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Abstract

Genetic association results are often interpreted with the assumption that study participation

does not affect downstream analyses. Understanding the genetic basis of participation bias

is challenging as it requires genotypes of unseen individuals. Here we demonstrate that it is
possible to estimate comparative biases by performing a genome-wide association study (GWAS)
contrasting one subgroup versus another. For example, we show that sex exhibits artefactual
autosomal heritability in the presence of sex-differential participation bias. By performing a
GWAS of sex in ~3.3 million males and females, we identify over 158 autosomal loci spuriously
associated with sex and highlight complex traits underpinning differences in study participation
between sexes. For example, the body mass index-increasing allele at /70 was observed at higher
frequency in males compared to females (OR 1.02, A= 4.4 x 1073%). Finally, we demonstrate
how these biases can potentially lead to incorrect inferences in downstream analyses and propose
a conceptual framework for addressing such biases. Our findings highlight a new challenge that
genetic studies may face as sample sizes continue to grow.

Individuals who enroll in research studies or who purchase direct-to-consumer genetic

tests are often non-representative of the general populationl:2:3. For example, the UK
Biobank study invited ~9 million individuals and achieved an overall participation rate of
5.45%*. Enrolled individuals demonstrate an obvious ‘healthy volunteer bias’, with lower
rates of obesity, smoking and self-reported health conditions than the population sampling
frame?. Achieving good representation of the sampled population in any study is a difficult
challenge. Some examples do exist, such as the iPSYCH study, which gathered a random
population sample by extracting DNA from a nationwide routine collection of neonatal dried
blood spots and linkage to national register data®. The benefits of good representation have
been long debated®7:8:9, Many researchers argue that non-representative studies can bias
prevalence estimates but do not lead to substantial bias in exposure-disease associations10-11,
Deliberately non-representative study designs can also be valuable, for example by enriching
for cases who carry more disease-causing alleles in a case-control study to maximize the
power to detect genetic effects!?.
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There is recent evidence that genetic factors are associated with degree of study
engagement!3.14.15_ For example, within a study, individuals with high genetic risk for
schizophrenia are less likely to complete health questionnaires, attend clinical assessments
and continue to actively participate in follow-up than those with lower genetic risk13-16, |t
remains unclear to what extent genetic factors influence initial study enrollment, or what are
the downstream consequences of such bias, although previous simulations have attempted
to quantify this bias'’. We hypothesised that study participation bias can be identified by
performing a GWAS on a non-heritable trait. Given that there are no known biological
mechanisms that can give rise to autosomal allele frequency differences between sexes at
conception, any allele frequency difference between sexes highlights an impact of that locus
on sex-differential survival or sex-differential study participation. Another way to describe
this concept is, if any trait leads males and females to differentially participate in a study,
we would observe artefactual associations between variants associated with that trait and
sex (see Box 1 and Extended Data Fig. 1). Therefore, an autosomal GWAS of sex provides
a unique negative control analysis for genetic association testing, and may provide novel
insights into the factors that underlie non-representative study participationl8.

Here we report the results from such a GWAS of sex, performed in ~3.3 million genotyped
individuals. We identify more than 150 independent autosomal signals significantly
associated with sex, highlighting several complex traits that contribute to sex-differential
study participation. Furthermore, we demonstrate the potential impact of such bias on
association testing and discuss a conceptual framework to address this issue.

We performed a GWAS of sex (females coded as 1, males coded as 0) in 2,462,132 research
participants from 23andMe using standard quality control procedures (Supplementary Note).
We identified 158 independent genome-wide significant (P< 5 x 10°8) autosomal signals,
indicating genetic variants that show significant allele frequency differences between sexes
in this sample (Fig. 1 and Supplementary Table 1).

Technical artefacts do not explain autosomal associations with sex

Additional conservative quality control procedures were performed to exclude any
significant signals that might be caused by technical error (Supplementary Note). The most
obvious reason for a false-positive association with sex is that the autosomal genotype
array probe cross-hybridizes with a sex chromosome sequence. This issue has impacted
similar previously published studies. For example, a GWAS in 8,842 South Korean males
and females identified nine genetic variants strongly associated with sex!®. The authors
attributed their findings to biological mechanisms determining sex-selection; however, all
of those nine associated variants are located within autosomal regions with significant
homology to a sex chromosome sequence.

To evaluate the impact of this issue in our own data, we first identified directly genotyped
variants that were both genome-wide significantly associated with sex and in LD (r2 > 0.1)
with one of our imputed top signals (7= 78; Supplementary Table 2). We then tested for sex
chromosome homology with the genomic sequence (+/- 50bp) surrounding each genotyped
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variant, and found that one quarter (18/78) of our signals were potentially attributable to
this technical issue. We further excluded additional loci due to low allele frequency (MAF
< 5%), significant departure from Hardy-Weinberg equilibrium (P < 1 x 10-%) and/or low
genotyping call rate (< 98%). Despite these very stringent filters, 49/78 directly genotyped
genome-wide significant signals remained. These data suggest that the majority of signals
that we identify represent true allele frequency differences between the sampled male and
female participants in 23andMe, rather than genotyping errors.

Survival bias does not explain autosomal associations with sex

We next explored whether the observed signals for sex might arise due to sex-differential
effects on mortality. To evaluate this, we repeated the GWAS of sex but restricted the sample
to individuals aged 30 years or younger (7= 320,487), under the assumption that effects

due to sex-differential mortality are less likely in younger than older age groups. While the
substantially smaller sample size weakened the statistical significance of the signals, the
magnitudes of effect across most signals remained consistent (Extended Data Fig. 2), with
no significant difference in effect size observed for any of the 158 loci (Supplementary Table
3).

Participation bias results in autosomal associations with sex

We next explored the hypothesis that many signals for sex that act by influencing sex-
differential study participation rates may show markedly different associations with sex

by study recruitment design (whereas effects due to sex-differential mortality would be
consistent between studies). We therefore repeated the GWAS of sex in four additional
studies (UK Biobank, FinnGen, Biobank Japan and iPSYCH,; total 7= 847,266) that

varied by study recruitment design. As in 23andMe, UK Biobank required active participant
engagement, albeit following a very different sampling and recruitment process. By contrast,
FinnGen, Biobank Japan and iPSYCH required more passive participant involvement with
no or little study engagement, as samples were collected from routine biospecimens or
during clinical visits. We observed significant heritability of sex only in the studies that
required more active participation (/2 on liability scale = 3.0% (P = 3 x 10"127) and 2.3%
(P=2x 1014, in 23andMe and UK Biobank, respectively), while no significant heritability
was detected in the three more passive studies (Fig. 2 and Supplementary Table 4).

iPSYCH, in particular, showed the lowest heritability estimate, consistent with its study
design that retrieved routinely collected neonatal dried blood spots from a random sample
of individuals born between 1981 and 2005 who were alive and resident in Denmark on
their first birthday, thus minimizing both participation and survival bias. In aggregate, these
findings suggest that many autosomal signals for sex represent underlying mechanisms
that influence sex-differential study participation rather than sex-differential pre-sampling
mortality. We do not preclude the possibility that a small number of loci might influence
sex-differential survival /n7 utero, which should be explored in future studies.

To demonstrate the statistical basis of our observed sex-differential participation bias, we
simulated a phenotype that is uncorrelated with sex and has a heritability of 30% in 350,000
individuals, half males and half females (Fig. 3a). Under different sampling scenarios,
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we found that sex becomes significantly heritable on autosomes if study participation is
dependent on the phenotype in a sex-differential manner (Fig. 3b). In the presence of

this bias, autosomal variants associated with the phenotype are also associated with sex

in a dose-response manner. As a consequence, Mendelian randomization (MR) analysis
would wrongly identify a causal relationship between the phenotype and sex (Fig. 3c). An
alternative explanation for our findings is that sex is a causal factor for the phenotype that
influences study participation (Extended Data Fig. 1a) or that both sex and the phenotype
drive participation independently (Extended Data Fig. 1b); however, we show using both
real data and simulations that these models are less likely (see Supplementary Note).

Genetic analyses reveal determinants of sex-differential participation bias

We then systematically tested complex traits for evidence of a shared genetic architecture
with sex-differential participation bias in UK Biobank and 23andMe. By analyzing summary
data from 4,155 publicly available GWASs20, we showed that sex-associated signals

are enriched for pleiotropic associations (P < 2 x 10-16; Chi-square test comparing sex-
associated SNPs vs. all SNPs); half of the genome-wide significant imputed signals for sex
were associated with at least one complex trait, and one-fifth were associated with five or
more traits (Supplementary Table 5). Genetically correlated traits spanned a diverse range

of health outcomes, including blood pressure, type 2 diabetes, anthropometry, bone mineral
density, autoimmune disease, personality traits and psychiatric diseases.

Genome-wide autosomal correlation analyses with 38 health and behavioral traits
highlighted 22 significant associations with sex in 23andMe and 5 in UK Biobank (Fig.

4 and Supplementary Table 6). We noted that the genetic signals for sex overlapped only
partially between 23andMe and UK Biobank (75 = 0.50, P=4 x 10-34), which was reflected
in several trait-specific study discordant associations. For example, higher educational
attainment was associated with female sex in UK Biobank (7, = 0.25, P=7 x 1012),

while the opposite direction of association was observed in 23andMe (7, =-0.31, =9 x
1081, This finding demonstrates that the determinants of sex-differential participation bias
may vary substantially between studies.

A notable autosomal signal for sex was at the obesity-associated ~70 locus, where the
body mass index (BMI)-increasing allele was observed in 23andMe at higher frequency

in males compared to females (rs10468280, OR 1.02 (1.02-1.03), P= 4.4 x 10-36;
Supplementary Table 1). The same direction and magnitude of effect at the #70 locus

was also observed in UK Biobank (OR 1.02 (1.01-1.03), 2= 3.6 x 107°), and subsequent
Mendelian randomization analyses supported a causal effect of BMI on sex in both 23andMe
and UK Biobank (Supplementary Table 7). We note however that there was considerable
heterogeneity in the dose-response relationship between genome-wide significant BMI
variants and sex, and it remains unclear how genetically higher BMI leads to sex-differential
study participation. Intriguingly, the genetic correlation between BMI and sex, which
leverages the entirety of the genetic associations and not only genome-wide significant
variants, was discordant between UK Biobank (7, =-0.13, P=2x 10%) and 23andMe (rg
=0.10, P=9 x 10'8), and this difference between studies appeared attributable to negative
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confounding by educational attainment (Supplementary Table 7). These results reinforce the
need for caution when inferring causality from genetic correlations.

Traditional approaches to identify study participation bias compare the distribution of a
phenotype in the study with that of a representative population. Using this approach,

we confirmed our genetic inference that the difference in education level between UK
Biobank participants and UK census data was larger in females than in males (Fig. 5a
and Supplementary Table 8). Such greater differential participation by education among
females can also be observed, without the need for census data, by comparing the
distribution of polygenic scores for education between males vs. females. If we had a
completely representative sample, we would not expect any differences in the distribution
of the polygenic score for educational attainment between males and females (i.e. all

the differences in measured educational attainment between the two sexes are expected
to be due to environmental factors). Any difference in the polygenic score distribution
needs therefore to be explained by selection acting on educational attainment that is either
determined by sex or it has occurred differentially between men and women.

To test this hypothesis, we used data from the SSGAC consortium?L, which did not include
UK Biobank or 23andMe, and constructed a polygenic score for educational attainment. We
first examined iPSYCH, where we do not expect participation bias, and indeed we saw no
significant differences in the distribution of the polygenic score for educational attainment
between males and females (P=0.78). In UK Biobank, the mean polygenic score was
higher in females than in males (P= 7 x 10-23; £test), consistent with the census data
comparison. We note that, opposite to the polygenic score, the reported education level in
UK Biobank is significantly higher in males compared to females (P= 1 x 10-113; £test)
(Fig. 5b). Therefore, on its own, the distribution of the phenotype among study participants
does not inform the direction and degree of sex-differential participation bias.

Educational attainment is one of few traits for which representative data are available, via
the UK census. For other traits, where such information is not collected, genetic analysis in
the form of polygenic scores provides a unique opportunity to identify novel sex-differential
determinants of study participation.

Sex-differential participant bias can influence downstream genetic analyses

Next, we illustrated the potential effects of sex-differential participation bias on
downstream genetic analyses using simulated and empirical data (Extended Data Figs. 34,
Supplementary Figs. 2-5, Supplementary Note, and Supplementary Tables 9 and 10).

First, we performed simulation analyses to demonstrate that this bias can lead to spurious
genetic correlations between two traits by exacerbating or attenuating the effects of
overall participation bias (Extended Data Fig. 3). Furthermore, it can lead to an incorrect
causal inference (in Mendelian randomization analyses) between two phenotypes in a sex-
differential manner (Extended Data Fig. 4). For example, Censin and colleagues recently
described sex differences in the causal effect of BMI on cardiometabolic outcomes in

UK Biobank?2. They concluded that the magnitude of increase in risk for type 2 diabetes
(T2D) due to obesity differs between males and females. We attempted to confirm their
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results in light of our observations and found that their findings were likely biased due to
reasons other than sex-differential participation bias (see Supplementary Note). However, we
demonstrate through simulation analyses that sex-differential participation bias could indeed
lead to incorrect inferences in such Mendelian randomization analyses (Supplementary
Table 10). With only modest BMI-related sex-differential participation bias, we saw artificial
sex differences in the association between a BMI genetic score and T2D and, in the most
extreme sampling parameters, the direction of sex difference was swapped, with BMI
genetic score-T2D effect estimates ranging from ORmaje = 2.71 and ORfemale = 3.49 t0
ORmale = 3.86 and ORfemale = 2.61. These results highlight the challenges of performing and
interpreting sex-specific analyses in studies where the exposure variable may be influenced
by sex differences in participation bias.

Second, in a scenario where sex-differential participation exists, adjusting for sex as a
covariate in a GWAS could bias effect estimates of any genetic analysis (Supplementary
Fig. 3). To explore this possibility, we performed 565 GWASs of heritable traits in the UK
Biobank and estimated the genetic correlation between each trait with and without inclusion
of sex as a covariate. The results were highly consistent (Supplementary Fig. 4) between

the two models, with sizable differences (indicated by lower genetic correlations) observed
only for highly sex-differentiated traits (e.g. testosterone levels). Importantly, sex-differential
participation bias did not impact the genetic correlation between males and females for each
phenotype (Supplementary Fig. 5). We caution that, although inclusion of sex as covariate
did not seem to impact most traits in these analyses, this issue might lead to significant
differences between models as sample sizes continue to grow.

Discussion

Most large-scale biobank studies are not designed to achieve cohorts who are accurately
representative of the general population2324.25.26.27.28 | ack of representation is not per-se
problematic if this is considered when interpreting study findings®. Here, we show an
example of how sex-differential study participation bias could lead to spurious associations
and ultimately incorrect biological inferences. In practice, the impact of differential
participation bias on genetic results is hard to tease apart for most traits. We used sex,
which provides a robust negative control as it has no autosomal determinants, to identify
determinants of study participation bias that differentially impact males and females.

We demonstrate that sex-differential participation bias results in sex showing spurious
heritability on the autosomes and being genetically correlated with the complex traits
that underlie such bias. This is of importance for studies such as iPSYCH that focus

on psychiatric disorders and traits strongly associated with gender such as, e.g., autism,
ADHD, and depression, but the implications generalize to many other risk factors and
phenotypes. For example, alleles genome-wide significantly associated with higher BMI
are under-represented in females compared to males in both UK Biobank and 23andMe.
This suggests that females with higher genetic susceptibility to obesity are less likely to
participate in studies than their male equivalents (or that genetically lean males are more
likely to), although the mechanism by which genetically determined BMI influences non-
participation is unclear. These sex-differential biases may also have directionally opposite
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effects between studies—alleles associated with higher educational attainment were under-
represented in 23andMe females but over-represented in UK Biobank females. While

these results reflect differences in participation between men and women, we do not yet
understand the mechanisms by which differences in BMI or education lead to differential
participation between sexes. This may be due to clinical, social or cultural factors that

lead to changes in the perception or expectations of individuals when deciding to engage

in research studies. Our results are consistent with the larger effect—and larger bias—
observed for the association between sex and cardiovascular mortality when UK Biobank is
compared to a representative health survey2. We conclude that sex-differential participation
can induce false sex-differential associations (or obscure true associations) and complicate
the study of health disparities between males and females.

While study design and participant recruitment strategy are the most likely factors
influencing participation bias, we showed that both novel and existing methods can be
applied to reduce the impact of such bias. Inverse-probability-of-sampling-weighted (IPW)
regression has been applied to achieve unbiased estimates from analyses of case-control
data39-31, Dudbridge, Mahmoud and colleagues32:33 proposed a correction for selection that
occurs when performing case-only analyses. However, the same technique can correct for
selection that is conditioned on any trait as long as GWAS can be performed on it. We
propose two additional conceptual frameworks and show how they can be implemented

in genomicSEMS34, First, we developed an application of Heckman correction for genetic
data. Heckman correction3® is commonly used in econometrics to correct for the association
between an exposure X and outcome Y when the outcome is observed only in study
participants and thus is subject to participation bias. The intuition behind Heckman
correction is that the predicted probability of study participation (S) can be used to adjust the
association between Y and X.

Second, we propose a novel method that is based on the following intuition: the magnitude
of participation bias introduced between X and Y under selection is proportional to their
effects on the probability of study participation (S). By specifying a model where the bias
and the effect that introduces the bias are forced through a single path, the correct genetic
correlation between Y and X can be retrieved from the GWAS of Y and X in the selected
samples and S. This method, unlike Heckman correction, does not require the predicted
probability of study participation, but instead a GWAS of participating individuals vs. the
population is sufficient. Details of both of these methods are provided in the Supplementary
Note.

While we validated the two approaches via simulations (Supplementary Table 11), future
work is needed to apply these methods to examples in real data. The biggest challenge

to the implementation of both approaches to bias correction is that they require unbiased
estimates of allele frequencies in the target population. The generation of such information,
for example by establishing a “census of human genetic variation”, should be the primary
focus of future activities in this area. Some extremely large genomic databases exist, such as
gnomAD36. However, these are unlikely to be representative due to inclusion of data from
studies with a wide range of designs and settings. Where legislation allows, designs such as
used by iPSYCH could be implemented®. The iPSYCH study has already shown the value
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of generating accurate population-based estimates of rare copy number variants3’. Future
studies could valuably inform population allele frequencies using neonatal dried blood
spots in a manner that protects anonymity, while significantly strengthening the inferences
derived from other larger non-representative studies. Such an approach would be necessary
to implement the bias correction frameworks proposed above.

In summary, we demonstrate that genetic analyses can uniquely profile the complex traits
and behaviors that contribute to participation bias in epidemiological studies. We hope
that future studies will build on these findings to create resources and tools that more
systematically identify and correct for broader forms of participation bias and their effects
on genetic association results.

Methods
Contributing cohorts GWAS

Genome wide association was conducted in five different cohorts (23andMe, UK Biobank,
iPSYCH, FinnGen and Biobank Japan) for a total of 3,309,398 samples (1,747,070 female
and 1,562,328 male). Detailed cohort description, recruitment and genotyping information
can be found in the Supplementary Note. For all GWAS analyses, females were coded as 1
and males as 0.

Identification of independent loci and additional QC of results from 23andMe

To evaluate whether our sex-associated genome-wide significant signals were attributable to
technical artefacts, we embarked in additional quality controls. First, we used the FUMA
v1.3.5d pipeline*? to identify independent loci. In particular, we used pre-calculated LD
(linkage disequilibrium) structure based on the European 1000 Genome panel to identify
genome-wide significant SNPs independent from each other at 72 < 0.6. If LD blocks of
independent significant SNPs are located close to each other (< 250 kb based on the most
right and left SNPs from each LD block), they are merged into one genomic locus. FUMA
also identifies independent /ead SNPs within a locus if they are independent of each other at
r2<0.1. Each genomic locus can thus contain multiple independent significant SNPs and
lead SNPs. This approach resulted in 158 loci, which are reported in Supplementary Table 1.

For each locus, we identified one directly genotyped SNP with £< 5 x 10, This resulted
in 78 SNPs since not all loci had a genome-wide significant directly genotyped SNP.

We extracted 50 bp upstream and downstream of each SNP using h19 reference genome
and the R function getSeq from the package BSgenome 1.58.0. We chose 50 bp as

this is the probe length on the Illumina Global Screening array. We used BLAT v.407
(https://genome.ucsc.edu/cgi-bin/hgBlat?command=start) to search each extracted sequence
vs. the human genome. We considered only matches on chromosome X and Y with 95%

or greater similarity. We also considered stricter quality control metrics: Hardy-Weinberg
disequilibrium P> 1 x 106, MAF > 5%, and call rate > 98%.

All downstream analyses looking at the aggregate effect of variants across the genome were
done using all the variants that passed cohort-specific quality controls without considering
the strict quality controls thresholds described above.
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Pleiotropy analysis

To test the relevance of our sex-associated signals with other traits, we used the results
from the analysis of Watanabe et al.20, which considered GWAS results from 4,155
publicly available GWASs. For each locus, we counted the number of associated traits
and categorized as 0, 1, 2, 3, 4, or 5+. These results can be obtained by combining results
from Supplementary Table 4 of Watanabe et al. together with all the SNPs tested for
pleiotropy, which are available here: https://github.com/dsgelab/genobias. We then used a
chi-square test to compare the count distribution for the number SNPs that were genome-
wide significantly associated with sex vs. all SNPs considered by Watanabe et al.

Extracting results from the GWAS catalogue

We considered the most significant SNP for each of the 158 genome-wide significant loci
and extracted all the SNPs in LD (r2 > 0.2 and distance < 500 Mb). To extract these SNPs,
we used the R implementation of LDproxy (https://ldlink.nci.nih.gov/?tab=Idproxy) and
used an LD reference panel from 1000 Genomes Europeans. To identify traits significantly
associated with these proxy SNPs, we interrogated the GWAS catalog®3 using the R package
gwascat v. 2.22.0. The GWAS catalogue was extracted on 2 December 2019. We only
considered reported association with <5 x 108 and extracted the EFO terms.

Comparison of full GWAS sample vs. individuals < 30 years old in 23andMe

To identify loci significantly associated with sex in individuals younger than 30 years old
at recruitment, we used the same pipeline described above (“ldentification of independent
loci and additional QC of results from 23andMe”). To assess the difference in effect sizes
between the two analyses, we used the following test:

1
o el T %< 30

. Wall <30

all vs < 30 1 1 1 1 .
—+ 5 — 2% 5 * cti
Wall W< 30 Wall W< 30

where wyy; = /N g Where Ny is the sample size and w . 30 = /N < 30 where Nc3g is the full

sample size for the people younger than 30. zscores Z,;and z <3q are obtained from the
corresponding GWAS results, and ct/is the intercept from the LD-score genetic correlation
between the two analyses. We can obtain zscores for the difference between the two
analyses reweighted by the corresponding sample size to allow for differences in sample
sizes between the two analyses. The test is analogous to the test for a sum of zstatistics
forms dependent GWAS as presented in Baselmans et al.** and Jansen et al.*°, and similar to
the method used by Nolte et al.46.

In order to test whether sample overlap would affect our results, we derived the expected
z-scores for the GWAS run without the samples with age < 30. This was estimated as:

2 2
Zall\/w>30+W<30—Z<30w<30

w> 30

Z>30=
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where Zz3pis the expected zscore in people older than 30, and Ws3p= /N — N < 30.

Differences tested between the >30 and <30 datasets showed no difference with the ones
observed in the overall dataset.

Heritability estimation of sex

We used LD-score regression?” to estimate the proportion of variance in liability to sex at
birth that could be explained by the aggregated effect of the SNPs. The method is based

on the idea that an estimated SNP effect includes the effects of all SNPs in LD with that
SNP. On average, a SNP that tags many other SNPs will have a higher probability of
tagging a causal variant than a SNP that tags few other SNPs. Accordingly, for polygenic
traits, SNPs with a higher LD-score have on average stronger effect sizes than SNPs with
lower LD-scores. When regressing the effect size obtained from the GWAS against the
LD-score for each SNP, the slope of the regression line gives an estimate of the proportion of
variance accounted for by all analyzed SNPs. We included 1,217,312 SNPs (those available
in the HapMap3 reference panel). We used stratified LD-score regression, including LD and
frequency annotation, similar to what is used by Gazal et al.*8 since this has been shown to
reduce bias in heritability estimation?9:50,

Since sex is a dichotomous trait whose frequency changes across studies, we have
transformed the observed heritability 43 into liability scale »7 using the following formula®®:

5 RK( - K))?
| =5

h
P(1 — P)z2

where K'is the prevalence of sex in the population (50%), Pis the proportion of females in
the study and z s the height of the normal curve corresponding to the prevalence of sex in
the population.

For estimation of heritability in Japan Biobank, we used a LD-score reference panel based
on East Asian participants in 1000 Genomes.

Genetic correlations

We used cross-trait LD-score regression to estimate the genetic covariation between traits
using GWAS summary statistics28. The genetic covariance is estimated using the slope from
the regression of the product of zscores from two GWAS studies on the LD-score. The
estimate obtained from this method represents the genetic correlation between the two traits
based on all polygenic effects captured by SNPs. Standard LD-scores were used as provided
by Bulik-Sullivan et al.52 based on the 1000 Genomes reference set, restricted to European
populations.

The decision of which summary statistics to include in the genetic correlation analysis was
taken before analyzing the data by consensus across the authors of the paper.
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Mendelian randomization analysis and genomicSEM regression for BMI and sex

We tested for possible causal effects of BMI on sex, induced by sex-differential participation
bias, in both 23andMe and UK Biobank through Mendelian randomization. As instruments
for the exposure, we used the 97 index SNPs associated with BMI reported by Locke

and colleagues®3. We tested different methods (MR Egger, Weighted median, Inverse
variance weighted, Simple mode, Weighted mode) as implemented in the R package
TwoSampleMR>4,

We then further investigate whether the discordance in genetic correlations between BMI
and sex in UK Biobank (r,=-0.13, =2 x 104) and 23andMe (7, = 0.10, #= 9 x 108)

is due to a confounding effect of educational attainment. By using the respective GWAS
summary statistics, we fitted the following multiple regression model in genomicSEM34 to
estimate the genetic correlation between BMI and sex controlling for educational attainment:

sex=p1BMI+ pEA +¢€
BMI = f3EA +¢

Results for both analyses are reported in Supplementary Table 7.

Generation of genetic scores for educational attainment

We used summary statistics for a GWAS of years of education?!, which did not include UK
Biobank and 23andMe, to construct the polygenic score. This score was generated using
PRSice v.2.0°°. Briefly, PRSice performs a pruning (distance = 250 kb and r2 = 0.1)

and thresholding approach. We then selected the AP-value threshold that maximizes the 72
between the score and educational attainment in UK Biobank (£=0.195, 7 gyps = 39,014).
The polygenic score was only constructed for a subset of the UK Biobank containing white-
British unrelated individuals (7= 361,501) as described here: https://github.com/Nealelab/
UK _Biobank_ GWAS

We constructed the polygenic score on the dataset including both males and females and
then we compared whether the average polygenic score differed between males and females
using a *test. Next, we compared the average years of education in the same dataset.

We recorded the education level variable in UK Biobank (“6138”) into years of education
following the approach used by the SSGAC consortium: 1 = 20 years; 2 = 15 years; 3 = 13
years; 4 = 12 years; 5 = 19 years; 6 = 17 years; -7 = 6 years; -3 = missing. We then tested for
significant differences in education between males and females using a £test.

Census data analysis

We obtained information about educational attainment from the UK Census from

the year 2011. Data were extracted from the Office for National Statistics: https://
www.nomisweb.co.uk/census/2011. We coded the qualification level collected in the census
to match the corresponding levels in UK Biobank:

Census—No qualifications => 1
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Level 1 qualifications => 2
Level 2 qualifications => 3
Apprenticeship => 4
Level 3 qualifications => 5
Level 4 qualifications and above: 6

Other qualifications => NA

UK Biobank—1: College or University degree => 6

2: A levels/AS levels or equivalent => 5

3: O levels/GCSEs or equivalent => 2.5

4: CSEs or equivalent => 2.5

5: NVQ or HND or HNC or equivalent => 6

6: Other professional qualifications eg: nursing, teaching => 6
-7: None of the above => 1

-3: Prefer not to answer => NA

Information from the 2011 census was grouped by three age bins (35-49, 50-64,

65+), sex and Middle Layer Super Output Area (MSOA) regions from England and
Wales. In total, 6,050 MSOA regions with at least one UK Biobank participant were
included. To map each individual to an MSOA region, we used the home location
coordinates (variables 22702 and 22704) with the moving date that was closest to

2011. We then used the spv.1.4-5 R package (overfunction) to map the coordinates

to the MSOA region coordinates obtained from https://census.mimas.ac.uk/dataset/2011-
census-geography-boundaries-middle-layer-super-output-areas-and-intermediate-zones-7. To
estimate the average education level, separately in men and women in UK Biobank and in
the census, we use the svydesign function from the survey v. 4.0 R package. This function
implements different types of sampling designs and, in this analysis, we used a stratified
sampling design with three strata: age, sex, and MSOA region.
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Extended Data

A.

X

g

SEX X SEX
ax - ax -

Extended Data Fig. 1. Different participation bias scenariosthat may lead to a correlation
between sex and genetic variants.

S, selection (that is participation in the study); X, trait; Gx, genotype causing X. The
assumed causal paths are shown in blue, and the induced correlations are shown in red.
Three scenarios exist in which sex can become heritable due to selection. a, Sex causes X
which in turn causes selection. b, X and sex influence the selection independently. ¢, The
effect of X on selection is different between the two sexes. This is the scenario discussed in
the paper. We have run simulations (Supplementary Fig. 3) and scenarios aand b are less
likely to be observed because the effect of the trait on selection would need to be extremely
large.
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Extended Data Fig. 2. Effect size for association between SNPs and sex in 23andMe.
On the y~axis is the effect in the entire study population (7= 2,462,132), and on the x-axis

is the effect only among those younger than 30 years (/7= 320,366). Error bars represent the
confidence intervals for the effect size estimates.
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Extended Data Fig. 3. Effect of sex-differential participation biason the genetic correlation

between y0 and y1 when the phenotypes haveh2 =0.1 or h2 =0.3.

Each line represents a different degree of participation bias, expressed as the odds ratio
(OR) used for the sampling. The higher the OR, the higher the degree of participation bias.
The x-axis represents different values for the parameter A that gives the sex-differential
effect. The smaller kis, the higher is the degree of the sex-differential effect. Under no
partecipation bias or sex-differential effect yO and y1 have a genetic correlation equal to 0.
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Extended Data Fig. 4. Effects of sex differential bias on the BM1—T2D relationship.
The forest plot shows the effect of sampling men and women differentially based on BMI.

The x-axis represents different values of bias introduced. For higher values, heavier males
and leaner women are randomly picked. The number on top of the segment represents the
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P-value of the difference in effect between the two sexes using the zscore method. The

bias becomes large enough to be detected as ‘significant’ even at the lower values of bias
applied. The straight lines represent the effect of BMI on T2D estimated without any sample
selection.
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Box 1

Participation bias: Participation—also called “selection” or “sampling”—xbias is
observed when participation in a study is not random3832 with respect to the reference
population. Participation bias can impact prevalence estimates and results in biased
association estimates. This latter phenomenon is caused because participation bias acts as
a “collider”.

Collider bias: If two variables independently cause a third variable (the collider), then
conditioning on the collider (i.e. conditioning on study participation) can cause a spurious
association between the two variables#0. In Extended Data Figure 1, we draw three path
diagrams representing different types of participation bias.

Sex-differential participation bias: Sex-differential participation bias is a special case
of participation bias where the determinants of study participation affect women and
men to differing extents. While participation bias can be detected only if information
on non-participating individuals is available, sex-differential participation bias can be
detected by comparing genetic allele frequencies between males and females within a
study.
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Fig. 1. Manhattan plot for a GWAS of sex in 2,462,132 participants from 23andMe.
The plot reports all identified loci, including those filtered by the extremely stringent quality
control applied to directly genotyped SNPs.

Nat Genet. Author manuscript; available in PMC 2021 September 09.



s1duosnuBIA Joyiny sispund DN edoin3 ¢

s1dLIOSNUBIA JoLINY sispund DN 8doin3 ¢

Pirastu et al. Page 27

UK Biobank
(245,351/206,951) FinnGen
(86,694/64,137)
"\ X ’/
E K. .

- J
(31,012/34,879)

BioBank Japan
23andM (82,464/95,778)
andMe
(1,301,549/1,160,583)
Study participation
P=28x10"% »
0.03 | - * P=76x10
) . Active
(‘5” P=23x10""
E’ 0.02 - 1 T . Passive
- -
£ P=0.066
o ® :
T
L 0.01 - JrR
@ P=0.49
o
0 + ?P= 0.5
Y 1
T T T Y
23andMe BioBank Japan FinnGen UK Biobank iPSYCH Meta-analysis

Fig. 2. SNP heritability on the liability scale for sex across five studies.
Samples sizes were as follows: 23andMe, n=2,462,132; BioBank Japan, n=178,242;

FinnGen, n=150,831; UK Biobank, n=452,302; iPSYCH, n=65,891. The error

bars represent the confidence interval for the SNP heritability estimate. For each study,

we report in parentheses the number of females and males included in the analysis.

Studies characterized by “active’ participation are shown in red, and studies with ‘passive’
participation are shown in blue. iPSYCH heritability is negative and therefore set to 0.
Definitions of ‘active’ and ‘passive’ are ad hoc for this study and encompass heterogeneous
enrollment strategies and consent modalities.
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Fig. 3. lllustration of the concept and consequences of sex-differential participation bias.
a, Schematic representation of sex-differential participation bias. Because males and females

distribute differently for a certain trait in the selected study population, variants associated
with the trait become associated with sex.

b, Heritability of sex increases as a function of sex-differential participation bias expressed
as the percentage of males and females above the median of the phenotype included in the
study (n7=350,000). If there is no bias, this value is 50% for both males and females. The
dots represent the SNP effect size; the error bars represent the confidence intervals for the
heritability estimate.

¢, Variants associated with the phenotype are also associated with sex in a dose-dependent
manner. MR would indicate a causal relationship between sex and phenotype. In this
study, we considered only variants that were genome-wide significantly associated with
the phenotype in the fourth scenario of b (39%, 61%). The dots represent the SNP effect
size; the error bars represent the confidence intervals for the SNP effect size.
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and 23andMe.

Only correlations that were significant in at least one of the two studies are highlighted.
The dots represent the genetic correlation estimates; the error bars represent the confidence
intervals.
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Fig. 5. PSdistribution highlights sex-differential participation by educational level in the UK

Biobank.

a, Comparing the highest educational level between the 2011 England and Wales census
data (red, n=29,492,209) with the UK Biobank (blue, 7= 411,845). We only considered
regional census districts with at least one UK Biobank participant. The difference (4) in

the average educational level between males and females is higher in the general population
than in participants in the UK Biobank. The dots represent the mean taking into account the
sampling design; the error bars represent the confidence intervals. No confidence intervals
were considered for the census data because the entire population was included.
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b, PS for EA was significantly higher in females (7= 194,282) compared to males (/7=
167,219) in the UK Biobank, whereas the number of years of schooling was higher in males
(two-sided ttest). The dots represent the mean value; the error bars represent the s.d.
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