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Abstract

Fields as diverse as human genetics and sociology are increasingly using polygenic scores based
on genome-wide association studies (GWAS) for phenotypic prediction. However, recent work
has shown that polygenic scores have limited portability across groups of different genetic
ancestries, restricting the contexts in which they can be used reliably and potentially creating
serious inequities in future clinical applications. Using the UK Biobank data, we demonstrate
that even within a single ancestry group (i.e., when there are negligible differences in linkage
disequilibrium or in causal alleles frequencies), the prediction accuracy of polygenic scores can
depend on characteristics such as the socio-economic status, age or sex of the individuals in
which the GWAS and the prediction were conducted, as well as on the GWAS design. Our
findings highlight both the complexities of interpreting polygenic scores and underappreciated

obstacles to their broad use.


mailto:mp3284@columbia.edu
mailto:hsm2137@columbia.edu
mailto:hsm2137@columbia.edu

31

32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61

Introduction

Genome-wide association studies (GWAS) have now been conducted for thousands of human
complex traits, revealing that the genetic architecture is almost always highly polygenic, i.e., that
the bulk of the heritable variation is due to thousands of genetic variants, each with tiny marginal
effects (Boyle, Li, and Pritchard 2017; Bulik-Sullivan et al. 2015). These findings make it
difficult to interpret the molecular basis for variation in a trait, but they lend themselves more
immediately to another use: phenotypic prediction. Under the assumption that alleles act
additively, a “polygenic score” (PGS) can be created by summing the effects of the alleles
carried by an individual; this score can then be used to predict that individual’s phenotype
(Henderson 1984; Hayes and Goddard 2001; Kathiresan et al. 2008; Lynch and Walsh 1998). For
highly heritable traits, such scores already provide informative predictions in some contexts: for
example, prediction accuracies are 24.4% for height (using R? as a measure) (Yengo et al. 2018)

and up to 13% for educational attainment (using incremental R?) (Lee et al. 2018).

This genomic approach to phenotypic prediction has been rapidly adopted in three distinct fields.
In human genetics, PGS have been shown to help identify individuals that are more likely to be
at risk of diseases such as breast cancer and cardiovascular disease (Khera et al. 2018; Inouye et
al. 2018; Mavaddat et al. 2019; Khera et al. 2019). Based on these findings, a number of papers
have advocated that PGS be adopted in designing clinical studies, and by clinicians as additional
risk factors to consider in treating patients (Torkamani, Wineinger, and Topol 2018; Khera et al.
2018). In human evolutionary genetics, several lines of evidence suggest that adaptation may
often take the form of shifts in the optimum of a polygenic phenotype and hence act jointly on
the many variants that influence the phenotype (Pritchard and Di Rienzo 2010; Berg and Coop
2014; Hoellinger, Pennings, and Hermisson 2019; Sella and Barton 2019). In this context, the
goal is to test whether the set of variants that influence a trait are rapidly evolving across
populations or over time (Field et al. 2016; Berg et al. 2019; Uricchio et al. 2019; Edge and Coop
2019; Racimo, Berg, and Pickrell 2018; Berg and Coop 2014). Finally, in various disciplines of
the social sciences, PGS are increasingly used to distinguish environmental from genetic sources
of variability (Conley 2016), as well as to understand how genetic variation among individuals

may cause heterogeneous treatment effects when studying how an environmental influence (e.g.,
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a schooling reform) affects an outcome (such as BMI) (Barcellos, Carvalho, and Turley 2018;
Davies et al. 2018). In all these applications, the premise is that PGS will “port” well across
groups—that is that they remain predictive not only in samples very similar to the ones in which

the GWAS was conducted, but also in other sets of individuals (henceforth “prediction sets”).

As recent papers have highlighted, however, PGS are not as predictive in individuals whose
genetic ancestry differs substantially from the ancestry of individuals in the original GWAS
(reviewed in Martin et al. 2019). As one illustration, PGS calculated in the UK Biobank predict
phenotypes of individuals sampled in the UK Biobank better than those of individuals sampled in
the BioBank Japan Project: for instance, the incremental R? for height is approximately 11% in
the UK versus 3% in Japan (Martin et al. 2019). Similarly, using PGS based on Europeans and
European-Americans, the largest educational attainment GWAS to date (“EA3”) reported an
incremental R? of 10.6% for European-Americans but only 1.6% for African-Americans (Lee et

al. 2018).

To date, such observations have been discussed mainly in terms of population genetic factors that
reduce portability (Martin et al. 2017; Kim et al. 2018; Duncan et al. 2018; Francisco and
Bustamante 2018; Sirugo, Williams, and Tishkoff 2019; Martin et al. 2019). Notably, GWAS
does not pinpoint causal variants, but instead implicates a set of possible causal variants that lie
in close physical proximity in the genome. The estimated effect of a given SNP depends on the
extent of linkage disequilibrium (LD) with the causal sites (Pritchard and Przeworski 2001;
Bulik-Sullivan et al. 2015). LD differences between populations that arose from their distinct
demographic and recombination histories will lead to variation in the estimated effect sizes and
hence to variable phenotypic prediction accuracies (Rosenberg et al. 2018). Populations will also
differ in the allele frequencies of causal variants. This problem is particularly acute for alleles
that are rare in the population in which the GWAS was conducted but common in the population
in which the trait is being predicted. Such variants are likely to have noisy effect size estimates in
the estimation sample or may not be included in the PGS at all, and yet they contribute
substantially to heritability in the target population. Furthermore, causal loci or effect sizes may

differ among populations, for instance if the effect of an allele depends on the genetic
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background on which it arises (e.g., Adhikari et al. 2019). For all these reasons, we should expect

PGS to be less predictive across ancestries.

In practice, given that most individuals (about 80%) included in current GWAS are of European
ancestry (Popejoy and Fullerton 2016; Martin et al. 2019), PGS are systematically more
predictive in European-ancestry individuals than among other people. As a consequence, the
clinical applications and scientific understanding to be gained from PGS will predominantly and
unfairly benefit a small subset of humanity. A number of papers have therefore highlighted the
importance of expanding GWAS efforts to include more diverse ancestries (Martin et al. 2018;

Bien et al. 2019; Wojcik et al. 2019; Martin et al. 2019; Sirugo, Williams, and Tishkoff 2019).

Importantly, factors other than ancestry could also impact the accuracy and portability of PGS.
For example, the educational attainment of an individual depends not only on their own
genotype, but on the genotypes of their parents, due to nurturing effects (Kong et al. 2018), and
of their peers, due to social genetic effects (Domingue et al. 2018), and of course on non-genetic
factors. Also, traits such as height and educational attainment show strong patterns of assortative
mating, which can distort effect size estimates in GWAS (Domingue et al. 2014; Robinson et al.
2017; Ruby et al. 2018). To what extent these effects remain the same across cultures and
environments is unknown, but if they differ, so will the prediction accuracy. More generally,
while we still know little about genotype-environment interactions (GxE) in humans, they are
well-documented in other species—notably in experimental settings—and would further reduce
the portability of PGS across environments (Gibson 2008; Tropf et al. 2017; Mills and Rahal
2019; Lynch and Walsh 1998). In addition, the extent of environmental variability could differ
between GWAS and prediction groups, which would change the proportion of the variance in the
trait explained by a PGS (i.e., the prediction accuracy). PGS for some traits may also include a
component of environmental or cultural confounding with population structure (Sohail et al.
2019; Haworth et al. 2019; Lawson et al. 2019; Kerminen et al. 2018; Berg et al. 2019); this
source of confounding can increase or decrease prediction accuracy, depending on the structure

in the prediction samples.
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Given these considerations, it is important to ask to what extent PGS are portable among groups
within the same ancestry. To explore this question, we stratified the subset of UK Biobank
samples designated as “White British” (WB) according to some of the standard sample
characteristics of GWAS studies: the ages of the individuals, their sex, and socio-economic
status. We chose to focus on these particular characteristics because they vary among GWAS
samples depending on sample ascertainment procedures. Furthermore, these characteristics have
been shown to influence heritability for some traits in a study of a subset of the UK Biobank (Ge
et al. 2017), raising the possibility that these choices also influence prediction accuracy. Indeed,
for three example traits, we show that there exist major differences in the prediction accuracy of
the PGS among these groups, even though they share highly similar genetic ancestries. We
further demonstrate for a variety of traits that prediction accuracy differs markedly depending on
whether the GWAS is conducted in unrelated individuals or in pairs of siblings, even when
controlling for the precision of the estimates. This finding is again unexpected under standard
GWAS assumptions; it underscores the importance of genetic effects that are included in
estimates from some study designs and not others and highlights underappreciated challenges

with GWAS-based phenotypic prediction.

At present, it is difficult to fully determine the reasons why we see such variable prediction
accuracy across these strata and study designs. Contributing factors probably include indirect
genetic effects from relatives, assortative mating, varying levels of genetic and environmental
variance, GxE interaction effects and perhaps undetected confounding. Nonetheless, our results
make clear that the prediction accuracy of PGS can be affected in unpredictable ways by

known—and presumably unknown—factors in addition to genetic ancestry.

Results

Sample characteristics of the GWAS and prediction set can influence prediction accuracy
even within a single ancestry

We examined how PGS for a few example traits port across samples that are of similar genetic
ancestry but differ in terms of some common study characteristics, such as the male:female ratio

(henceforth “sex ratio”), age distribution, or socio-economic status (SES). To this end, we limited



153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181

our analysis to the largest subset of individuals in the UKB with a relatively homogeneous
ancestry: 337,536 unrelated individuals that were characterized by the UKB, based on self-
reported ethnicities as well as genetic analysis, as “White British” (WB) (Bycroft et al. 2018). In
all analyses, we further adjusted for the first 20 principal components of the genotype data, to

account for population structure within this set of individuals (Materials and Methods).

In all analyses, we randomly selected a subset of individuals to be the prediction set; we then
conducted GWAS using the remaining individuals and built a PGS model by LD-based clumping
of the associations (Materials and Methods). To examine the reliability of the prediction, we
considered the incremental R?, i.e., the R? increment obtained when adding the PGS to a model
with other covariates (referred to as “prediction accuracy” henceforth). Whether this measure is
appropriate depends on how PGS are to be used; it is not always the most obvious choice in
human genetics, where the goal is often to identify individuals at high risk of developing a
particular disease (i.e., in the tail of the polygenic score distribution). Nonetheless, because it has
been widely reported in discussions of portability across genetic ancestries (e.g., Lee et al. 2018;
Martin et al. 2019), we also used it here; later, we also present some results on binary traits using

incremental area under the receiver operator curve (AUC).

As a first case, we considered the prediction accuracy of a PGS for diastolic blood pressure in
prediction sets stratified by sex, motivated by reports that variation in this trait may arise for
somewhat distinct reasons in the two sexes (Reckelhoff 2001; Zhou et al. 2017). We randomly
selected males and females as prediction sets (20K individuals each), and used a subset of the
rest of the individuals for GWAS, matching the numbers of females and males in the GWAS set
(total sample size 122,774); we refer to this mixed set, somewhat loosely, as the “diverse
GWAS.” Adjusting for mean sex effects and medication use (see Materials and Methods), the
prediction accuracy is about 1.15-fold higher for females than for males (Mann-Whitney
p = 1.1-107>; Fig. 1A). Thus, despite equal representation of males and females in the GWAS
set, the prediction accuracy varies depending on the sex ratio of prediction samples. To examine

this further, we repeated the same analysis but performed the GWAS in only one sex (which we
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refer to as “stratified GWAS” using the same sample size as in the diverse GWAS"). When the
GWAS is conducted only in females, the prediction accuracy is about 1.35-fold higher for
females than for males; in turn, when GWAS was done in only males, the prediction accuracy in

both sexes is similar, as well as somewhat decreased (Fig. 1A).
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Figure 1: Variable prediction accuracy of polygenic scores within an ancestry group. Shown are incremental R? values (i.e.,
the increment in R? obtained by adding a polygenic score predictor to a model with covariates alone) in different prediction sets.

Each box and whiskers plot is computed based on 20 iterations of resampling GWAS and prediction sets. Thick horizontal lines

! Note that the diverse GWAS sample is not a merge of the stratified GWAS samples but a mixed-sex sample of equal sample
size to that used in the women-only and the men-only GWAS, to allow for direct comparison between GWASs. Results for the
merged GWAS (with a much larger sample size) are presented in Appendix-figure 1A.
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denote the medians. The polygenic scores were estimated in samples of unrelated WB individuals. Phenotypes were then
predicted in distinct samples of unrelated WB individuals, stratified by sex (A), age (B) or Townsend deprivation index, a
measure of SES (C). In red and green cases, polygenic scores are based on a GWAS in a sample limited to one sex, age or SES
group (a “stratum”). In blue, polygenic scores are based on a GWAS in a diverse sample matching the number of individuals in
each stratum. GWAS samples sizes are: 122,774 for all three diastolic blood pressure GWAS samples, 72,328 for all three BMI
GWAS samples, 73,280 for years of schooling GWAS in the diverse sample and 73,283 for GWAS in the low SES and high SES

samples.

We then considered two other cases, evaluating prediction accuracy in groups stratified by age
for BMI? and by adult SES for years of schooling, using the Townsend deprivation index as a
measure; our choices were motivated by prior evidence suggesting that these characteristics of
the GWAS influence estimates of SNP-heritability (Branigan, McCallum, and Freese 2013;
Conley et al. 2015; Belsky et al. 2018; Elks et al. 2012; Ge et al. 2017). We withheld a random
set of 10K individuals in each quartile of age and SES for prediction and performed GWAS using
a subset of the remaining individuals, matching the sample sizes across quartiles in the GWAS
set (total sample sizes of 72,328 and 73,280 and for BMI and years of schooling GWAS,
respectively). Similar to our observation for diastolic blood pressure, the prediction accuracy
varies across prediction sets: it is 1.4-fold higher for BMI in the youngest quartile compared to
the oldest (Mann-Whitney p = 1.1 - 1075; Fig. 1B), and 2-fold higher for years of schooling in
the lowest SES quartile compared to the highest (Mann-Whitney p = 2.9 - 107°; Fig. 1C).
Furthermore, the differences across groups are again sensitive to the choice of the GWAS set: the
differences are marked when GWAS is restricted to the youngest quartile for BMI and the lowest
SES quartile for years of schooling, but diminished when the GWAS is performed in the oldest
and the highest SES quartiles for BMI and years of schooling, respectively (Fig. 1B,C). These
results remained qualitatively unchanged when we used R? instead of incremental R? to measure

prediction accuracy (Appendix-figure 2).

In these analyses, we used a p-value threshold of 10~* for inclusion of a SNP in the PGS. The
choice of how stringent to make the GWAS p-value threshold is important but somewhat
arbitrary, with approaches ranging from requiring genome-wide significance to including all
SNPs (Weedon et al. 2008; Pharoah et al. 2008; Euesden, Lewis, and O’Reilly 2014;
Vilhjalmsson et al. 2015; Ware et al. 2017; Mostafavi et al. 2017; Speidel et al. 2019). Often, this

2 Since the UK Biobank participants were enrolled within about a five-year span, differences in age could in principle also be
reflective of cohort effects.
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threshold is chosen to maximize prediction accuracy in an independent validation set. When the
goal is to compare prediction performance across different groups, there is no obvious optimal
choice of the p-value threshold®. As we show, however, the qualitative trends reported in Fig. 1
do not depend on the p-value threshold choice (Appendix-figure 3); moreover, the qualitative
trends remain when LDpred is used (with a prior probability of 1 on loci being causal;

Vilhjalmsson et al. 2015) instead of pruning approaches (Appendix-figure 3).

These results pertain to three exemplar traits and do not speak to the prevalence of this
phenomenon. Nonetheless, they demonstrate that the prediction accuracy of a polygenic score
can vary markedly depending on sample characteristics of both the original GWAS and the
prediction set, even within a single ancestry, and that this variation in prediction accuracy can be
substantial— on the same order as reported for different continental ancestries within the UK
Biobank (Martin et al. 2019). As one example, the prediction accuracy in East Asian samples,
averaged across a number of traits, is about half of that in European samples when GWAS was
European-based; when the GWAS is done in the lowest SES group for years of schooling,
prediction accuracy in the highest SES group is less than half of that in the lowest SES (Fig. 1C).
Moreover, whereas for these traits, we had prior information about which characteristics may be
relevant, other aspects that vary across sets of individuals are undoubtedly important as well
(e.g., smoking behavior and diet may modify genetic effects on lipid traits; Bentley et al. 2019;

Telkar et al. 2019), and for other traits of interest, much less may be known a priori.

Possible explanations for the variable prediction accuracy

Our goal in this paper is to highlight that prediction accuracies can vary across groups of highly
similar ancestry, rather than to investigate the likely causes for any particular phenotype.
Nonetheless, we provide some observations that may cast light on these results. We first note that
in these three examples, the prediction accuracies track SNP heritability differences across strata
(Fig. 2A,B,C). This relationship should be expected, given that the estimation noise decreases

with heritability (Appendix), and potentially underlies the observation that prediction accuracies

® The optimal p-value in this context will differ across studies, as it depends not only on the genetic architecture and heritability
of the trait, but also on the GWAS sample size, i.e., power (Dudbridge 2013).
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using the diverse GWAS sample are often intermediate between those obtained from stratified

GWAS samples of equal sample size (Fig. 1).

Perhaps the simplest explanation for these findings would be that heritabilities, and hence
prediction accuracies, vary only because of differences in the extent of environmental variance
across strata, while the genetic variance is the same. We can test this hypothesis by examining
whether the heritability decreases with increasing phenotypic variance (more precisely whether it
is inversely proportional to it), as expected if the genetic variance is fixed across strata. What we
find instead is that the estimated SNP heritabilities for all three traits increase or remain the same
with increasing phenotypic variance (Fig. 2D,E,F). Thus, for these traits at least, the variable
prediction accuracy is not simply the result of differences in the extent of environmental

heterogeneity across strata.

Another possibility is that there is an interaction between genetic effects and sample
characteristics, for instance that different sets of genetic variants contribute to blood pressure
levels in males and females or to BMI across different stages of life*. This explanation is not
supported by bivariate LD-score regression, which indicates that the genetic correlations across
strata are close to 1 (Appendix-table 2; Materials and Methods). Yet when we re-estimate
individual SNP effects in the prediction sets for SNPs ascertained in the original GWAS, the
estimated effects of trait-increasing alleles are larger in the groups with higher prediction

accuracy (Appendix-figure 4; Materials and Methods).

One simple model that could reconcile these findings is if effect sizes are highly correlated
across the groups, but systematically larger in those groups with higher prediction accuracy. This
explanation is reminiscent of the “amplification” model of genetic influences on cognition during

development (Briley and Tucker-Drob 2013).

4 Although such interactions could in some contexts be thought of as reflecting GXE, we use the term “sample characteristic”
rather than “environment”, as environment has different meaning across disciplines, referring in some contexts only to factors
that are exogenous to genetics. Viewed in this lens, SES in adulthood cannot be interpreted as exogenous, because it is in part
determined by educational achievement, which is itself influenced by genetic factors, and similarly it is questionable whether age
or sex are environments.

10
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Other factors complicate interpretation, however, and may also contribute to our observations. In
particular, for the case of years of schooling, conditioning on adult SES induces a form of range
restriction, which could contribute to variable prediction accuracy across strata. We note,
however, that we see highly variable prediction accuracies across SES strata even when the
GWAS is conducted in a diverse sample (i.e., including individuals from all strata) (Fig. 1C); in
that regard, our approach mimics what happens in practice when polygenic scores are used to
predict phenotypes in a sample with a smaller range of SES (e.g., Rimfeld et al. 2018). More
generally, although this type of range restriction is artificially amplified in our example, SES
differences may often be a problem for GWAS in which the sample is not representative of the
population; for instance, the most recent major GWAS of educational attainment (Lee et al.
2018) included numerous medical data sets and the 23andMe data set, which are not

representative of the national population.

Another potentially important factor is that the adjustment for PCs may not be a sufficient
control for the different ways in which population structure can confound GWAS results
(Vilhjalmsson and Nordborg 2013), leading to variable prediction accuracy across strata if they
differ in their population structure. To examine this possibility, we repeated the analysis in Fig. 1
but using a linear mixed model (LMM) approach (including PCs among other covariates; see
Materials and Methods), and obtained qualitatively similar results (Appendix-figure 5).
Although not a perfect fix (Listgarten, Lippert, and Heckerman 2013; Mathieson and McVean
2013), the fact that we obtain similar results using PCs and LMM suggests that confounding due
to population stratification in the UK Biobank alone does not explain the variable prediction

accuracies across strata.

11
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Figure 2: Differences in environmental variance alone do not explain the variable prediction accuracy. (A,B,C) The x-axes
show heritability estimates (+ SE) based on LD-score regression in each set. The y-axes show incremental R? values obtained
using the procedure described in Fig. 1, with GWAS performed in a pooled sample of all strata and testing in stratified prediction
sets (see Materials and Methods); points and bars show mean and central 80% range computed based on 20 iterations of
resampling GWAS and prediction sets. ‘Q’ denotes quartile of age and SES in (B,E) and (C,F), respectively. (D,E,F) The x-axes
show phenotypic variance estimates (+ SE) across strata after adjusting for covariates (sex, age and 20 PCs). If the heritability
differences across strata are due to differences in environmental variance alone, with genetic variance constant, then heritability
should be inversely proportional to phenotypic variance. The best-fitting model for this inverse proportionality (dashed line,

simple linear regression) provides a poor fit to the observations.
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Obstacles to portability explored through a comparison of standard and family-based
GWAS

Beyond sample characteristics such as age or sex, a number of other factors may shape the
portability of scores across groups of similar ancestry. Standard GWAS is done in samples of
individuals that deliberately exclude close relatives; as implemented, it detects direct effects of
the genetic variants, but also any indirect genetic effects of parents, siblings, or peers, effects of
assortative mating among parents, and potentially environmental differences associated with
fine-scale population structure (Young et al. 2018; Trejo and Domingue 2019; Kong et al. 2018;
Lee et al. 2018; Berg et al. 2019). Given that many of these effects are likely to be culturally
mediated (Stulp et al. 2017; Selzam et al. 2019), it seems plausible that they may vary within as
well as across groups of individuals with different ancestries. If culturally-contingent effects
contribute to GWAS estimates (and hence to PGS), they may lead to differences in the prediction

accuracy in samples unlike the original GWAS.

To demonstrate that these considerations are not just hypothetical, we compared the prediction
accuracy when the PGS is trained on “unrelated” individuals such as those used in a standard
GWAS to one obtained from a sibling-based (or “sib-based”) GWAS (Materials and Methods).
In the latter, genotype differences between sibs, a result of random Mendelian segregation in the
parents, are tested for association with the phenotypic differences between them. Because the
tests depend on phenotypic differences between siblings who, of course, have the same parents,
these tests are conditioned on the parental genotypes and hence exclude many of the indirect
effects signals that may be picked up in standard GWAS (Appendix). Differences between
standard and sib-based GWAS are thus informative about the presence of factors other than
direct genetic effects (Wood et al. 2014; Trejo and Domingue 2019; Lee et al. 2018; Berg et al.
2019; Selzam et al. 2019).

A challenge in this comparison is that the UKB contains only ~22K sibling pairs, ~19K of whom
are labeled as “White British” (WB). The siblings are similar to the unrelated individuals in
terms of ages, SES distributions and genetic ancestries (Appendix-figures 6,7) but include a
higher proportion of females; this difference is unlikely to influence our analyses (see below).

While a large number, 19K pairs is still too few to have adequate power to discover trait-

13



341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368

associated SNPs, when compared to a standard GWAS using the much larger sample of unrelated
WB individuals (~340K).

To increase power and enable a direct comparison between the two designs, we split the SNP
ascertainment and effect estimation steps as follows (Fig. 3A): we identified SNPs using a
standard GWAS with a large sample size (median ~270K across the traits considered) (see
Materials and Methods). We then estimated the effect of each significant SNP using (1) a sib-
based association test and (ii) a standard association test. We chose the size of the estimation set
in (i1) such that the median standard error of effect estimates in (i) and (ii) is approximately
equal. We then compared the prediction accuracy of the two PGS obtained in this way (“standard
PGS” and “sib-based PGS”) in an independent prediction set of unrelated individuals; as we
show in the Appendix, our approach leads to highly similar prediction accuracies of the two
approaches under a model with direct effects only (see Materials and Methods for details). A
further advantage is that the two scores are compared for the same set of SNPs, such that LD

patterns and allele frequency differences do not come into play.

We applied the approach to 20 traits, focusing on traits with relatively high heritability estimates
as well as social and behavioral traits that have been the focus of recent attention in social
sciences. For the majority of the traits, such as diastolic blood pressure, BMI, and hair color, the
prediction accuracies of standard and sib-based PGS were similar (Fig. 3B), as expected under
standard GWAS assumptions and as observed for traits simulated under these assumptions
(Appendix-figure 8). However, for height and for a range of social and behavioral traits, such as
years of schooling, pack years of smoking and household income, the prediction accuracy of the

sib-based PGS was substantially lower than that of the standard PGS (Fig. 3B)5.

A number of factors could contribute to the differences between prediction accuracies for PGS
based on sibs versus unrelated individuals, including confounding effects of population
stratification, indirect genetic effects from parents and assortative mating. The relative

importance of each factor will vary across traits (Rosenberg et al. 2018; Kong et al. 2018;

> Because the first step of our study design is to identify SNPs that are associated with the trait in a large set of unrelated
individuals and we subsequently match the sampling variances of sib and standard GWAS, rather than identify distinct sets of
SNPs separately in the two designs, the ratio of prediction accuracies that we obtain cannot be directly compared to those
reported in other studies.
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Haworth et al. 2019; Ruby et al. 2018; Selzam et al. 2019). For educational attainment, this gap
is likely to reflect at least in part the documented contribution of indirect genetic effects to the
standard PGS (Lee et al. 2018; Kong et al. 2018; Young et al. 2018). We show in the Appendix
that in the presence of indirect genetic effects mediated through parents, standard PGS
outperforms sib-based PGS unless direct and indirect effects are strongly anticorrelated
(Appendix-figure 9), which seems unlikely to be the case for years of schooling. The difference
in the performance of sib-based and standard PGS observed for other social and behavioral
outcomes, such as household income and age at first sexual intercourse (Fig. 3B), may reflect a
similar phenomenon. An additional contribution to divergent prediction accuracies could come
from indirect effects among siblings, which would also contribute differentially to standard and
sibling-based PGS. For height, there may be an important contribution of assortative mating to
the difference in prediction accuracies (Wood et al. 2014; Robinson et al. 2017; Lee et al. 2018).
In the Appendix, we show that under a simple model of positive assortative mating, the
prediction accuracy based on a standard PGS is better than that of a sib-based PGS (Appendix-
figure 10). We further confirmed that the difference in the sex ratio of the siblings and unrelated
individuals, mentioned earlier, has a negligible effect on these differences, though it may
underlie the slightly lower prediction accuracy of the standard PGS for pulse rate (Appendix-
figure 11).
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Figure 3: Comparison of prediction accuracy of standard and sib-based polygenic scores. (A) After ascertaining SNPs in a
large sample of unrelated individuals, we estimated the effects of these SNPs with a standard regression using unrelated
individuals and, independently, using sib-regression. We then used the polygenic scores for prediction in a third sample of
unrelated individuals. We chose the sample size of the standard PGS estimation set such that median effect estimate SEs are
equal in the two designs, thereby ensuring equal prediction accuracy under a vanilla model with no indirect effects or assortative
mating. Numbers in parentheses are median sample size in each set across 20 traits (see Materials and Methods and Appendix-
table 1 for the definition of each trait, and Appendix-table 3 for sample sizes for each trait). (B) Ratio of prediction accuracy in
the two designs across 20 traits. For each trait, we performed 10 resampling iterations of unrelated individuals into three sets for
discovery, estimation and prediction (small points). Large points show median values. (C-F) We repeated this procedure with
different discovery-set p-value thresholds for including a SNP in the polygenic score. The higher the p-value threshold is, the
more SNPs are included. For each p-value threshold, points show 10 iterations as described and lines show median values.
Shown are a subset of traits, with traits appearing in (B) but not shown here presented in Appendix-figure 12.
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The lower prediction accuracies for PGS based on sib-based GWAS indicate that complications
such as assortative mating or indirect effects contribute to the standard GWAS estimates. In the
absence of these complications, we ensure that prediction accuracies are comparable by
matching the sampling errors of the two approaches (Fig. 3A). In the presence of these
complications, the magnitude of the ratio of prediction accuracies should reflect the strength of
assortative mating, the relative contribution of indirect genetic effects compared to direct effects,
and so forth. However, interpreting the magnitude of the deviation from 1 is far from straight-
forward: as we show in the Appendix, the relative difference in prediction accuracies between
the two approaches stems in part from the noise-to-signal ratio for the effect estimates in sib-
based versus standard GWAS (Appendix-figures 9,10), and as a result also depends on features

of the comparison like the sample sizes used and the PGS model.

Motivated by these considerations, we examined how the prediction accuracy varies when
progressively relaxing the GWAS p-value threshold for inclusion of SNPs, i.e., when including
more weakly associated SNPs in the PGS. (In Fig. 3B, results are shown for the p-value
threshold that maximizes the prediction accuracy of the standard PGS, replicating the practice
when comparing populations of different ancestry (Martin et al. 2019).) For hair color and
diastolic blood pressure, there is little to no difference in prediction accuracy between the two
estimation methods, regardless of the number of SNPs included in the score (Fig. 3C,D). In
contrast, for height, standard and sib-based PGS perform similarly when based on the most
significantly associated SNPs, but standard PGS progressively outperforms sib-based PGS when
more SNPs are included (Fig. 3E). Similarly, the difference in prediction accuracy between sib-
based and standard PGS changes markedly for years of schooling, household income and other
social and behavioral traits (Fig. 3F and Appendix-figure 12). The growing gap in performance
with increasing p-value threshold likely reflects a combination of an increasing noise-to-signal
ratio for the effect estimates in sib-based versus standard GWAS (see Appendix) and changes in
the relative importance of direct effects versus other factors such as indirect parental effects and

assortative mating.

In summary, the differences between the prediction accuracies of standard and sib-GWAS seen

for a number of traits (Fig. 3B), notably social and behavioral ones, demonstrate that standard
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GWAS estimates often include a substantial contribution of factors other than direct effects. In
these cases, even if the power to detect direct effects were comparable, standard GWAS would
lead to higher prediction accuracy than sib-GWAS. In some contexts that may be a sufficient
reason to rely on PGS derived from standard GWAS. However, that gain stems from the
inclusion of factors such as indirect effects and assortative mating that are likely to be modulated
by SES, environment and culture (e.g., Selzam et al. 2019; Stulp et al. 2017). Thus, the increased
prediction accuracy likely comes at a cost of not always porting well across groups, even of the

same ancestry, in ways that may be difficult to anticipate.

Discussion

Although the conversation around the portability of PGS has largely focused on genetic
ancestries, our results show that prediction accuracy can also differ, in some cases substantially,
across groups of similar ancestry—even due to basic study design differences such as age, sex or
SES composition. When due only to increased environmental variance, such decreased accuracy
may not pose a problem, at least for certain applications. But as we have shown, differences in
the degree of environmental variance are not the primary explanation for the patterns we report
(Fig. 2), and other factors, including differences in the magnitude of genetic effects among
groups, indirect effects and assortative mating, also lead to differences in the prediction accuracy
of PGS, in ways that may make applications of phenotypic prediction less reliable, even within a
single ancestry group. For some traits, there is prior information about which factors are likely to
be important, but not always, and even for well-studied traits, it may be difficult to enumerate all
the influential factors. As an example, we considered the accuracy of the polygenic score for
years of schooling and found that it also varies somewhat depending on whether individuals have

no sibling or one sibling in the prediction sets (Materials and Methods; Appendix-figure 13).

Following the discussion of portability across ancestries, we have focused on incremental R? as a
measure of portability. This measure is less directly informative when the goal is to use PGS to
reliably identify individuals in the tails of the distribution, i.e., those at elevated risk of

developing a disease—the main application of PGS in human genetics, as distinct from social
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science or evolutionary biology. Nonetheless, the same concerns raised here are likely to apply.
To illustrate that point, we considered binary outcomes of the traits considered in Fig. 1,
“hypertension” (defined as diastolic blood pressure > 110 mmHG), “obesity” (defined as BMI >
35 kg/m?), and “college completion”, and evaluated the prediction accuracy as measured by
incremental AUC (Appendix-figure 14). The qualitative results are the same as in Fig. 1. We
also examined how incremental AUC varies by sex for five binary disease traits that we chose
because they have relatively high heritability. For three of them, hypothyroidism and two
cardiovascular outcomes, prediction accuracy varies depending on both the GWAS and

prediction sets (Appendix-figure 15).

Thus, for both quantitative and binary traits, the question of the domain over which a PGS
applies is not just about LD patterns, allele frequencies or GxG effects but also about the extent
of environmental and genetic variance, GXE, as well as the contribution of direct effects versus
indirect effects, assortative mating and environmental confounding. An important implication is
that differences in prediction accuracies among groups with distinct ancestries cannot be
interpreted exclusively or even primarily in terms of population genetic parameters when these
groups differ dramatically in their SES (Chetty et al. 2018; Conley 2010; Nuru-Jeter et al. 2018;
Reich 2017) and other factors that may affect portability—especially when the relative
contribution of these factors to GWAS signals remains unknown (Young et al. 2019; Mills and
Rahal 2019). Thus, efforts to conduct GWAS in groups that vary in ancestry and geographic
locations will need to be accompanied by a careful examination of variation in portability along

other dimensions.

While these results raise the question of how to best construct a PGS, the answer is not obvious,
and likely depends on the specific trait and samples. For example, for the three cases shown in
Fig. 1, considering a fixed GWAS sample size, the highest prediction accuracy is attained with a
GWAS sample limited to some stratum (e.g., women for diastolic blood pressure). Yet a much
larger merged data set containing the union of strata generates the most predictive PGS
(Appendix-figure 1). Together, these observations suggest a tradeoff between the factors that are
shared among strata and lead to increased power with increasing sample size and those that differ

across strata and underlie the variable prediction accuracy. In principle then, if influential factors
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were known, the composition of the GWAS sample could be optimized to yield the highest
accuracy in a given prediction set, but how much each stratum should be weighted will depend
on a number of factors such as the amount of genetic and environmental variance in each
stratum, genetic correlation across strata, and sample sizes. Moreover, factors such as assortative
mating and indirect effects are soaked up into the GWAS estimates--and critically also into the
SNP heritability estimates. Thus, the choice of a GWAS sample is about more than power; it is
implicitly making a choice about all sorts of sample characteristics that may or may not hold true

of the prediction set.

In that regard, it is worth noting that while classical twin studies were often constituted to be
representative of a reference population (often national in nature) (Polderman et al. 2015;
Branigan, McCallum, and Freese 2013), the same is not true of most contemporary human
genetic datasets, which are skewed towards medical case-control studies, biobanks that are opt-in
(and thus tend to be wealthier and better educated than the population average) or direct-to-
consumer proprietary genetic databases (which are even more skewed along these dimensions)
(Lee et al. 2018). For instance, individuals in UK Biobank have higher SES than the rest of the
British population (Fry et al. 2017) and are presumably self-selected for a certain level of interest
in biomedical research. These factors alone raise challenges as to the broad portability of PGS
derived from them. More generally, it seems plausible that individuals included in a GWAS
differ from those that, for myriad reasons, do not end up participating (Taylor et al. 2018), in
ways that make it difficult to predict the domain over which GWAS-based estimates can be

reliably generalized.

One fruitful way forward may be to study data from related individuals, in which it should be
possible to decompose the components of the signals identified in GWAS into direct and indirect
effects, the degree of assortative mating and the contribution of residual stratification (Zhang et
al. 2015; Young et al. 2018; Kong et al. 2018). Not only will this decomposition help us to better
interpret the results of GWAS and the resulting PGS, it will make it possible to examine under
which circumstances, and for which phenotypes, components port more reliably to other sets of
individuals, both unrelated and related. Ultimately, we envisage that in order to be broadly

applicable, GWAS-based phenotypic prediction models will need to include not only a PGS but

20



523
524

525
526

527
528

529
530
531
532
533
534
535
536
537
538
539
540
541
542
543
544
545
546
547
548

549
550

551
552
553

some study characteristics, other social and environmental measures and, perhaps crucially, their

Interactions.

Materials and Methods

UK Biobank

The UK Biobank (UKB) is a large study of about half a million United Kingdom residents,
recruited between years 2006 to 2010 (Bycroft et al. 2018). In addition to genetic data, hundreds
of phenotypes were collected through measurements and questionnaires at assessment centers,

and by accessing medical records of the participants.

Inclusion criteria

In this study, we focused on 408,434 participants who passed quality control (QC) measures
provided by UKB; specifically, for whom the reported sex (QC parameter “Submitted. Gender”)
matched their inferred sex from genotype data (QC parameter “Inferred.Gender”); who were not
identified as outliers based on heterozygosity and missing rate (QC parameter
“het.missing.outliers”==0); and did not have an excessive number of relatives in the database
(QC parameter “excess.relatives”==0). We further restricted ourselves to those individuals
identified by UKB to be of “White British” (WB) ancestry (QC parameter
“in.white.British.ancestry.subset”==1), which is a label that refers to those who, when given a set
of choices, self-reported to be of “White” and “British” ethnic backgrounds and, in addition,
were tightly clustered in a principal component analysis of the genotype data, as detailed in
Bycroft et al. (Bycroft et al. 2018). We excluded individuals that had withdrawn from the UK
Biobank by the time of the analyses here. For a given trait, we further conditioned on individuals

for which measurement or report of the trait value was available.

Phenotype data

We focused on 25 traits, including traits with relatively high heritability estimates as well as
social and behavioral traits that have been the focus of recent attention in social sciences (see

Appendix-table 1 for a complete list of phenotype data used in this work, and their
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corresponding numeric field codes in the UKB data showcase). We calculated the phenotype
“years of schooling” by converting the maximal educational qualification of the participants to
years following Okbay et al. (Okbay et al. 2016) (Appendix-table 4). For diastolic blood
pressure, pulse rate, and forced vital capacity, we took the average of the first two rounds of
measurement taken during the same examination at UKB assessment centers. We adjusted the
diastolic blood pressure levels for blood pressure lowering medication following Evangelou et al.
(Evangelou et al. 2018) by shifting the values upward by 10 mmHg for individuals taking
medication. For hand grip strength, we took the average of the measurements for the two hands.
For categorical phenotypes, we assigned integer values to each category (Appendix-table 1). For
hair color, individuals who reported hair color variable “Other” were excluded from the analyses.
We considered binary traits, “hypertension” defined as diastolic blood pressure > 110 mmHG,
“obesity” defined as BMI > 35 kg/m?, and “college completion” defined based on attainment of a
college or a university degree. Disease outcomes were ascertained using self-reported
information and/or using the hospital inpatient main and secondary diagnoses coded according to
the International Classification of Diseases (ICD-9 and ICD-10). Hypothyroidism, type 2
diabetes, and rheumatoid arthritis were ascertained based on ICD-10 codes of E03.X, E11.X and
MO06.X, respectively. Myocardial infarction was ascertained based on ICD-9 codes of 410.9,
411.9, 412.9, or ICD-10 codes of 121.X, 122.X, 123.X, 124.1, 125.2 following Khera et al. (Khera
et al. 2018), or participants with myocardial infarction outcome data among the UK Biobank’s
algorithmically-defined outcomes. We also considered the binary outcome of ever being
diagnosed to have had a heart attack, angina or stroke. For a subset of individuals, multiple
measurements of a phenotype were provided, corresponding to multiple visits to UKB

assessment centers; in those cases, we used the measurements during the first visit.

Genotype data

UKB participants were genotyped on either of two similar genotyping arrays, UK Biobank
Axiom and UK BiLEVE arrays, at a total of ~850K markers. We focused on autosomal bi-allelic
SNPs shared between both arrays, and used plink v. 1.90b5 (Chang et al. 2015) to filter SNPs
with calling rate >0.95, minor allele frequency >107, and Hardy-Weinberg equilibrium test p-

val>10"" among the WB samples, resulting in 616,323 SNPs.
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GWAS and trait prediction methods

GWAS by sample characteristics

We focused on a set of 337,488 WB samples that were identified by the UKB to be “unrelated”
(sample QC parameter “used.in.pca.calculation”==1 as provided by UKB), defined such that no
pairs of individuals are inferred to be 3™ degree relatives or closer. We split the sample into non-
overlapping sets of individuals by one of the following factors: age at recruitment (in years), sex,
and Townsend deprivation index at recruitment (used as a proxy for socio-economic status or
SES, specifically we take the negative of the Townsend deprivation index as a measure of SES).
For SES and age, we divided the sample into four sets: Q1 [minimum value, first quartile], Q2
(first quartile, second quartile], Q3 (second quartile, third quartile], and Q4 (third quartile,
maximum value]. We randomly selected 10K samples in each SES and age group, and 20K of
males and 20K of females as held-out prediction sets, and performed GWAS using the remaining
samples, matching sample sizes across groups in the GWAS set. We performed nine GWASs: for
years of schooling in SES Q1 and SES Q4 (sample size 73,283 for each), and in a diverse sample
with equal number of individuals from all four groups (sample size 73,280); for body mass index
(BMI) in Q1, Q4, and in a diverse sample with equal number of individuals from all four groups
(sample size 72,328 for each); and for diastolic blood pressure in males, females, and in a diverse
sample with equal number of males and females (sample size 122,774 for each). We performed
all GWAS:s using plink v. 2.0 (with flag: --linear), adjusting for sex, age (at recruitment) and first
20 PCs as covariates. PCs are principal components of the genotype data, as provided by UKB,
calculated using the entire cohort (not just WB individuals). For a subset of cases (where GWAS
was performed in samples restricted by characteristics described above), we additionally
performed association tests using a linear mixed model (LMM) as implemented in BOLT-LMM
v. 2.3.2 (Loh et al. 2015), using LD scores computed from 1000 Genomes European-ancestry
samples, with sex, age and first 20 PCs as covariates. The GWAS summary statistics were used

to construct PGS for the samples in the prediction sets.
To better understand the performance of PGS across the strata (see “Possible explanations for

the variable prediction accuracy”), we estimated the mean effect sizes of significant SNPs in

each of the strata. To avoid overfitting, we first performed an association test in the pooled
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sample of all strata excluding individuals in the prediction sets and matching the number of
individuals per stratum; sample size 293,132 for years of schooling, 272,456 for BMI, and
245,548 for diastolic blood pressure. Then for significantly associated SNPs (LD pruned as
described in “Polygenic score construction and trait prediction’), we re-estimated the effect sizes
in each of the strata in the prediction sets (see Appendix-figure 4). We also used these pooled
GWAS:s to explore the relationship between prediction accuracy and SNP heritability (as shown
in Fig. 2) and with GWAS sample size (Appendix-figure 1). We performed 20 iterations of all

above steps.

In addition to above examples, we explored the prediction accuracy for years of schooling when
GWAS and prediction sets are stratified based the participants’ number of full siblings.
Specifically, we performed GWAS using individuals who had exactly one sibling (sample size
90,417), and evaluated prediction in two independent samples of individuals who reported

having no siblings or having one sibling (sample size 20K for each) (see Appendix-figure 13).

We also considered five binary disease outcomes stratified by sex. Specifically, we performed
GWAS in equally sized samples of males and females for hypothyroidism (sample size 135,526),
Type 2 diabetes (sample size 136,061), rheumatoid arthritis (sample size 136,039), MI (sample
size 136,061) and having been diagnosed with a heart attack or angina or stroke (sample size
135,833), leaving out 20K samples of males and females for prediction (see Appendix-figures
14,15). For these traits we used a logistic regression model for GWAS (using plink v. 2.0 with
flag: --logistic). An important caveat to analyses of disease outcomes recorded during multiple
follow-ups is that for “age”, we could only consider the age at recruitment in the GWAS; that
approach is not ideal, considering that a fraction of individuals died during the course of the

study (about 20K individuals in the full cohort).

Standard versus sibling-based regression

We used the genetic relatedness information provided by UKB to infer sibling pairs among the

WB samples. Following Bycroft et al. (Bycroft et al. 2018), we marked pairs with 25—1/2 <¢p<

23% and IBSO > 0.0012 as siblings, where ¢ is the estimated kinship coefficient and IBSO is the

fraction of loci at which individuals share no alleles. By this approach, we identified 19,329
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sibling pairs including 35,634 individuals across 17,328 families. For a given trait, we included
pairs with the property that trait values for both individuals were reported. We then formed two
sets of individuals: “Siblings” set, including the sibling pairs randomly sampled to include only
one pair per family, and an “Unrelateds” set, including the unrelated individuals identified by the
UKB (see section “GWAS by sample characteristics” above), but excluding the Siblings and
6,911 individuals that were related to the Siblings (3rd degree or closer).

We focused on 20 quantitative traits (see Fig. 3B for the list of traits considered in this analysis)
and a number of simulated traits (see below). For each trait, we first downsampled the
Unrelateds set to a sample size n* such that the median standard error of effect estimates roughly

*99

matched the median standard error in the sibling-based regression (see “Estimating n*” below).
We then divided the Unrelateds set into three non-overlapping sets: after sampling n* individuals
(Unrelateds-n* set), we randomly split the rest of the Unrelateds set into an Unrelateds-
prediction set (10% of the samples) to be used as a sample for trait prediction (“prediction set”),
and an unrelated individuals discovery set (90% of the samples) to be used for the discovery of
trait associated variants (see Appendix-table 3 for sample sizes in each set). For each trait, we
performed standard GWAS in the Unrelateds-discovery set, and ascertained SNPs by
thresholding on association p-values. We then estimated the effect sizes for these ascertained
SNPs in two ways: by a sibling-based association test in the Siblings set (using plink v. 1.90b5’s
QFAM procedure; flag: --qfam), and by a standard association test in the Unrelateds-n* set
(using plink v. 2.0). Subsequently, for each set of ascertained SNPs in the Unrelateds-discovery
set, two PGS were constructed for the samples in the Unrelateds-prediction set (see Fig. 3A for

overview of the pipeline). We performed 10 iterations of the above sampling, ascertainment and

estimation steps, except for simulated traits where we performed 30 iterations.

Estimating n*

In order to compare the performance of sibling-based and standard GWAS designs, we wanted to
match both analyses to have similar prediction accuracy under a vanilla model of no assortative
mating, population structure stratification or indirect effects. In the Appendix, we show that this
could be achieved by matching median effect estimate standard errors. For each trait, we

therefore calculated n*, the sample size of a standard GWAS that yields roughly equal standard
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errors in the standard and sibling-based regressions. Specifically, for each trait, we first
performed sibling-based GWAS in the Siblings using plink’s QFAM procedure (using the flag: --
gfam mperm=100000 emp-se). We then randomly sampled a range of sample sizes from the set
of Unrelateds, from 5K to 20K in 1K increments. Following Wood et al. (Wood et al. 2014), for
each sample size, we performed a standard GWAS, and investigated the linear relationship
between the square root of the sample size and the inverse of the median standard error of the
effect size estimates. We then used this linear relationship to estimate the sample size of a
standard GWAS that corresponds to the inverse of the median standard error of the effect sizes

estimate in the sibling-based GWAS.

All standard association tests were performed using plink v. 2.0 (using the flag: --linear),
adjusting for sex, age and first 20 PCs as covariates. For sibling-based association tests we first
residualized the phenotypic values on age and sex, and then regressed the sibling differences in

residuals on sibling genotypic differences using plink’s QFAM procedure as described above.

We also considered a version of the analysis described above, in which we first residualized the
phenotypes on covariates in the pooled sample of all WB individuals, and then ran the pipeline
on the residuals without further adjustment for covariates in the GWAS or prediction evaluation.
As shown in Appendix-figure 16, this approach produced results that are qualitatively the same

to what we present in Fig. 3.

Simulated traits

We wanted to check that given the study design described above, sibling-based and standard
GWAS perform similarly with respect to trait prediction, under the vanilla model of no
population stratification, assortative mating or indirect genetic effects (Fig. 3). To this end, we
simulated traits with heritability h? = 0.1 or 0.5 and either 10K or 100K causal SNPs. For each

set of parameters, we simulated three replicates giving a total of 12 simulated traits.

We randomly selected the causal SNPs from a set of 10,879,183 imputed SNPs, considering that

most causal variants are plausibly not directly genotyped on SNP arrays. We used a set of SNPs
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that passed quality control procedures by the Neale lab ( ),
namely autosomal SNPs, imputed using the haplotype reference consortium (HRC) panel, which
have INFO score > 0.8 and have minor allele frequency > 10™; we further limited the SNP set to

ones that were bi-allelic in the WB sample. As in Martin et al. (Martin et al. 2017), we randomly
2
assigned effect sizes to these causal SNPs as f~N (0, %), and zero for non-causal SNPs. We

then calculated genetic component of the trait, g, for all WB samples under an additive model by
summing the allelic counts weighted by their effect sizes using plink (using the flag: --score).
Allelic counts were determined by converting imputation dosages to genotype calls with no hard

calling threshold. We also assigned environmental contributions as e~N(0,1 — h?), and then

m
g = Z BiXi,

i=1

constructed the PGS for each individual,

where X; is the number of minor alleles at SNP i carried by the individual, and the trait value for

the individual is calculated as the sum of genetic and environmental contributions:

= (S5 ()

g O¢

where bars represent averages, g is the standard deviation of PGS across individuals and o is
the standard deviation of environmental contributions across individuals. These simulated traits
were then analyzed using the same pipelines as the other traits (e.g., adjusting for covariates
etc.). Importantly, SNP discovery and effect size estimations in GWAS were performed without

knowledge of the causal SNPs.

Polygenic score construction and trait prediction

For all GWAS designs described above, we used p-value thresholding followed by clumping to
choose sets of roughly independent SNPs to build PGS. We considered a logarithmically-spaced
range of p-values: 10"8, 107, 10, 107, 10'4, 102 , and 102 (or a subset if no SNP reached that
significance level). We then used plink’s clumping procedure (using the flag: --clump) with LD
threshold 72 < 0.1 (using 10,000 randomly selected unrelated WB samples as a reference for LD
structure) and physical distance threshold of >1MB. The selected SNPs were then used to

calculate PGS for individuals in the prediction sets, by summing the allelic counts weighted by
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their estimated effect sizes (log of the odds ratios in the case of binary traits) using plink (using
the flag: --score). In a subset of cases, we also calculated polygenic scores using LDpred
assuming all loci are causal (Vilhjalmsson et al. 2015). To evaluate prediction accuracy, we
calculated the incremental R?: we first determined R? in a regression of the phenotype to the
covariates, and then calculated the change in R? when including the PGS as a predictor. For

binary traits, we calculated the incremental area under the receiver operator curve (AUC).

Estimating heritability and genetic correlation

We calculated SNP heritability across sex, age and SES groups for diastolic blood pressure, BMI
and years of schooling, respectively (as described in the section “GWAS by sample
characteristics”) as well as genetic correlations across pairs of groups: we first performed GWAS
using all unrelated WB individuals in each group. We then used the GWAS summary statistics to
perform LD score regression with LD scores computed from the 1000 Genomes European-

ancestry samples (Bulik-Sullivan et al. 2015).
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1 Prediction accuracies of polygenic scores based on standard
and sib-GWAS

1.1 Overview of derived results

In the main text, we compare the prediction accuracies of polygenic scores (PGS) based on a
standard GWAS of unrelated individuals and a GWAS based on sibling differences, for a number
of traits. Here, we describe how this comparison is implemented, and how indirect effects and

assortative mating manifest in this comparison.

Matching standard and sib-based prediction accuracies. Current standard GWAS are based
on huge sample sizes, leading to less noisy estimates than are afforded by family association stud-
ies such as those based on sib-differences, which are typically much smaller. This difference in
precision needs to be taken into account in making comparisons between the prediction accuracy
of scores derived from the two approaches. We show that under a vanilla additive model with
no assortative mating, indirect effects, population structure (or other complications), and if the

standard GWAS is subsampled to a sample size

1

* pairs

IR 20

n

where nP*"* is the number of sib pairs, h? is the heritability and p,; is the correlation in envi-
ronmental effects experienced by siblings, the two study designs are expected to have the same
(out-of-sample) prediction accuracy (see Section 1.2). This analytic result is not that useful in
practice, however; in particular, it requires prior knowledge about the extent to which environmen-
tal effects correlate among siblings. Instead, we took an empirical approach to match the prediction
accuracies in the two approaches: following [4], we subsampled the regular GWAS to match the
median standard errors of the sib-GWAS. As we show in Section 1.2.3, under our vanilla model,

we then expect near identical out-of-sample prediction accuracies for polygenic scores derived



from the two study designs.

Indirect parental effects. In the presence of indirect parental effects, the out-of-sample predic-

tion accuracy takes a simple form. For a polygenic score based on a standard GWAS, we obtain

1

E 2 — 2
R =

ur

where 72 is the ratio of the variance in the trait due to both direct effects and indirect effects of
transmitted parental alleles over the total phenotypic variance; and c is a term representing the

noise to signal ratio in a standard GWAS. For the polygenic score based on sib-GWAS, we obtain

o 1
EIR% = (1 UL ) —
[ szb] ( +p0'/3) 51+c7'2/h%

2

where a% and o

are the variances of random direct and indirect effects, respectively, p is the
correlation between direct and indirect effects, and h?g is the proportion of the phenotypic variance
explained by direct effects. Our results suggest that under plausible conditions, the presence of
indirect effects would lead to higher prediction accuracy in a standard GWAS (after our sampling

variance matching procedure). This result holds whether direct and indirect effects are positively

correlated, uncorrelated or even somewhat negatively correlated (Appendix-figure 9).

Assortative mating. We investigated several models of assortative mating by simulation. Stan-
dard GWAS-based polygenic scores have greater prediction accuracies than those based on sib-
GWAS when the parental phenotypes are positively correlated, and the reverse is true if they are
negatively correlated (Appendix-figure 10A,B). The relative difference in prediction accuracies
of the two study designs grows with the inclusion of more SNPs in the polygenic score model

(Appendix-figure 10D,F).

In our analytic considerations, we ignored the ascertainment step of our study design, in which

it is decided which SNPs to include in the polygenic score. We assumed that SNPs are pre-
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ascertained and that the set of ascertained SNPs includes all causal ones. In a subset of simu-
lations, we implemented the ascertainment step based on an independent simulated GWAS (see
below). In both settings, we refer (somewhat loosely therefore) to the regression on ascertained
SNPs in a sample of unrelated individuals as “standard GWAS” and the regression of the difference

in phenotypes on the difference in sib genotypes as “sib-GWAS.”



1.2 Picking the sample size of the standard GWAS sample to match the pre-
diction accuracy of the score based on the sib-GWAS
We look for the sample size n* of a standard GWAS performed on sample of unrelated individuals
such that, under our vanilla model, the resulting polygenic score has the same (out-of-sample)
prediction accuracy as the polygenic score obtained from a sib-GWAS with sample size npqirs.
We begin by assuming that all causal sites ¢ are known; that they are unlinked; that they have
only additive, direct effects on the phenotype; and that there is no population stratification or
assortative mating. We first find the sampling variance of the effect size estimate for a single site
obtained from each of the two study designs. We will then examine (and ultimately match) the
prediction accuracy of the polygenic scores obtained from effect sizes estimated in the estimation

sets, BW, Bsib, on a new, independent prediction sample of unrelated individuals {(z’, y)}.
1.2.1 Sampling error of the estimated effect size at a single site
Our model for the phenotypic value y is

y=g+e

where e is a Normally distributed environmental effect (which includes all sources of random
noise) and

9="05"+ Z Bix;
where z; € {0, 1,2} are random genotypes. The genotype is coded as the the number of alleles
with effect /3; carried by the individual at site i. Effect sizes 5 = {f;} are treated as fixed pa-
rameters throughout (except when noted otherwise in the very last step leading to eq. 23). We can

rewrite our model to focus on the effect size at a single site ::
y = Bo + Bizi + €, (D

where

€ =g — Pz +e,



with variance

Varle] = Varlg — Bix;] + Varle] = Varly] — B2V ar|x]
In an OLS regression, the standard error for the effect of an allele at site ¢ is

N Var[e,] ~ Varly] — BiVar(xi]
Var[{"] = (n—1)Varlz]  (n—1DVar[z] )

where 7 is the sample size. In sib-GWAS, our model for site ¢ is
Ay = B5" + BiAx; + A,

with variance

Var[Aeg] = Var|Ag — BiAx;| + Var[Ae] =
Var[Ag) + B2V ar[Ax;] — 262V ar[Ax;] + Var|[Ae].
Recall that for siblings (denoted with subscripts A and B), we expect

Cov|x; a, T B] = EVar[xi],

1
Covlga, gg] = EVar[g].

Plugging these back in, we obtain
Var|Ae¢] = Varlg] — B2V ar[z;] + 2Var[e](1 — pss)

where pg;, = Corlea, e is the correlation in environmental effects between sibs. The variance of

the estimated effect size in sib-GWAS is therefore

Var[Ag] - Varly] - B2V ar(z;) + Varle](1 — 2p8ib)‘

Hsib] __
VCLT[BZ' ] o (npairs — 1)VCLT[A[EZ] N (npairs - ]_)V(IT’[ZL‘Z]

3)

1.2.2 Sample size required for matched prediction accuracy

We measure prediction accuracy as the expected squared correlation between polygenic scores g

and phenotypic values in an independent prediction set of unrelated individuals, denoted {(2',v")},
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Cov?[g(a'),y']
Varly'|Var(g(«)]’

By R] =

To incorporate randomness both in the estimation set (summarized by the Multivariate Normal

distribution of ) and the prediction set {(z’,1/)}, we will require

EBur( [E{ (z',y") }[RZ]] = Eﬂszb(npaZTS)[E{(x y)}[R H

where ((n) is a set {3;} estimated in a GWAS with sample size n. Equivalently,

Cov? [gsib (CL‘,) ) yl] Cov? [gur (I/)v y/]
Vargsip(x')] Var|gu(z')]

Egon| = Ejgur| I, (4)

where we left out the sample sizes for brevity, and Var[y'| was cancelled out. Finally, we can

replace eq. 4 by its first order Taylor approximation to get the requirement

E[Coviaryngsn(@), ¥ 11° | E5lCoviary)y[gur(27), y']1?
EB[VGT{(x’,y’)}[gsib(x/ H EB[VGT{(Q:/W/)}[QUT(I/ ]]

&)

We solve eq. 4 for a sample size n* to be used for estimation of the polygenic score in a standard

GWAS that satisfies eq. 4. We note that if the vector of estimates B is given, then

Coviaryn Y, 3(a)|B] = Covgr yyla(@), g(x') + > xi(B;

Varw ymlo@)|B8] + > Cov gy Bi, (B — B1)al| 8] = Z Var(a}) 8if;. (6)
Since for every 7, we have
E[p"] = E[B"] = 8;,

we obtain

Ego[Covly, gun(2')| 6] ZVar Egu[Covly, gur(2')| 8],

which turns the requirement of eq. 5 into

!

Egan[Varya yy [sw(2)]] = Egur [V ar @ y)y[Gur (2)]],



or simply
Z Var[X;|Var| ﬁ“r Z Var|X;|Var ﬁs“’] @)

Plugging the sampling variance results from eq. 2 and eq. 3 into eq. 7 and reordering, we obtain

nf—-1 Sl Varly] — B2Var|z;]
npairs -1 B Z:ﬂ Var[y] - 612‘/@7“[1'1] + Var[e](l - 2psib>’

or, assuming that the trait is polygenic such that m >> 1,

n* N 1
npeirs 1+ (1 —h2)(1 — 2ps)

®)

Eq. 8 can in principle be applied to the estimation of p;;, for a given trait, under our model

assumptions, and given an independent estimate of h?.
1.2.3 Empirical matching of standard errors

The result of eq. 8 is the same as we would obtain if we required
Vi Var[B;® (z:)] = Var (5" (43")] ©)

without taking into account randomness in the prediction set. In practice (and in the results shown
in the main text), we have no prior knowledge about p,;, and instead we find a sample size n* for

the standard GWAS such that
median;(Var[3:®(x)]) = median;(Var[3" (x)]) (10)

We note that the condition in eq. 9 is approximately met because, if we assume that y is a highly
polygenic trait where

Vi B2Var|xi] << Var[y,
then

D
Var|z;]

Vi Var[Bsit(z)] = Var[3" (z)] =

where D is the same for sib-GWAS and standard GWAS estimates (given that a sample of n* is

used), and approximately independent of 3;. Eq. 10 can be thought of as a weighted-median of

10



D. In conclusion, the requirement of eq. 10 leads to equal prediction accuracy of standard and
sib-GWAS under the vanilla model assumptions. We note further that in the main text (Figure 3),
to follow common practice, we use incremental R? throughout rather than R?. However, as we

show in Appendix-figure 16, using R? instead gives highly similar qualitative results.

11



1.3 Indirect parental effects

1.3.1 Distribution of the effect size estimate at a single site

We consider an additive model with direct effects as well as indirect parental effects, assuming
no interaction between the parents and the polygenic score of the children and ignoring possible
indirect effects of siblings on each other. The other assumptions from the previous section—e.g.,

independent segregation of alleles across sites—remain. We start by considering the model
y=PBo+tg+tn+t+e

where ¢ is the sum of direct effects in an individual with genotype (effect-allele count) z; at each
site 7,

9= Z Gixi,
and

is the sum of parental indirect effects, with parental allele counts z; + :i’f + z7" at each site, where
2™ is the untransmitted maternal effect allele count, and 7% the untransmitted paternal effect allele
count, with ", #¥ € {0, 1}. As we show, when we choose the standard GWAS sample size n* such
that the sampling error of the effect size estimates matches that of the sib-GWAS, the prediction
accuracies of the two polygenic scores differ in an independent sample: unless there is a large,
negative correlation between indirect and direct effects, the polygenic score from standard GWAS
is expected to outperform the one based on sib-GWAS.

We first examine the distribution of an estimated effect size of z; on the phenotype. The OLS

regression for a single site in a standard GWAS follows eq. 1 and can be rewritten as
y = 0o+ (B +mi)wi +mi(T] +T") + & (11)

with
e =g+n+e—(Bi+mw — (] + ")

12



By the assumption of no assortative mating or other population structure,

Covl?, '] = Covlz;, '] = Covlz;, 7¥] = 0. (12)

R 7

It directly follows that under the generative model specified by eq. 11, the OLS regression of y to
x; and Z¥ + 7™ is a regression involving two independent variables. Therefore, B;” is Normally

distributed with expectation
E[Blm] = Bi + mi.
We next calculate the variance of B;““. From assumption 12 and
Var[z]" + 28] = Var|z],
we obtain
Var(e]) = Varlyl+(Bi+n:)?Var[x|+n?Var[z;]—2Cov[g+n, (Bi+n:) 2] —2Cov[n, n; (7 +3L)] =

= Varly] — Var[z](6] + 28im; + 2n7).

Finally,
Varl[e;] ~ Varly| - Var(z;|(67 + 26:m: + 2n7)

Var[B{"] = (n —1)Var[z;] (n — )Var|[x]

(13)

In sib regression, we have

Ay = Ag+ Ae

since indirect parental effects cancel out when taking the difference between siblings (as siblings
have the same parental effect allele count). Thus, the expected estimate is the same as it was in the
absence of indirect effects. Using the same considerations as in Section 1.2 for the variance in sib

differences, we obtain

Varlg] — B2V ar|x;] + Var[e](1 — 2psi)

Qsib
B~ N (B (Npairs — 1)V ar|x;] )

where pg;; 1s again the correlation in environmental effects between siblings.
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1.3.2 Polygenic score prediction accuracy

We now examine the difference in prediction accuracies of §*" and §*® after matching
Var[B"] = Var[3:"] (14)

by choosing a standard GWAS sample size n* that empirically satisfies the condition, as we do in
the main text (see also Section 1.2.3).

We can derive the expected prediction accuracy by averaging over both the estimation set
(which we again shorthand as the distribution of /3) and the prediction set {(z’,/)}. By the law of
total expectation,

COU% )}[?7( ) ‘ ]
ﬁVar{xy |8V ar(u yyG(2)| 5]

o BlConwmli) vIBP 5

Variw gy W 1B1E;[V ar gy [§(«)| 5]
where the second step is an approximation of the expected prediction accuracy by its first-order

E[R?| = Eg|E(w yn R = | ~

Taylor expansion. The numerator of eq. 15 is

B3 o 85), VI = B[S (B + m)BCone o, 1 =
= B3 Varle (5. + ) =
= (3 Varlal( + n)BIAD? a6
The terms in the denominator of eq 15 are
Varia (8] = Varly) (17)
and
E5[Var(w g2 Z Var(z)3 Z Varlw)(E[B]* + Var[B]).  (18)

14



Plugging eq. 16,17,18 back into eq. 15, we obtain

E[RY ~ (7 Var(w)(8; + n:) E[5i])?

~ - —. (19)
Varlyl 327 Varlz|Var|p) + 3.7 Varx | E[Gi)?)

‘We note that

C = Varly Z Var[xz;])Var(B]
is the same for sib-GWAS and standard GWAS under the requirement of eq. 14. We therefore have

(O Var[z)(Bi +n:)*)?

ER, ]~ = : (20)
C+Varly] Y7 Varz;|(8; + n:)?
and
B{R2,) e A2t Verled(Bt )5 21)

T o Varly] Y0 Varlz]s?

If we denote the proportion of the phenotypic variance explained by direct effects by

B2 — > Var|z;| 3}
B Varly| ’

the proportion of the phenotypic variance explained by indirect effects of transmitted parental

alleles by

n- Varly]

and the proportion of phenotypic variance explained by both direct and indirect effects of trans-

mitted alleles by

L X Varls)(B )
' Var|y]

then eq. 20 can be written as
1

1+c

B[R]~ — (22)

where we defined

. o Var[xi]Var[ﬁAi]
- 2 Var[z](8 +mi)*

Here, c can be thought of as a summary of the noise-to-signal ratio, with respect to the signal

coming from both direct and indirect effects of transmitted alleles. If we consider effects 5 and
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7 as random, treating results obtained thus far as conditional on  and 7, and further assume that
effects are i.i.d. across sites (implying, in particular, that effect sizes and allele frequencies are

independent),

Bi 0 o3 pogoy
m )~ 0 )\ pogo, o ’

the expectation of the numerator of eq. 21 is

Eﬁ,n[z Var(z]8i(8i +m:)|8,n] = Z Var|z]Es, 16 + Bini] = Z Var(z;) (o} + pogoy)

and thus eq. 21, in expectation, is:

1
E[R%] ~ Eg,[E[R%,|8,n]] = (1 + p";>2h2 (23)

sib o5’ P14+ c/a’
where

o _ ZZ” Va”’[%]ﬂ?
= T S el (B, + )

We examined the fit of this prediction to simulated data. Specifically, we ran simulations to

estimate effect sizes in a sib-GWAS and in a standard GWAS, after choosing n* to match their
sampling variances. Finally, we used the polygenic scores to predict phenotypic values in a sample
of unrelated individuals (see Section 1.3.3 for further detail).

Appendix-figure 9A,C,D show the analytic result alongside simulation results, for different
correlation coefficients between indirect and direct effect sizes. Even in the absence of a correlation
between indirect and direct effect sizes, the polygenic score based on standard GWAS outperforms
the polygenic score based on sib-GWAS.

Rlin
R2

ur

To understand this behavior and dependency of the ratio on other parameters, we divide

eq. 23 by eq. 22 and obtain

R%,  E[R%] o, \° 14c¢
E sib] sibl 1 -n )
= mm = (1 02) e
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Noting further that

2 2 2 2
14p71) = (22207 & —1-(1-p)2
os os 0% + 2pogo, + o2 T2’
we obtain
R2 o 14c
E[=% 1 - (1—p?)2 . 24
R U e P (24
5

A few conclusions emerge from eq. 24 and the accompanying simulations. First, the sib-GWAS
based polygenic score will outperform the standard GWAS-based polygenic score only if direct
and indirect effects are strongly negatively correlated (see Appendix-figure 9A-D for illustration).

Second, the term

1+ ¢ B 1+ > Variﬁ;]\/ar[xi] (25)
2 ™ VarB;|Var[z;
U ey 14 SVmle

can be interpreted as the dependence on the noise-to-signal ratio (where the signals are the propor-
tions of phenotypic variance explained by direct and indirect effects of transmitted alleles). For a
given sampling variance (matched across the two study designs), the extent of the signal will differ
between standard GWAS and sib-GWAS. Importantly, the sampling variance influences the ratio
of prediction accuracies. If indirect effects do not exist or make negligible contributions to the trait
in question, then the ratio of prediction accuracies is expected to be close to one. In the presence
of indirect effects, however, the magnitude of the deviation from 1 depends on the relationship
between direct and indirect effects (and their covariance) as well as on the (matched) sampling

variance. Simulations of several parameter combinations suggest that the overall effect of this de-

2
sibs

pendence on the noise-to-signal ratio is a decrease in R2,,_/R2 as noise increases; as more SNPs
are included in the polygenic scores, the advantage of the standard GWAS-based polygenic score
over that of the sib-GWAS grows larger (Appendix-figure 9E-H). These considerations inform

the interpretation of patterns observed in Figure 3C-F of the main text.
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1.3.3 Simulations of indirect effects

For each set of simulated individuals (discovery, estimation and prediction sets), we first simulated
mother-father pairs, assigning parental alleles from Bernoulli(p;), where p; denotes the allele
frequency at site 2. We then sampled the parental alleles at random to generate offspring (one off-
spring per each mother-father pair to simulate a sample of unrelated individuals and two offspring
to generate sibling pairs). Phenotypes of the offspring were assigned under an additive model,

sampling from a Normal distribution with mean
Z Biws + mi(af + ")

(where z7* and 2! are the maternal and paternal effect allele counts, respectively) and variance
o2, representing the total variance of environmental effects. When there is no correlation between
direct and indirect effects, 0% = 1 — h% — 27’3 . Using this approach, we generated a set of sibling
pairs and estimated SNP effect sizes from these simulated data using a sib-GWAS. We calculated
n* as follows: we simulated sets of unrelated individuals with a range of sample sizes. In each set,
we performed a simple linear regression of the phenotypic values on the genotypes. We then esti-
mated a linear relationship between the inverse of the median standard error of effect size estimates
(as a dependent variable) and the square root of the sample size. Using this linear relationship, we
predicted the sample size for the unrelated set that gives a median standard error equal to the me-
dian standard error of sib-GWAS effect size estimates (n*). Finally, we simulated a set of unrelated
individuals with sample size n* and compared the prediction accuracy (R?) of the polygenic score
based on standard GWAS on this sample with the one obtained from sib-GWAS.

We additionally investigated the effect of the number of SNPs included in the polygenic scores.
For this analysis, we sorted the SNPs based on the association p-value obtained in an independent

simulated set of unrelated individuals.

In these simulations, we used the following parameter values:

18



- The ratio of the phenotypic variance accounted for by direct effects versus by indirect effects
(h3/1): 5

- The phenotypic variance explained by offspring and parental alleles, given no correlation
between direct and indirect effects (h% + 27’3): 0.250r 0.5

- The ratio of the variance of direct effects to the variance of indirect effects (a/% / af]): 5

- Allele frequencies are drawn from a truncated exponential distribution, truncated on the left
such that the minimum allele frequency is 1%.

- The number of loci, assumed independent (i.e., in linkage equilibrium): 100 (all causal), or
10,000 (all causal) or 10,000 (20% causal)

- SNP effect sizes drawn as

(o) =5((0) (e, 7)),

where p is the correlation between direct and indirect effect sizes. Effects sizes were then re-scaled
to satisfy 7" 267p; (1 —p;) = h3 and Y 2n7p;(1—p;) = 7,7. Effects were set to 0 for non-causal
loci.

- The number of sibling pairs for sib GWAS: 10,000

- The number of unrelated individuals for prediction: 10,000

- The number of unrelated individuals for discovery GWAS (i.e., to decide which SNPs to
include): 20,000

- Number of iterations used to estimate n* and R? for a given set of parameters: 10
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1.4 Assortative mating

We consider assortative mating with regard to a phenotype, whereby the parents of individuals were
more likely to mate if they were similar with respect to that phenotype. This process generates a
correlation between genetic variants that contribute to the phenotype (i.e., linkage disequilibrium).
Consequently, in a standard GWAS, the effect sizes of causal SNPs will partially capture the ef-
fect of other causal SNPs as well. Estimated effect sizes are thus expected to be inflated under
positive assortative mating (mating of similar individuals) and deflated under negative assortative
mating (mating of dissimilar individuals). In turn, in a sib-GWAS, the estimates are in expectation
unaffected by assortative mating, because genetic differences between siblings arise from random

Mendelian segregation in the parents.
1.4.1 Simulations of assortative mating

We used simulations to examine the phenotypic prediction accuracies of polygenic scores based
on sib- and standard GWAS under a model with assortative mating (assuming no indirect effects
or population stratification beyond assortative mating); to this end, we considered a sample of un-
related individuals, varying the degree of correlation between parental phenotypes p,. Similar to
our simulations for indirect effects (Section 1.3.3), we first simulated the estimation procedure in
a sibling-based and in a standard GWAS (with sample size n*). We then computed the prediction
accuracy R? in an independent sample of unrelated individuals (see Further simulation details

below).

We first considered the simple case of a single generation of assortative mating. In the pres-
ence of positive assortative mating (p, > 0), polygenic scores based on standard GWAS outper-
form those based on sib-GWAS, whereas the opposite is true in the case of negative assortative
mating (p, < 0) (Appendix-figure 10A). In simulations of two generations of assortative mating,

the gap between the prediction accuracies of scores based on standard and sib-GWAS (Appendix-
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figure 10B) widens, suggesting that our qualitative findings apply to scenarios of sustained assor-

tative mating as well.

We further investigated prediction accuracy as a function of the number of SNPs included in
the polygenic scores, by progressively increasing the p-value threshold, using p-values obtained
from an independent GWAS in unrelated samples (similar to our analysis in Figure 3). We con-
sidered two genetic architectures scenarios: (i) in which all SNPs are causal and (i1) the case in
which 20% of of SNPs are causal (leading polygenic scores to include non-causal SNPs). Under
both scenarios, the gap in prediction accuracies between standard and sib-GWAS grows with the

number of SNPs (Appendix-figure 10C-F).

Further simulation details. We simulated parental and offspring alleles as described for indirect
effects in Section 1.3.3. To mimic assortative mating between parents, we first simulated i.i.d.
genotypes (with effect allele counts x; at each SNP ¢) and randomly assigned “mother” and “father”
labels to each individual. We then generated corresponding parental phenotypes under an additive

model as

N(i ﬁixi, V ]. — hQ)

where f3; is the effect size of SNP 7, and h? is the heritability. The same model was used to generate
offspring phenotypes.
To mimic the assortative mating process, we induced a given correlation between parental

phenotypes, p,, by paring mothers and fathers as follows: we first generated a random matrix

(o )= (05 ) (o, 7%™)
up,i yp ’ pCL Uym pr pr ’

where 7,,, and 7, are the average phenotypes of mothers and fathers, respectively, o, and o, are

the standard deviation of the phenotypes of mothers and fathers, respectively. We then sorted the
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mothers and fathers sets such that the ranks of values in y,,, and ¥y, match the ranks of values in u,,
and u,, respectively, to obtain cor(yum, yp) ~ cor(um, u,) = p,. In the case of two generations of
assortative mating, we simulated the generation of the grandparents similarly. We compared the
performance of polygenic scores based on standard and sib-GWAS as described in Section 1.3.3.
In the simulations, we used the following parameter values:

- Heritability under random mating (h?): 0.5

- The number of loci, assumed independent (i.e., in linkage equilibrium) under random mating:
10,000 (all causal) or 10,000 (20% causal)

- Allele frequencies, p, drawn from a truncated exponential distribution, truncated on the left
such that the minimum allele frequency is 1%.

- SNP effect sizes set to 0 for non-causal loci and drawn as 3; ~ N(0,0?), choosing 2 to
satisfy Y " 2637p;(1 — p;) = h? for causal loci.

- The number of sibling pairs for sib GWAS: 10,000

- The number of unrelated individuals for prediction: 10,000

- The number of unrelated individuals for discovery GWAS (i.e., to decide which SNPs to
include in the polygenic score): 20,000

- The number of iterations used to estimate n* and R? for a given set of parameters: 10
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Appendix-table 1: UK Biobank phenotype data used in this study and their corresponding data fields. In
parentheses are the units of measurements.

‘ Trait Description UKB data field
Age Age when attended assessment center (years) 21003
Age at first sex Self-reported age at first sexual intercourse (years) 2139
Alcohol intake frequency Self-reported category, encoded as an integer: 1, “Daily or 1558
almost daily”; 2, “Three or four times a week™; 3, “Once
or twice a week™; 4, “One to three times a month”;
5, “Special occasions only”; 6, “Never”
Basal metabolic rate Estimated from body composition impedance measurements (KJ) 23105
Birth weight Self-reported birth-weight (Kg) 20022
Body mass index Constructed from height and weight measurements (Kg/m?) 21001

Diastolic blood pressure

Measured using automated devices (mmHg); values are adjusted
for medicine use (see Materials and Methods)

4079, 6153, 6177

Fluid intelligence Unweighted sum of the number of correct answers given to 20016
13 fluid intelligence questions
Forced vital capacity Calculated from breath spirometry (liters) 3062
Hair color Self-reported category, encoded as an integer: 1, “Blonde”; 1747
2, “Red”; 3, “Light brown”; 4, “Dark brown”; 5, “Black™;
none, “Other”
Hand grip strength Measured right and left hand isometric grip strength (Kg) 46, 47
Height Measured standing height (cm) 50
Hip circumference Measured hip circumference (cm) 49
Household income Self-reported average total annual household income before tax 738
category, encoded as an integer: 1, “Less than £18,0007;
2,“£18,000 to £30,999”; 3, “£31,000 to £51,999”;
4,“£52,000 to £100,0007; 5, “Greater than £100,000”
Neuroticism score Derived summary score, based on participants’ responses 20127
to 12 neurotic behaviour-related questions
Number of full siblings Sum of self-reported number of full brothers and full sisters 1873, 1883
Overall health rating Self-reported category, encoded as an integer: 1, “Excellent”; 2178

2, “Good’; 3, “Fair”; 4, “Poor”

Hospital inpatient diagnoses

Diagnoses made during hospital inpatient admissions, coded
according to the International Classification of Diseases
(ICD-9 and ICD-10)

41202, 41203, 41204
41205, 41270, 41271

Pack years of smoking Calculated for individuals who have ever smoked as the number 20161
of cigarettes smoked per day, divided by twenty, multiplied
by the number of years of smoking (years)
Pulse rate Measured during the automated blood pressure readings (bpm) 102
Qualifications Self-reported educational or professional qualifications, selected from: 6138
“College or University degree”, “NVQ or HND or HNC or equivalent”
“Other professional qualifications eg: nursing, teaching”
“A levels/AS levels or equivalent”, “O levels/GCSEs or equivalent”
“CSEs or equivalent”, or “None of the above”
Sex Self-reported sex and as determined from genotyping analysis 31, 22001
Skin color Self-reported category, encoded as an integer: 1, “Very fair”; 2, 1717
“Fair”; 3, “Light olive”; 4, “Dark olive”; 5, “Brown”; 6, “Black”
Townsend deprivation index Townsend deprivation index at recruitment 189
Vascular/heart problems Self-reported vascular/heart problems diagnosed by doctor 6150
selected from the categories: “Heart attack”, “Angina”,
“Stroke”, “High blood pressure”, and “None of the above”
Waist circumference Measured waist circumference (cm) 48
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Appendix-table 2: Genetic correlations across samples that vary by a study characteristic. Numbers are
genetic correlations estimated using LD score regression for BMI, years of schooling and diastolic blood
pressure, across samples stratified by age, Townsend deprivation index (a measure of socioeconomic status,
SES), and sex, respectively. ‘Q’ denotes quartile of age or SES.

Trait/characteristic ‘ Pair of strata ‘ Genetic correlation (s.e.) ‘
(Q1,Q2) 0.93 (0.036)
(Q1,Q3) 0.95 (0.035)
BMI/Age (Q1,Q4) 0.95 (0.038)
(Q2,Q3) 0.89 (0.032)
(Q2,Q4) 0.91 (0.036)
(Q3,Q4) 1.00 (0.040)
QL.Q2) 0.98 (0.054)
(Q1,Q3) 1.00 (0.067)
Years of schooling/SES (Q1,Q4) 0.93 (0.068)
(Q2,Q3) 0.97 (0.064)
(Q2,Q4) 1.09 (0.074)
(Q3,Q4) 1.04 (0.074)
Diastolic blood pressure/Sex | (male,female) | 0.93 (0.031) |
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Appendix-table 3: Sample sizes used for siblings and unrelated sets. As described in Figure 3A, for the
comparison of prediction accuracies of polygenic scores based on standard and sib-GWAS, we first ascertain
SNPs in a large sample of unrelated individuals (“Unrelated-discovery”) and then estimate the effect of these
SNPs with a standard regression using unrelated individuals (“Unrelated-n*”) and, independently, using sib-
regression (in the “Siblings” set). Finally, we used the polygenic scores for prediction in a third sample of
unrelated individuals (“Unrelated-prediction”). This table shows sample sizes used for each set across the
traits analyzed. For simulated traits, the numbers in parentheses are heritability, number of causal loci, and
simulation replicate, respectively (three traits were simulated for each pair of heritability and number of
causal loci parameters, see Materials and Methods for simulation details).

Trait Siblings (pairs) Unrelated-n* Unrelated-discovery Unrelated-prediction
Age at first sex 13675 8746 244988 27220
Alcohol intake frequency 17282 10923 276885 30764
Basal metabolic rate 16802 13467 269750 29972
Birth weight 6750 5766 159074 17674
BMI 17217 12359 274868 30540
Diastolic blood pressure 14791 9514 253227 28136
Fluid intelligence 3889 2979 101016 11223
Forced vital capacity 14605 10009 252576 28064
Hair color 16859 11763 272209 30245
Hand grip strength 17070 10832 275117 30568
Height 17242 18147 269973 29997
Hip circumference 17254 11648 275930 30658
Household income 13240 8704 239326 26591
Neuroticism score 11756 6909 227010 25223
Overall health rating 17189 10378 276581 30731
Pack years of smoking 2307 1682 85544 9504
Pulse rate 14791 8812 253859 28206
Skin color 16903 10334 274159 30462
Waist circumference 17257 11749 275873 30652
Years of schooling 17037 11885 273553 30394
Simulated trait (0.5,10K,1) 17299 11685 276404 30711
Simulated trait (0.5,10K,2) 17299 11505 276566 30729
Simulated trait (0.5,10K,3) 17299 11422 276641 30737
Simulated trait (0.5,100K,1) 17299 11814 276288 30698
Simulated trait (0.5,100K,2) 17299 11833 276271 30696
Simulated trait (0.5,100K,3) 17299 11490 276579 30731
Simulated trait (0.1,10K,1) 17299 9072 278756 30972
Simulated trait (0.1,10K,2) 17299 9158 278678 30964
Simulated trait (0.1,10K,3) 17299 9111 278721 30968
Simulated trait (0.1,100K,1) 17299 9133 278701 30966
Simulated trait (0.1,100K,2) 17299 9069 278758 30973
Simulated trait (0.1,100K,3) 17299 9108 278723 30969
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Appendix-table 4: Qualifications to years of schooling conversion table. Educational or professional
qualifications were converted to years of schooling following Okbay et al. [2]

’ Qualifications (UKB data field 6138) Years of schooling

College or University degree 20
NVQ or HND or HNC or equivalent 19
Other professional qualifications eg: nursing, teaching 15
A levels/AS levels or equivalent 13
O levels/GCSE:s or equivalent 10
CSEs or equivalent 10
None of the above 7
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Appendix-figure 1: Variable prediction accuracy within an ancestry group. This figure extends Figure 1
of the main text, showing prediction accuracies based on large-scale diverse GWAS that are the union of
all strata matching the number of individuals in each stratum. The numbers in parentheses show GWAS
sample sizes (see Materials and Methods for details). Each box and whiskers plot was computed based on
20 iterations of resampling estimation and prediction sets. Thick horizontal lines denote the medians. The
polygenic scores were estimated in samples of unrelated WB individuals. Phenotypes were then predicted in
distinct samples of unrelated WB individuals, stratified by sex (A), age (B) or Townsend deprivation index,
a measure of SES (C). In red and green cases, polygenic scores are based on a GWAS in a sample limited
to one sex, age or SES group (a “stratum”). In black, polygenic scores are based on a diverse GWAS in a
pooled sample of all strata. In blue, polygenic scores are based on a diverse GWAS in a pooled sample of
all strata but downsampled to match the size of the stratified GWAS.
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Appendix-figure 2: Variable prediction accuracy (measured as R?) within an ancestry group. This fig-
ure mirrors Figure 1 of the main text, except for the y-axis showing are R? values (squared correlation
between polygenic score and phenotype residualized on covariates), rather than incremental R2. Each box
and whiskers plot was computed based on 20 iterations of resampling estimation and prediction sets. Thick
horizontal lines denote the medians. The polygenic scores were estimated in samples of unrelated WB indi-
viduals. Phenotypes were then predicted in distinct samples of unrelated WB individuals, stratified by sex
(A), age (B) or Townsend deprivation index, a measure of SES (C). In red and green cases, polygenic scores
are based on a GWAS in a sample limited to one sex, age or SES group (a “stratum”). In blue, polygenic
scores are based on a GWAS in a pooled sample matching the number of individuals in each stratum.
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Appendix-figure 3: Dependence on the polygenic score model. This figure extends Figure 1 of the main
text, showing the prediction accuracies as a function of the p-value threshold for inclusion of a SNP in the
polygenic score when based on a pruning and thresholding approach. The higher the p-value threshold is,
the more SNPs are included. Last points on the x-axis correspond to a polygenic score model based on the
LDpred approach [3] with a prior probability of 1 on loci being causal. Shown are incremental R? values
in different prediction sets. Points and error bars are mean and central 80% range computed based on 20
iterations of resampling estimation and prediction sets. (A,D,G). The polygenic scores were estimated in
samples of unrelated "White British” (WB) individuals. Phenotypes were then predicted in distinct samples
of unrelated WB individuals, stratified by sex (A), age (D) or Townsend deprivation index, a measure of
SES (G). (B-I) Same as in A,D,G, but here the polygenic scores are based on a GWAS in a sample limited
to one sex, age or SES group. The trends shown in Figure 1 of the main text are for p-value threshold of
10~%, and are qualitatively similar to the trends for other choices of the polygenic score model.
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Appendix-figure 4: Estimating mean effect size across strata. SNPs were ascertained in large samples of

unrelated “White British” (WB) individuals. The effects of trait-increasing alleles were then re-estimated in

an independent set of unrelated WB individuals (that were excluded from the original GWAS) stratified by

sex for diastolic blood pressure (A), by age for BMI (B) and by Townsend deprivation index, a measure of

SES for years of schooling (C). Points and error bars are mean and central 80% range computed based on
20 iterations of resampling ascertainment and estimation sets, plotted as a function of the p-value threshold
(for p-values obtained in the discovery GWAS).
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Appendix-figure 5: Variable prediction accuracy within an ancestry also seen using a linear mixed model.
This figure mirrors the last two columns in Appendix-figure 3, except that here, the GWAS estimates
were obtained from a linear mixed model (LMM) [1]. Shown are the prediction accuracies, measured as
incremental R?, as a function of the p-value threshold for inclusion of a SNP in the polygenic score. Points
and error bars are mean and central 80% range computed based on 20 iterations of resampling estimation
and prediction sets. The polygenic scores are based on a GWAS in a sample limited to one sex, age or SES
group. Phenotypes are then predicted in distinct samples of unrelated individuals, stratified by sex (A), age
(B) or Townsend deprivation index, a measure of SES (C). The qualitative trends are similar to those in
Appendix-figure 3, which uses a standard linear regression with PCs as a control for population structure
when testing for an association between the phenotypes and genotypes. The similarity suggests that the
observed differences in prediction accuracies across strata are not driven to a large degree by population
structure confounding.
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Appendix-figure 6: Comparison of siblings and unrelated individuals in the UK Biobank with respect to
age, SES, and sex ratio. Panels show the distribution of Townsend deprivation index, a measure of SES
(A), the age distribution (B), and the proportion of males (C) for the siblings and unrelated sets used in the
analysis described for Figure 3 of the main text. For each sibling pair, one sibling was randomly selected
for these comparisons. The asterisk symbol marks a significant difference at the 1% level between siblings
and unrelated individuals, as assessed by a Mann-Whitney test. SES and age distributions are quite similar
in siblings and unrelated sets, whereas the proportion of males is significantly smaller in the siblings.
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Appendix-figure 7: Comparison of siblings and unrelated individuals in the UK Biobank with respect to
population structure. Panels show the distribution of PCs (principal components of the genotype data) for
the siblings and unrelated sets used in the analysis described for Figure 3 of the main text. For each sibling
pair, one sibling was randomly selected for these comparisons. The asterisk symbol marks a significant
difference at the 1% level between siblings and unrelated individuals, as assessed by a Mann-Whitney test.
Despite slight but significant differences, siblings and unrelated sets are broadly similar with respect to their

genetic ancestries.
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Appendix-figure 8: Comparison of prediction accuracies of polygenic scores based on standard and sib-
GWAS for simulated traits. This figure mirrors Figure 3B of the main text, but here plotted for 12 simulated
traits. The numbers in parentheses are the heritability, the number of causal loci considered, and the sim-
ulation replicate number, respectively. Three traits were simulated for each pair of heritability and number
of causal loci parameters (see Materials and Methods for simulation details). Small points show the ratio
of the prediction accuracies in the two designs across 30 iterations; in each iteration, we resample sets of
unrelated individuals to constitute three sets: for discovery, estimation and prediction. Larger points show
median values.
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Appendix-figure 9: Simulation results for polygenic scores based on standard GWAS and sib-GWAS in
the presence of indirect effects. (A,B) Simulation results as a function of the correlation between direct and
indirect effects, p. Simulations were performed with h% = 0.5, 7'3 = 0.1, and a% / 0'% = 5. The size of the
estimation set in the sib-GWAS is 10,000, and the size of the estimation set in the standard GWAS is chosen
to match sampling variances between the two study designs. The polygenic scores is based on 10,000 causal
loci; its performance was evaluated in an independent set of 10,000 unrelated individuals. As long as direct
and indirect effects are not strongly negatively correlated, the out of sample prediction accuracy is higher for
the polygenic scores based on standard GWAS. (C) Same as (A) but with three-fold greater environmental
noise. (D) Same as (A) but with 100 causal loci. In (A-D) points are mean + 2 SD in 10 simulation
iterations. Solid lines are values based on analytic expressions derived in Section 1.3.2. (E-H) Simulation
results, with the same parameters as in (A) but p = 0.5, as a function of the number of SNPs included in the
polygenic scores, with all loci being causal (E,F), or with 20% of loci being causal (G,H). SNPs are added in
increasing order of their association p-value in an independent set of 20,000 unrelated individuals. In both
cases, the ratio of prediction accuracies of polygenic scores based on sib- versus standard GWAS becomes
smaller with the inclusion of more weakly associated SNPs, a behavior qualitatively similar to observations
in Figure 3 in the main text. Points are mean 4 2 SD in 10 simulations.
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Appendix-figure 10: Simulation results for polygenic scores based on standard GWAS and sib-GWAS
in the presence of assortative mating. (A) Simulation results as a function of the approximate correlation
between parental phenotypes, p,. Simulations were performed with h? = 0.5 under random mating. The
size of the estimation set in the sib-GWAS is 10,000, and the size of the estimation set in the standard
GWAS is chosen to match sampling variances between the two study designs. The polygenic score is based
on 10,000 causal loci; its performance was evaluated in an independent set of 10,000 unrelated individuals.
Standard-GWAS based polygenic scores outperforms (underperforms) sib-GWAS based polygenic scores
under positive (negative) assortative mating. (B) Ratio of prediction accuracies of the polygenic scores based
on sib- versus standard GWAS, as a function of p,, for two sets of simulations with one or two generations
of assortative mating, with same parameters as in (A). (C-F) Simulation results, with the same parameters as
in (A) but p, = 0.5, as a function of the number of SNPs included in the polygenic score, with all loci being
causal (C,D), or with 20% of loci being causal (E,F). SNPs are added in the order of their association p-
value in an independent set of 20,000 unrelated individuals. In both cases, the ratio of prediction accuracies
for scores based on sib-GWAS versus standard GWAS becomes smaller with the inclusion of more weakly
associated SNPs, a behavior that is qualitatively similar to observations in Figure 3 in the main text. Points
are mean + 2 SD in 10 simulation iterations.
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Appendix-figure 11: Comparison of prediction accuracies of polygenic scores based on standard and sib-
GWAS matched for sex ratio. This figure mirrors Figure 3B of the main text, but here the samples of siblings
and unrelated individuals used in the analysis are matched for their sex ratios. Results are shown for diastolic
blood pressure, as the prediction accuracy differed between sexes (Figure 1); the related phenotype of pulse
rate; and a subset of the traits for which the prediction accuracy varied by GWAS design (Figure 3B). Small
points show the ratio of the prediction accuracies in the two designs across 10 iterations; in each iteration,
we resample sets of unrelated individuals to constitute three sets: for discovery, estimation and prediction.
Larger points show median values. We note that pulse rate is now similarly predicted by the two GWAS
approaches, suggesting that perhaps the slightly higher prediction accuracy of the sib-GWAS shown in the
main text Figure 3B are due to the sex ratio difference; for other traits, results are qualitatively unchanged.

38



Age at first sex Alcohol intake frequency Basal metabolic rate Birth weight
. 0.004 . . 0.0100 - -
, 0.0200 .
0.003 «| 0.0039- : 0.00751 ;
0.0175
0.002 0.0029% . .| 0.0050
: : ;] 0.01504 ¢ .
i 0.0014" . :
0.001 0.0125 :| 0.0025
0.000 -
8 7 6 5 4 3 2 8 7 6 5 4 3 8 7 6 5 4 3 2
Fluid intelligence Forced vital capacity Hand grip strength
0.016 - -
0.006 .
0.014
0.025 . 0.003
> 0.004 | 0o124:
8 N
0.0109*
.02 .
> 0020 0.002 ' 0.002
(&) C_ﬁ :] 0.008
O =
© C oo . . 0.008 .
o) 8 7 6 5 4 3 2 8 7 6 5 4 3 2 8 7 6 5 4 3 8 7 6 5 4 3 2
C E Hip circumference Household income Neuroticism score Overall health rating
9 0.025 i :
— QO : 0.0020 0.003
O -
© 8 0.0015 . 0.002
) 0.0204, 0.002
S :| 0.00104 -
. '
o soorls 0.001],
0.0159 0.0005 ' .
-] 0.0000 -1 0.0004: 0.000
8 7 6 5 4 3 2 8 7 6 5 4 3 2 8 7 6 5 4 3
Pack years of smoking Pulse rate Skin color
0.005 : 30 . - 0.016
0.004 0.0259 + 0.014
P
0.0039 * 0.020 i 0.012
0.002 0.0154* 0.010{¥
0.001 T oo sib-based PGS .
.01 N
standard PGS 0.0081 -
0.000 : .
8 7 6 5 4 3 2 8 7 6 5 4 3 2 8 7 6 5 4 3 2 8 7 6 5 4 3 2

-log, ,(p-value threshold)

Appendix-figure 12: Prediction accuracy of polygenic scores based on sib-and standard GWAS, for a range
of traits. This figure complements Figure 3C-F of the main text, showing the results of the study design
depicted in Figure 3A for all traits presented in Figure 3. As described for Figure 3, we randomly divided
unrelated individuals to constitute three non-overlapping sets for discovery, estimation and prediction. Small
points correspond to 10 iterations of resmapling these three sets. The prediction accuracy is plotted as a
function of the p-value threshold, where p-values come from the discovery GWAS. Lines show median
values.
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Appendix-figure 13: Prediction accuracy for years of schooling, for individuals with 0 or 1 full sibling.
(A) The y-axis shows the prediction accuracy, measured as incremental R?, in prediction sets stratified by
participants’ number of siblings, using a polygenic score for years of schooling based on a GWAS performed
using individuals who reported to have exactly one sibling. The x-axis shows the p-value threshold for
inclusion of a SNP in the polygenic score when based on a pruning and thresholding approach. Last points on
the x-axis correspond to a polygenic score model based on the LDpred approach [3] with a prior probability
of 1 on loci being causal. Points are values based on 10 iterations of resampling estimation and prediction
sets. Thick horizontal lines denote the mean values. (B-E) Comparison of the distribution of Townsend
deprivation index (B) the age distribution (C), the proportion of males (D), and mean years of schooling
(£ 2 SD) between individuals who reported having no sibling and those who reported having one sibling.
The two sets have somewhat different distributions of ages (or possibly come from somewhat different birth
cohorts), a feature that could contribute to the patterns seen in panel A, but are otherwise similar with respect
to the other features considered.
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Appendix-figure 14: Variable prediction accuracy for binary traits, when measured as incremental AUC'.
This figure is analogous to the one shown in Figure 1 of the main text, but considering dichotomized versions
of the traits presented in Figure 1 in the prediction sets, and with the y-axis showing incremental AUC values
rather than incremental R2. The polygenic scores are based on GWAS using the quantitative trait values as
in Figure 1. The traits are (A) diastolic blood pressure of over 110 mmHg, (B) BMI of over 35 Kg/mz, and
(C) completing a college or a university degree. Each box and whiskers plot was computed based on 20
iterations of resampling estimation and prediction sets. Thick horizontal lines denote the medians.
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Appendix-figure 15: Variable prediction accuracy for binary disease phenotypes, measured as incremental
AUC, in men vs. women. This figure is analogous to the one shown in Figure 1 of the main text, but looking
at disease traits, and with the y-axis showing incremental AUC rather than incremental R?. Each box and
whiskers plot was computed based on 20 iterations of resampling estimation and prediction sets. Thick
horizontal lines denote the medians. The variable prediction accuracy of PGS based on GWAS in men
only versus women only could be driven in part by the differences in ratios of cases to controls (and hence
by differences in the precision of the effect size estimates). However, we also observe that the prediction
accuracy can vary depending on the sex composition of the test set (e.g., for cardiovascular outcomes), an
observation that cannot be attributed to differences in case:control ratios of the GWAS.
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Appendix-figure 16: Comparison of prediction accuracies of polygenic scores (measured as R2) based
on standard and sib-GWAS. This figure mirrors Figure 3B of the main text, but here we first residualized
the phenotypes on covariates, and then ran the same pipeline described as that used to generate Figure 3B
on the residuals without further adjustment for covariates in the GWAS or prediction evaluation. Thus, this
figure relates more directly to the analytical derivation in Section 1.2. However, the results in Figure 3B
and here are qualitatively similar. Small points show the ratio of the prediction accuracies in the two designs
across 10 iterations; in each iteration, we resample sets of unrelated individuals to constitute three sets: for
discovery, estimation and prediction. Larger points show median values.
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