Var[2p(1 ~ p)D?] = [2p(1 — p)PVar((B, — B,)]. (Equation 35)
and thus the task at hand is estimating Var[(ﬁm — @)2]. Using the law of total variance,
Var[(Bm — Ef)z] = Var [Egm [(Em - Ef)z‘/ﬁ\f:” +E; [VarEm [(Em - Ef)Z‘EfH. (Equation 36)
We begin with the argument of the first term,
Ex [(Bm — BiY|B] = E; [ — 2BmBs + B [Bi] = 1, + 0% — 2umby + By (Equation 37)
where we denote
w, = E[B,]; 0? = Var[B,] (Equation 38)

for each sex ze {m, f}. Plugging Equation 37 into the first term of Equation 36,

Vargf [Egm [(Em - E,«)Z‘Efﬂ Var;f [y + o] + Var;f [Ef ~ 2upBy]

(Equation 39)

~2 ~ ~2 ~ ~2 o~
0+ VarE, [8; — 2umBy] = Var;f (6] +4Vargf [,u,,,/@,]—4,u,,,Cov§f (8, 8],

where the first and second step follow from the fact that u2, + ¢2, is a constant. We can take note of the fact that Bz is Normally distrib-
uted around g,, and in particular that it has no skewness. Therefore,

Covs [8,.8.] = E[B;] — EIBJE[B]] = (1 + 3u0? + 7,0%) — (i + 02) = 2u,0?, (Equation 40)
where v, = 0 is the skewness of BZ. We can also note that

Var, [B;] = Vars [(e.b.+ )] (Equation 41)
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where we defined

bz= BZ_,uz7

0z

and therefore b, is a Standard Normal and therefore b2 is Chi-squared with one degree of freedom. Equation 41 now gives

Var, [8,] = Var; o262 + 20.u.5,]

= Var; [02bZ] + Var(20.u,b;] + Cov[a2b?, 2041, ] (Equation 42)
= Var[bZ]o; + 4Varlb,|ule? + 0 = 207 + 4ula2.
Plugging Equations 40 and 42 into Equation 39, we find
Var [E;m [(Em - E,)Z‘B,H = 20 + 4p20? + At o? — B0, (Equation 43)

We now turn to the second term of Equation 36. First,

VarE [(Bm - /ﬁ\f)z‘ﬁf] = Vaf[ﬁ,zn + ZBmEfl/ﬁ\f]
m (Equation 44)
~2 ~2

= Var[B5] + 402.8; — 4B,Cov[Bm, B

Equations 40 and 42 again give us

PN > ~ |
Vargm [(6’" - ﬁf)z‘ﬁf} = 20}, + 4yl oy, + 4056, — 8upnas by, (Equation 45)

which then gives
E [Vafgm [(& — 302]3,“ = 20y, + dup,05, + 405 (07 + uf) — Bumusas,. (Equation 46)

Plugging Equations 43 and 46 into Equation 36, we obtain
Var((Bm — 8] =

Equation 47
= 2(0% + o%) + 4020? + A(RR2 + i202) + A(o2u + 02u2) — Bumits (o2 + 02). (Eq )

Finally, we estimate w, with the GWAS-derived point estimate of the effect Ez and g, with its standard error, 7, = [EZ}. Plugging
back into Equation 35, we obtain

252

VarlVese] = 2001 — P)R[2(3% + %) + 45262 + 4(Bor02, + Boo?) + 4(628. + 628.) — 8BnB:(3 + 32)].  (Equation 48)

Using Equation 33, we estimate Fs; with the estimator

Fa = E, (Equation 49)
dst
where
N = (Pm — Pr)° — SE(Pm)® — SE(pr)?, (Equation 50)

dy = 4p(1 — B) — SE(pm)® — SE(pr)°.
and noting that
_ Ejng _ (Pm = p0)? = Var(py) + Var(o,) + E{SE(p)* | + E|SE(51)’]

E[Fg] = = — — = Fat, (Equation 51)
Eldd]  4p(1 — p) + Var(pn)® +Var(p:)* — E{SE(pn)’] ~ E[SE(5/)’]

where in the first equality we approximated the expectation of a ratio with the ratio of expectations. Therefore, Equation 49 provides
an approximately unbiased estimator of Fs; despite the absence of genotype frequencies.

To perform this estimation of A on the GWAS and F; data, we used paired v and Vgysex points for all sites which passed all previous
stages of filtering. Weights were set by Equation 34 and follow Equation 48 where Em and Ef are the GWAS effect estimates as above,
and o, and o are the GWAS standard errors (SE) estimates for the effect size of each site per trait.
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To minimize the possibility of LD between sites used in the analysis as much as possible, we used the approximately independent
LD blocks in Europeans’® as in Section “Mixture weights for covariance structure between male and female effects”. Namely, we
subdivided the genome into 1703 approximately independent LD blocks as before. We iterated over the 1703 blocks and sampling
one site per block in a given iteration, using a sample of (up to) 1703 post-filtering sites to perform the weighted linear regression of
Fst on Vgxsex- The slope of this regression was used as an estimate of A. We perform this estimation procedure 1,000 times and take
an average of Z scores (slope point estimates divided by their SE) as the final estimate of A. In each replicate, we sample with replace-
ment m LD blocks from the m LD blocks which had at least one site within them post-filtering (supplemental information); we then
sample one site per resampled block. In Figure 7D, each point is the mean of the 1,000 samples of one site per LD block and
90% confidence intervals show the range between the 5th and 95th percentile of 10,000 bootstrap re-samplings of 1,000 samples,
calculating a new mean for each bootstrap.

In the main text, we focus on the results performed this estimation for Ashkenazi Jewish, Finnish, and Non-Finnish European pop-
ulations as the other ancestry group-stratified subsamples in gnomAD are further diverged from the UKB White British sample and
therefore our GWAS estimates are expected to be less portable.®*®° We also performed a similar analysis using UKB data to measure
differentiation in allele frequencies between males and females, rather than an independent dataset (gnomAD) as in the main text.
Since individual level data was available in this case, we replaced Fg with Lsr, a measure developed by Ruzicka et al.®® Ly can
be thought of as site-specific Fg; controlled for major axes of population structure differentiating males and females (Figure S20).
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