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(A) PGSUS partitions variance in polygenic scores (PGS) into variance components at two level:
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Figure 1. Partitioning Genetic Scores Using Siblings (PGSUS). (A) PGSUS partitions the variance of
a PGS among individuals in a prediction sample at two levels. Namely, variance components are attributable
to both (i) effect type: direct effects, SAD effects, and their covariance, as well as estimation noise; and (ii) a
principal component of the genotype matrix of the prediction sample. The partitioning by effect types derives
from the generative model shown in (i) for standard GWAS effect estimates and the corresponding sib-based
estimates. (B) PGSUS does not require individual-level data. It only requires an input of GWAS summary
statistics, corresponding sib-based summary statistics, and a PCA of a genotype matrix representative of the
sample to which the PGS is to be applied. The output is the full set of variance components and corresponding
null acceptance regions. SAD variance components significantly larger than their corresponding eigenvalues would
predict are suggestive of stratification along the corresponding PC. In addition, “isotropic” SAD variance, i.e. large
SAD variance that is not specific to a PC, may suggest other modes of confounding such as assortative mating,
dynastic effects and population structure confounding that is not specific to a PC. However, other factors such as

ascertainment biases can substantially influence isotropic inflation as well.

effect estimates onto the PCs. Thanks to this equivalence, PGSUS does not require any individual-level

data, but only GWAS summary statistics and a PCA of the prediction sample (or a representative sample

from the population to which the researcher wishes to apply the PGS; Fig. 1A). In addition, expressing

the variance partitioning in this way allows us to link it to a generative model for the allelic effects (see

below). The quantity Uj-b is the scalar projection of the allelic effect estimates b on vector U; and can

be thought of as the effect estimated for principal component i. It is also closely related to the covariance

of the vector of allelic effect estimates with Uyj.

Generative model of allelic effect estimates. We model the allelic effect estimates from a



bioRxiv preprint doi: https://doi.org/10.1101/2025.02.01.635985; this version posted February 4, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

116 standard GWAS, B¢, as the sum

Ba =pBp +0 +eq, (2)

117 where §p is the true direct genetic effect, o represents SAD effects, and eg is a measurement error. At
118 each locus, we assume that eg has expectation zero and standard deviation equal to the standard error
119 of Bg as estimated in the GWAS. In a sib-GWAS, we model allelic effect estimates as

B =a"(Bp +es). (3)

120 Here, €g is the measurement error, again with expectation zero and standard deviation given by the
121 standard error of g as estimated in the sib-GWAS. The parameter «, the isotropic inflation factor,
122 captures systematic differences in the magnitude of allelic effect estimates between the standard-GWAS
123 and sib-GWAS. In the Isotropic inflation section, we discuss both SAD factors and technical issues that
124 may contribute to systematic inflation. We adopted a strategy of estimating « (see Section Estimation

125 of the isotropic inflation factor), and then adjusting for isotropic inflation. Namely, we define

Bs =afs=Pp+es (4)

126 and do not consider isotropic inflation further in the two-level partitioning that follows.

127 We highlight the assumption that the direct effect Sp is the same in standard- and sib-GWAS based
128 allelic effect estimates. This may not be true in general, especially in the presence of differences in ancestry,
120 environment and social context between the standard and the sibling samples'!?2. (Even without such

130 differences, and no SAD effects, there are differences in the expectations of p and Bg'!'—but they are
131 likely small, see Text S2).

132 Partitioning of PGS variance by both effect types and PCs. In combination, the expression
133 for the variance of a PGS in Eq. 1 and the models for the allelic effect estimates contributing to a PGS
13¢  in Eqgs. 2,4 suggest a partitioning of variance in a PGS due to the projections of direct effects, SAD
135 effects, and measurement error on each principal component. Specifically, suppose a vector of the allelic
136 effect estimates from GWAS at index SNPs, BZ, replaces b in Eq. 1, as in

min(n,f) min(n,{)
var(z]= Y A (Ui %)2 = Y A(Ui [T+ ?5])2 (5)
i=1 1=1
137 Distributing the U; and expanding the expression on the right gives
min(n,l)
Var[Z]= Y /\Z-( [U:- B_D’]Q +[Un 7] +[U &) +2[Us Bp (Ui T+ (6)
i=1

2[Ui-ﬁ_[;][Ui-e_C;’]+2[Ui~E’][Ui~e_G’]).

138 We are principally interested in estimating three of the terms that arise from the expansion in Eq. 6,

130 which can be interpreted as variance components attributable to direct effects, to SAD effects, and to
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the covariance of direct effects and SAD effects. In particular,
—_ 2
Di=Ai (Ui : 51)) (7)

is the component of variance in the PGS due to direct effects specific to principal component i of the
genotype matrix, and
2
coi =i (Ui- ) (8)

is the component of variance due to SAD effects specific to principal component i. We also consider
—>
C(D-o)i = 2\ (Ui : 5D) (U;-7), 9)

which is a contribution to variance due to covariance of direct and SAD effects specific to principal
component i. This last term can be negative, unlike the previous two, which are constrained to be
non-negative. In the Estimation of variance components section, we derive estimators. Our basic
strategy is to isolate (Uj- o) using the projection of the difference between allelic effect estimates from
the standard GWAS and those from the sib-GWAS, and proceed with moment-based estimation.

We developed PGSUS as freely available software that performs this partitioning. The software takes
three inputs: (i) the set of index sites used in the polygenic score, their estimated effects and standard
errors from the standard-GWAS used to construct the PGS; (ii) corresponding estimates from a sib-
GWAS of full siblings assumed to be sampled from the same population as the standard-GWAS, such
that the samples are subject to the same direct effects; and (iii) either a matrix of genotypes from the
prediction sample for the corresponding loci or corresponding, precomputed eigenvalues and eigenvectors
from the genotype matrix of the prediction sample (Fig. 1B). Using this set of inputs, PGSUS first
estimates and adjusts for isotropic inflation. Then, PGSUS partitions the PGS variance into PC-specific,

effect-type-specific subcomponents.

A litmus test for confounding

To illustrate how PGSUS can be used as a diagnostic tool, we begin by examining a case in which
stratification is already known to contribute to PGS variance. If an axis of stratification largely overlaps
with a PC of the prediction sample, we expect to see a large PC-specific SAD variance component.

In 2019, researchers discovered that the GIANT consortium’s height GWAS?? was confounded along
a north-south ancestry axis in Europe?®2!. We constructed a PGS using this GWAS and partitioned its
variance in the 1000 Genomes European superpopulation as the prediction sample®’. As expected, the
SAD variance component on PC2 (which best tags the north-south ancestry axis®!; Fig. 2A inset) is
large—37% of the size of the total variance of the PGS (Fig. 2A). This variance component is significantly
larger than expected under a null model with no PC-specific SAD variance (95% null acceptance regions
are shown in Fig. 2; see Text S3 for details on how the empirical null distribution was derived).

This result confirms that PGSUS can detect a “positive control”; a known example of confounding
along a major axis of genetic ancestry. An important point about the interpretation of results produced

by PGSUS is that they tell us about variation in a specific PGS, not about a trait or even about a specific
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Examples of PGSUS output suggestive of stratification:

PGS based on large meta-GWAS

A GIANT height (Wood et al. 2014) B GIANT height (Yengo et al. 2022) C Years of schooling (Okbay et al. 2022) 0

Direct variance

ie:
95% null
04 @ acceptance regions

bCiam

D Forced Vital Capacity (FVC)

PC1 PC2 PC3 PC4 PC5 PC6

PC1 PC2 PC3 PC4 PC5 PC6

PGS based on the UK Biobank

E Years of schooling

PC1 PC2 PC3 PC4 PC5 PC6

F Body Mass Index (BMI)

¢ SAD variance

*  Non-direct variance

Prediction sample:
1000 Genomes
1000 Genomes Europeans

[] Allen aDNA Eurasians

Prediction in ancient DNA

G Overall health rating

0.4 1.0
@ 04 1o] @

Component / Total PGS Variance

02 05 @
o . o I8
" e @ 00 o o 0 e o o [XER R

0 e @ o oe ®
e ® 00 ® co.0 e e

0.0 o0 fe we 40 ° =02

T A -10
02 e H| o g } o A wf ) e
g N : 5 '3, L 3 G
% ¥ R s g ) 15 L 4%\/
g ? -08 & , 15 < i =
~04 ¥can k ) )} -20
T -10 BT 15600 20 Pl (81901 P (1.39%)
PC1 PC2 PC3 PC4 PC5 PC6 PC1 PC2 PC3 PC4 PC5 PC6 PC1 PC2 PC3 PC4 PC5 PC6 PC1 PC2 PC3 PC4 PC5 PC6

Principal Component (of prediction sample)

Figure 2. PGSUS partitioning uncovers stratification in polygenic scores. For seven examples, we show
variance components along the first six PCs divided by the total variance in PGS in the prediction sample. Shaded
regions show empirical permutation-based null acceptance regions. Components deviating from this expectation
are highlighted with dashed circles. Insets show the prediction-sample individual coordinates along some of the
PCs on which we observed significantly large variance components; labels are shorthand for subsamples in the
1000 Genomes (1KG) data or the Allen Ancient DNA Resource Eurasian subset. Note that insets will vary
slightly between the same prediction cohort as they are constructed using the set of SNPs selected through
clumping using trait-specific summary statistics. The 1KG subsample labels in panels (A)-(E) correspond to the
five European subpopulations: Finnish in Finland (FIN), Utah residents with northern and western European
ancestry (CEU), Iberian populations in Spain (IBS), British from England and Scotland (GBR), and Tuscan in
Italy (TSI). The 1KG subsample labels in panel (F) and correspond to the five 1KG superpopulations: European
(EUR), admixed Americans (AMR), East Asian (EAS), South Asian (SAS), and African (AFR). Finally, labels in
panel (I) correspond to six ancient population groupings as defined in Mallick and Reich 32, Anatolian Neolithic
(AN), European Neolithic (EN), Historical Europe (H), Bronze Age (BA), Steppe pastoralists (S), and Mesolithic
(M). Percentages of variance explained by each PC are given in the parentheses of each axis label in the insets. All
PGSs shown are constructed using clumping and thresholding with a marginal association thresholds as follows:
p < 1 for panels (A,B,E,G); p < 1072 for panels (C,D); p < 107° for panel (F). PGS partitioned in panels (D-G)
are based on GWASs with 20 GWAS sample PCs as covariates as the only adjustment for population structure.

GWAS for that trait. To demonstrate this, we considered partitionings of other height PGSs with respect
to the same prediction sample. For a similarly constructed PGS using a GWAS conducted in the UK
Biobank (UKB), the SAD variance component on PC2 is large but does not significantly deviate from the
null expectation (Fig. S2A). Furthermore, using the GIANT GWAS again, but constructing the PGS
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with a more stringent threshold for the significance of the index SNP, the SAD variance component on
PC2 is only 2.9% of the total variance of the PGS (Fig. S1; marginal GWAS p-value < 10~ instead of
p-value < 1 used in Fig. 2A).

We examined PGSs based on two other GWAS meta-analyses. A PGS based on the 2022 version
of the GIANT height GWAS?33 also shows significantly large SAD variance suggestive of stratification
along the same north-south European ancestry axis (Fig. 2B). A partitioning of a PGS based on the
years of schooling GWAS of 2022 (“EA4”3%), which has also been previously suggested to be affected by
SAD factors 1?3435 shows evidence of stratification along PC1 of the same European prediction sample
(Fig. 2A), which most prominently differentiates Finnish from non-Finnish individuals in this sample
(Fig. 2C inset).

Confounding in PGS built using modern biobanks

The GIANT 2014 study 2 was, until recently, the largest GWAS of height, the complex trait most studied
via GWAS, and so evidence of confounding sparked concern for complex trait research as a whole®36.
Our partitionings of GIANT 2014, GIANT 2022 and EA4 suggest the concern could extend to other
recent GWAS meta-analyses as well. Some modern biobanks were designed to recruit large cohorts that
are relatively ancestrally homogeneous with the intention of minimizing stratification®” 4%, Nonetheless,
the extent to which single biobank-based PGSs are affected by confounding remains an open question.

PGSUS can address this question, as we illustrate next by partitioning the variance of a suite of
PGSs constructed using GWASs we performed in the UKB for 11 highly heritable physiological traits
and 6 social or behavioral traits (Table S1). We constructed PGSs by clumping and thresholding
with different p-value thresholds, based on GWASs performed with various adjustments for population
structure. All GWASs were performed using the self-identified White British subset of the UKB, which is
relatively ancestrally homogeneous. Variances in the PGSs were then partitioned with respect to either
the entire 1000 Genomes Phase 3 sample (1KG)?°, its European subset (1KG Europeans) or to a Eurasian
subsample of the the Allen Ancient DNA Resource (AADR)3? as the prediction sample.

Results from partitionings of this suite of PGSs can be found in Files S1-S8, and general conclusions
are discussed below. Although we have performed many tests, we do not consider corrections for multiple
hypothesis testing. For computational reasons, we have also limited our permutation-based hypothesis
testing to a significance level of 0.05 (Text S3). Our discussion of specific cases in this manuscript should
only be considered as illustrations of the results PGSUS can provide and their implications when they are
indeed statistically significant. They are not statements about omnibus hypotheses about SAD effects in
the PGSs or datasets analyzed.

For concreteness, we first focus on a set of GWASs performed with a standard adjustment for 20 prin-
cipal components (PCs) of the GWAS-sample genotype matrix and PGSs constructed through clumping

41743 with a marginal association threshold of p < 107 with respect to 1KG Europeans.

and thresholding
In 9 of the 17 PGSs examined, we detected a significant SAD variance component in at least one of the top
6 PCs (File S1). For example, the SAD variance component on PC1 is approximately one third (33.8%)
of the total variance in the PGS for forced vital capacity (FVC; Fig. 2D). One possible contributor to

PC-specific SAD variance is environmental and social confounding: lower FVC is associated with cigarette
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smoking?*, which in turn is associated with educational attainment®®. Among our GWAS-sample indi-
viduals, both pack-years of smoking and years of schooling are significantly associated with position on
PC1 (Fig. S3). Another example is in a UKB-based PGS for years of schooling (Fig. 2E) that, like the
EA4-based PGS, showed significant SAD variance components with respect to 1IKG Europeans, but on
PC2 in this case.

PGSUS informs PGS portability

PGSUS sometimes detected significant PC-specific SAD effects in a PGS with respect to one prediction
sample and no such evidence with respect to another sample. For example, a PGS constructed for body
mass index (BMI) showed no evidence for PC-specific SAD effects when applied to 1KG Europeans
(File S1). Yet in the full 1KG sample, we detected significant SAD variance on PC1, which in part tags
differentiation between 1KG European and non-European samples (Fig. 2F).

Portability to ancient DNA samples is also of interest. Several studies have used polygenic summaries

46-49 o1 infer natural selection in recent

based on a similar UKB GWAS to predict past phenotypes
European history®® 2. We also examined partitionings of PGSs derived from UKB-based GWAS with
respect to a sample of ancient West Eurasians who lived between 13,000 and 1,000 years ago (Allen
Ancient DNA Resource®?). In several PGSs for household income, overall health rating, skin color, and
years of schooling, we found either significant SAD variance or total non-direct variance component (i.e.,
the sum of the SAD variance component and the direct-SAD covariance component) among the top six
PCs (Figs. S4-S5). For example, there is significantly large non-direct variance along PC2 in a PGS
for overall health rating, a trait argued to be under directional selection in ancient Eurasia during this
time®® (Fig. 2G). We note that these top PCs are also significantly correlated with a number of sample
variables, such as date (as determined by conventional radiocarbon dating) and sequencing coverage
(Fig. S6). This raises the concern that confounding between these variables and UKB-based effect
estimates of index SNPs may spuriously contribute to polygenic signals of selection.

The examples of BMI in 1KG data and traits argued to be under directional selection in ancient
Eurasia help illustrate that PGSUS, as diagnostic of confounding, can inform us on the lack of portability
of a PGS to an intended prediction sample. There are many factors that can influence PGS portability,
including differences in linkage disequilibrium patterns, genetic variance, and environmental variance
between the GWAS sample and the prediction sample, all of which may change over time?22:24:25:53,54,
The effects of confounding on PGS portability are not well understood. Still, our results should raise
caution with respect to evidence for natural selection acting in the past—especially since SAD variance
could reflect more recent environmental or social factors, such as contemporary stratification or dynastic

effects.

Isotropic inflation

Often, standard-GWAS allelic effect estimates are larger than sib-GWAS effect estimates (after accounting

for the degree of estimation error in each design) in a way that is not explained by any small set of principal

components. Such “isotropic inflation” in standard GWAS could be due to assortative mating9 1455 or

10,11,18,19,56

indirect parental effects if they act isotropically with respect to principal component space;
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Figure 3. The isotropic inflation factor. Isotropic inflation refers to SAD variance that is not PC-specific,
and manifests as uniformly larger magnitude effects in standard-GWAS compared with the magnitude of direct
effects estimated from sib-GWAS. A factor of 1 indicates no isotropic inflation. Error bars show + /- bootstrap
standard error, and are often too small to be visible. Isotropic inflation may be driven by population stratification,
assortative mating, indirect effects, or other issues, such as different measurement units in the standard-GWAS
and sib-GWAS or ascertainment bias. Shown are isotropic inflation factor estimates for PGSs constructed from a
GWAS in the White British subset of UKB using clumping and thresholding, with a marginal association p-value
threshold of (A) 107 or (B) 107® partitioned with respect to the 1KG prediction sample.

similarly, it could be due to some modes of population stratification !11%34:57:58  For example, confounding
between genetic similarity and similarity in environmental exposures or social context such as access to
healthcare or education.

There are also technical drivers of isotropic inflation, for example, differences in units of measurement
among studies (e.g., centimeters as opposed to standard deviations of height). Another technical factor
driving isotropic inflation may be in biases related to the ascertainment of index SNPs, such as the

75960 "as PGS index SNPs are typically ascertained in the same GWAS sample in which

“winner’s curse
their effects are estimated. Empirically, across PGS marginal association thresholds, we observed that
more stringent ascertainment tended to lead to more isotropic inflation (Figs. 3,57,S9). Estimates
of the isotopic inflation factor also depended on the prediction sample (e.g., when comparing Fig. 3
and Fig. S8A,B). This is in part because of a trade-off between the two types of SAD variance: large
PC-specific SAD variance components imply smaller isotropic inflation, all else being equal.

Our analyses cannot identify the specific drivers of isotropic inflation. As discussed, a plausible driver
of isotropic inflation is SAD effects. Despite this possibility, we do not consider variance due to isotropic
inflation as a contributor to SAD variance when reporting PGS variance partitionings in this manuscript.

Instead, the PGS partitionings we report are with respect to the isotropic-inflation-adjusted allelic effect

10
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estimates of Eq. 4. Therefore, our estimates of variance components (e.g. components shown in Fig. 2)
can be interpreted as either (i) assuming isotropic inflation to be due to technical factors or (ii) as
estimated variance components after adjusting for the “global” effects of isotropic inflation, which may
in part be caused by SAD factors. In the section Estimation of the isotropic inflation factor, we
detail our estimation approach.

Among a set of PGSs (UKB-based, with clumping and thresholding on a GWAS association p-
value < 107°) applied to the 1KG prediction sample, all PGSs show some isotropic inflation (Fig. 3A).
The highest isotropic inflation factors are for years of schooling (8.88) and height (8.13). When we
constructed PGSs differently, using a GWAS association p-value < 1078 for index SNPs, the rankings of
isotropic inflation factors across traits often varied widely, illustrating again that PGSUS characterizes
the variance of a specific PGS in a given prediction sample, and not a trait or a GWAS (Text S6;
Figs. 3B, S7-S9).

Do population structure adjustments in GWASs mitigate SAD variance?

The analyses of PGS variance discussed up to this point have been based on PGSs computed from GWASs
in which we (or others) adjusted allelic effect estimates by including the top PCs of the GWAS sample’s
genotype matrix as covariates in the GWAS. In our in-house GWAS, the top 20 PCs were included. This is
a widely-used approach?0-21:61.62 - One question is whether other approaches to adjusting for confounding
in GWAS produce PGSs with less SAD variance.

We addressed this question by comparing the number of significantly large SAD variance components
among the top six PCs and the isotropic inflation factor when using various methods to adjust for
population structure. The GWASs were again performed in the UKB White British subsample, and
PGSs based on these GWASs were partitioned with respect to the 1KG cohort as the prediction sample.
We first compared the adjustment for 20 GWAS sample PCs with no adjustment at all. Our expectation
was that no PC adjustment in the GWAS should lead to an equal or larger number of significant PC-
specific SAD components. This was indeed the case for 16 of 17 PGSs (Figs. 4, S10A). This expectation
was also met across the majority of PGSs (but not all) in sensitivity analyses, such as when we applied
more lenient association p-value thresholding (resulting in PGSs including hundreds of thousands of SNPs;
Table S2, Fig S11) or considered the top 20 instead of 6 top PCs (Fig. S12).

Still, PC adjustments did not remove all PC-specific SAD variance and occasionally even had the
counterintuitive effect of increasing PC-specific SAD variance (panels A in Figs. S10-S13). One rea-
son may be that PGS index SNPs are distinct in several ways from the SNPs that influence PCA the

most. They are variants strongly associated with traits and therefore plausibly subject to stronger se-

lection %354, rarer, and otherwise distinct from weakly associated variants in their distribution across
individuals2%%5768  In contrast, GWAS sample PCs capture the structure of common, less constrained
variation.

Relatedly, the adjustment for GWAS sample PCs is aimed at capturing the main axes of population
structure in the GWAS sample. However, when a PGS based on the GWAS is applied to a distinct
prediction sample, other axes of population structure in the GWAS sample shared with the prediction

5,69

sample may contribute to confounding Considering axes of population structure shared between
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(A) Significant PC-specific SAD (B) Isotropic inflation factor

components among top six PCs
GWAS method to

adjust for confounding fewer mmp lower mmp

No adjustment 1 o . °

GWAS sample PCs 1 e g . o
mean across mean
Prediction sample PCs 1 traits o . ° across traits

Both sets of PCs - o : °
Linear Mixed Model (LMM) - ° i 1 ° i
LMM + GWAS sample PCs - o ° - .

6 5 4 3 2 1 6 5 4 3 2 1

Rank among methods

Figure 4. The utility of GWAS population structure adjustments in mitigating SAD variance. We
constructed PGSs using clumping and thresholding in a UKB-based GWASs with an ascertainment threshold of
p-value < 107°. We then partitioned the PGS variance in the 1KG prediction sample and examined SAD variance
signals. The PGSs were based on GWASs with various methods to adjust for population structure. “GWAS
sample PCs” refers to a GWAS adjustment for the first 20 principal components of the genotype matrix of the
UKB White British cohort in which the GWAS is performed. “Prediction sample PCs” refers to the inclusion of
20 1KG genotype matrix PCs. “LMM?” refers to the the BOLT-LMM implementation of a linear mixed model.
For each trait-method pair (one grey point), (A) shows the rank of the adjustment method in terms of the
number of significantly large PC-specific SAD components (p-value< 0.05), and (B) shows its rank in terms of
isotropic inflation factor. Rank 1 is given to the GWAS adjustment method(s) that yielded the fewest significant
PC-specific SAD variance components in (A) and lowest isotropic inflation factor in (B); Rank 2 is given to the
second fewest / smallest, and so forth.

GWAS samples and prediction samples may be a fruitful direction in mitigating SAD variance®®. We
tested this idea by including the top 20 PCs of the prediction sample’s genotype matrix in GWAS.
Adjustments for the GWAS-sample PCs, the prediction-sample PCs, or both did comparably well at
mitigating PC-specific SAD variance (Fig. 4A; also see Fig. S14 for the correlations between GWAS
and prediction sample PCs). In addition to the lack of noticeable improvement over the adjustment for
GWAS-sample PCs, we note that, in practice, it is not always known a priori to what samples the PGS
might be applied when it is constructed.

Lastly, we considered the performance of GWAS adjustment methods in mitigating isotropic infla-
tion. All four adjustments considered thus far resulted in isotropic inflation factors that were large and
similar on average across traits (ranging between 3.9 and 4.5; Figs. 4B, S10). We considered an ad-
ditional approach, a linear mixed model (LMM, specifically with BOLT-LMM ™), that aims to adjust

12
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for confounding of genome-wide genetic similarity with phenotypic similarity%7°. LMM-based GWASs

7L72 and have been shown to perform well

can be thought of as adjusting for relatedness along all PCs
in adjusting for assortment, admixture, and cryptic relatedness that are not well captured by individ-
ual PCs™. Indeed, PGSs based on LMM GWASs resulted in the smallest isotropic inflation factors
(Figs. 4B, S10B). However, the improved mitigation of isotropic SAD variance was accompanied by
the worst performance in mitigating PC-specific SAD variance (in the majority of cases, and on average,
across traits; Figs. 4A, S10A; also see a specific example for a household income PGS in Fig. 2C).
This apparent trade-off between isotropic inflation and PC-specific SAD variance is somewhat intuitive,
given that LMM down-weights allelic effect estimates evenly across PCs, ignoring PC-specific patterns of
confounding "2, When we used an LMM in addition to adjusting for GWAS sample PCs, we observed
the best mitigation of both isotropic and PC-specific SAD variance signals across all adjustment methods
considered (in the vast majority of cases, and on average, across traits; bottom row in Fig. 4; right

column in Fig. S10A,B; sce related discussion in Zhang and Pan ™).

Conclusion

Through their uses in the clinic, research, and beyond, PGSs are sometimes assumed to represent direct,
causal effects of an individual’s genotype on their phenotype. Thus far, to our knowledge, most attempts
to measure the extent to which this is true have been qualitative or heuristic in nature. The challenge
of measuring the degree to which a PGS (and its variation in a prediction sample) instead reflects SAD
factors—including environmentally and socially mediated factors—is critical to its interpretation and

application. PGSUS is a proposed step toward addressing this challenge.
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Methods

Estimation of variance components

We take a moment-based approach to estimating the variance components in Eqgs. 7-9. We first describe
an estimation procedure that applies if the isotropic inflation factor « is known. In practice, we multiply
sib-GWAS effect estimates in Eq. 3 by an estimate of « to estimate g, which we then use as input to
the procedures described in this section. We return to the estimation of « later. In Text S3, we describe
our empirical permutation strategy for testing hypotheses about the variance components.

Estimating the variance components given the isotropic inflation factor a. Our approach
assumes that the difference between standard-GWAS based and sib-GWAS-based allelic effect estimates,
other than differences in estimation noise, is that the sib-based estimates are free of SAD effects (Eqgs. 2-
4). We note that, even in the absence of SAD effects, the estimated effects are expected to differ in the
two study designs*!—but the difference is often small (Text S2). Applying Eq. 1, we then reason that
the projection of the differences between standard-GWAS and sib-GWAS allelic effect estimates on the
principal components will provide information about the proportion of variance in a PGS attributable to
SAD.

Applying the model in Egs. 2-3 to index SNPs j € {1, ..., £}, the variance component of the difference
between standard-GWAS and sib-GWAS allelic effect estimates that is due to the ith principal component

is

¢ 2 ¢ 2
(Z Baj = Bs;]U. ) =)\i(Z[0j+€Gj—ESj]Uij) : (10)

To derive the expectation of the expression in Eq. 10, we assume that the A (eigenvalue), o (SAD
effect), and U (locus loadings on eigenvector) terms are fixed and that all the measurement error terms
all have expectation 0 (i.e. E[eq,] = E[eg,;] = 0 for all j). We also assume that the error terms from
standard-GWAS and the sib-GWAS are uncorrelated with each other (i.e. E[eg,es,] =0 for all j and &,
including j = k). The assumption that the measurement errors from the standard-GWAS and sib-GWAS
studies are uncorrelated might be problematic if, e.g., the sib-GWAS is performed in a subset of the
standard-GWAS sample. Nonetheless, we adopt it here. Under these assumptions,

4 2 L 2 l 2 14 2
l (Z ﬁGj /BSJ ) —)\i(z O'jUij) +El(AiZEGjUij) E[(AiZGSjUU)
j= j=1 j=1 j=1

The first term on the right is ¢,,, the variance component of the PGS attributable to SAD effects along

(11)

principal component i, and one of our main estimands of interest. The latter two terms are variance
components attributable to measurement errors in the standard-GWAS allelic effect estimates and the
sib-GWAS allelic effect estimates, respectively. If we can assume that measurement errors at distinct loci

are uncorrelated, or, slightly less restrictively, that
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l
ZZ ij U;LtE €G]€Gk] 0, (12)
=1 k=

then the expected variance component due to GWAS errors is

14
E l/\l (Z GG]'UZ‘])
j=1

where vé j is the variance of the measurement error of the standard-GWAS allelic effect estimate at locus

=\ Z UG], (13)

j. Making an analogous assumption for the measurement errors in the sib-GWAS allelic effect estimates,
we arrive at an estimator for the variance component of the PGS due to SAD effects along principal

component 7, Cy; = )\i(2§:1 o;Uii)?,

¢ 2 ¢
Coi = A (Z Baj - Bs;i]U. ) -\ Z ch Z 05]7 (14)
-1 =1

where Ug; is an estimated standard error of the standard-GWAS allelic effect estimate and vg; is an
estimated standard error of the sib-GWAS allelic effect estimate at locus j.

Similarly, we can estimate the variance component of the PGS attributable to direct effects along
the ith principal component of the genotype matrix of the prediction sample, cp; = )\i(2§=1 Bp;Uij)?, by
starting with the projection of the sib-GWAS allelic effect estimates on principal component i. Under
the same assumptions about the measurement errors in the sib-GWAS allelic effect estimates used imme-

diately above (i.e. that the measurement errors have expectation 0 and 25:1 Yr+j UijUikE[es, €5, ] = 0),

0 2 0 2
E[AZ(Z 5SjUij) = l(z 5D] +€Sg )
j=1 j=1

Thus, to estimate cp;, we use
; 2
Di =N Z Uij Z T (16)

we have

¢ 2 ¢
= Ai(zlﬁDjUij) Z zgvS] (15)
iz

Finally, adapting Eq. 6, the variance along the ith principal component of the GWAS-based PGS

can be written as

2
¢ ¢

Ai (Z ﬁGjUij) =CDi + Coi + C(D-g)i T Ai (Z EGjUij) +
i -1

o o I
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The final two terms have expectation zero because of the assumption in Eq. 12 and because all the other
variables in the final two terms are treated as fixed. We thus estimate c(p.,); by plugging in estimators

for the other variance components and rearranging, giving

2
ﬂGjUij) - CDz - C«n >\ Z UGJ

E(D-o)i = i (
j=

2 2 ¢
:Ai( /BG] ) - (ZBSJ z;) - (Z ﬁG] ﬂSJ 2]) +2)\ Z 'US]
J=1 =1

Ai(f:lBSjUij)((zzlﬁGjUij)_(Z:IBSjUij))+2)\ Z USJ (18)

As mentioned previously, the estimands cp; and c¢,; are constrained to be non-negative, whereas

- -

¢(D-o); may take positive or negative values. However, the estimators ¢p;, ¢54, and ¢(p.s); presented here

can all take positive or negative values.

Large direct variance components as evidence of natural selection

Direct-effect variance components that deviate from the null acceptance regions (green shaded regions in
Fig. 2) are potentially suggestive of selection: these regions include the center of the distribution of the
component under a model in which trait-associated alleles (namely, PGS index SNPs) evolve neutrally.
We observed several such cases among top PCs in the PGSs we partitioned (Files S1-S8). For example,
PC1 of 1KG in a PGS for waist circumference (Fig. S16D), consistent with previous reports on selection
for pelvic morphology to minimize obstetric obstruction™ and its impact on ilium morphological devel-

t7%, and hip-width proportions”’. In many instances this signal was accompanied by significantly

opmen
large SAD variance along the same PC. Such an observation might be expected if both selection and
stratification are at play, or if selection acts on both direct and dynastic effects. However, a simulation
study we performed suggested that such co-occurrence of large SAD and direct components on a PC may
arise in the presence of stratification along that PC, even if there is no selection. (See further discussion
in Text S6 and Zaidi and Mathieson %7 for a similar observation.) We therefore cannot interpret a large

direct variance component as necessarily pointing to evidence of natural selection in these cases.

Estimation of the isotropic inflation factor

The presence of isotropic inflation, namely a # 1, renders the approach in the previous subsection prob-
lematic. With « as a free parameter, there are four estimands per principal component (« and the three
variance components) and only three pieces of information per principal component (the projections of
the sib-GWAS allelic effect estimates, standard-GWAS allelic effect estimates, and their difference on the
principal component). However, « should be shared across all principal components, which gives other
possibilities for estimation.

Because we are mostly interested in principal-component-specific variance components for the "top"
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principal components—i.e. the principal components associated with the largest eigenvalues—and given
evidence that other PCs often do not capture meaningful axes of population structure’—we adopt a
strategy in which we use the principal components with smaller eigenvalues to estimate a, meaning that
the o terms in the top principal components can be interpreted as departures from the relationship
between sib-GWAS and standard-GWAS allelic effect estimates on the other components.

In particular, we assume that on the (k + 1)th to final principal components (where PCs are ranked

by eigenvalue), the PC-specific SAD effects o are 0, yielding

min(n,l) min(n,f) _ 12 _
Var[ Y A(Ui-b)?]= Y Ai([Ui-ﬁD] +[Ui-&] +2[ui Bp] [Ui-e—G’]). (19)
i=k+1 i=k+1

As before, the third term in parentheses is assumed to have expectation 0; the second one has an
expectation that we can estimate using the standard error of the standard-GWAS allelic effect estimates;
and by a similar estimation as in the estimator of cp; in Eq. 16, we can get an alternative estimate of

the variance due to direct effects along PC i > k,

2
4
élDl = )\,L (ZIBGJUU) Z UG] (20)
j=

Setting the right hand side equal to the other estimator of cp; (Eq. 16) gives

2

4 2 4
)\z(Z:IﬂGJU”) Z ’UGJ Z(Z;BSJUZJ) Z US] (21)
J= J=

Since, instead of observing fg;, we observe g, = af3s;, and obtain estimated squared standard errors

for the observed sib-GWAS allelic effect estimates US = 042115], then we can write

)\i (Ze;ﬁGJU”) Z UG] = |‘)\z (Ze; ﬁgijij) Z USJ] (22)

or

épi=a’ép,  Vixk. (23)

This expression suggests that we might estimate a as the square root of the coefficient relating ¢p; to
¢ép,; in a no-intercept regression across PCs i >= k. Note that both the terms in Eq. 23 have measurement
error— given in Eq. 42 for ¢ép; and Eq. 43 for ¢},,. We estimate a? setting k = 101 and using Deming
Regression, an errors-in-variables method which accounts for uncertainty in each of the two axes that are
considered 7.

What drives isotropic inflation? A major factor may be in forms of population structure confounding
that act isotropically or at least along many PCs. For instance, confounding due to stratification can
act isotropically when the environmental resemblance among individuals is proportional to their genetic

relatedness, i.e. the genetic relatedness matrix. Such covariance between environmental and genetic
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448 features is unlikely to act along the axis of stratification captured by a single PC, instead leading to
449 inflation of standard-GWAS summary statistics with respect to many PCs.

450 A second source of confounding that may act isotropically is assortative mating, or the tendency
451 toward the formation of mating pairs with similar phenotypes, which plays a role in complex trait vari-
452 ation in human populations®> 784, Similar to stratification, the effects of assortative mating on genetic
453 variance may not localize to an individual principal component. In fact, some forms of assortative mating
454 produce patterns that conform to the isotropic inflation factor assumed here, in which the allelic effect
455 estimate is inflated by a scalar with size dependent on the strength of assortative mating3°:8°

456 Third, indirect parental, or dynastic, effects are also often thought of as acting isotropically, at least in
as7  part 10161845 However, the extent to which parental genetic effects impact GWAS allelic effect estimates
458 is still unclear. Recent research indicates that signals presumed to reflect dynastic effects may in fact
aso  reflect stratification as well?.

460 Fourth, a technical driver of isotropic inflation, discussed above, is index-SNP ascertainment biases.

5 may lead allelic effect estimates to be systematically larger in the sample in which

461  Winner’s curse
462 the effects were ascertained as significant. Throughout our analyses here, ascertainment is based on
463 significance of marginal SNP association in the standard GWAS, and so intuition dictates that allelic
464 effect estimates would be larger in the standard GWAS and the isotropic inflation factor would be driven
465 to be larger than 1. However, there are likely additional ascertainment biasing effects at play1®%.
466 Empirically, our estimates of o were highly sensitive to the choice of a marginal GWAS association
a7 p-value (Figs. 3, S8-S9, S15-S18).

468 One example is clumping, a strategy of accounting for LD in the ascertainment of index SNPs*2:86,
460 Clumps are sets of contiguous SNPs (in terms of chormosomal position) from which at most one SNP is
470 used as an index SNP, with the rationale being that SNPs of the same clump are in high LD. Typically,
471 in the clumping and thresholding technique, the clumps are chosen, through a greedy algorithm, to be
472 centered around the most signficiant SNPs that are not yet included in other clumps. We hypothesized
473 that because SNPs in the same clump are in LD, using even random SNPs as index SNPs would induce
474 ascertainment bias and increase isotropic inflation, as long as these SNPs were chosen from the “best”
475 clumps, i.e. clumps centered around a highly significant SNP. Indeed, choosing index SNPs in this manner
476 (second column in Fig. S15) resulted in comparable isotropic inflation factors to traditional clumping
477 and thresholding (i.e., choosing the most significant SNPs from the clumps containing the most significant
a7s  SNPs; first column in Fig. S15) in two traits we examined.

479 Our results suggest that ascertainment-related issues are plausibly a major driver of variation in
480 isotropic inflation factor across methods of PGS construction. We discuss the effects of SNP ascertainment
481 in more depth in Text S6 and Fig. S17.

482 As for variation in isotropic inflation factors across traits, we were not able to identify a strong
483 predictor for it. Isotropic inflation estimates in 1KG Europeans were not significantly correlated with
asa LD Score regression®’-based SNP heritability estimates across traits (Fig. S19). Further, we found that
485 the correlation coefficient between individual trait values and Townsend deprivation index, a composite
486 metric of socioeconomic status, were not correlated with the isotropic inflation factor estimates of the

47 same traits (Fig. S20).
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Data

UK Biobank. The UK Biobank is a large database with extensive phenotypic and genetic information
for over half a million individuals in the UK who were between 40 and 69 years of age at the time of
recruitment 3. The individuals included in this study were those who passed checks excluding individuals
who: were identified by the UK Biobank to have sex chromosome aneuploidy, self-reported sex differing
from sex determined by genotype data, and participants who withdrew from the study as of the last
withdrawal notification delivery (April 24, 2024). We excluded individuals in the standard GWAS cohort
who were third-degree relatives or closer as identified by the UK Biobank in data field 22021. We further
limited our sample to those individuals who were classified as “White British” (data field 22006) by the
UKB. These individuals self identified as both White and British. In addition, these individuals are very
tightly clustered in the genetic principal component space®”:%%. Finally, individuals who we identified as
having full siblings in the cohort were removed to ensure no sample overlap between the standard-GWAS
and sib-GWAS cohort. For each phenotype, we also omitted individuals who had missing data for the
phenotype of interest, resulting in between 96,942 and 321,718 individuals across the 17 continuous traits
we analyzed in the standard-GWAS. In the sibling cohort, we only included pairs of siblings who both
had phenotypic measurements, resulting in between 2,163 and 17,328 sibling pairs across phenotypes. A
full account of the traits studied, corresponding UK Biobank data field identifiers, and GWAS sample
sizes can be found in Table S1.

A few specific phenotypes are worth noting for the transformations and filtering steps. We calculated
the phenotype ‘years of schooling’ by converting the maximum educational attainment of the participants
to years following Okbay et al.3°. For the ‘hand grip strength’ phenotype, we took the average of the
measurement across both hands. Finally for diastolic blood pressure levels, we adjusted the measurements
of individuals who were taking blood pressure medication upward by 10 mmHg°.

From the relatedness information provided by the UK Biobank in Resource 531 and data field 22021,
we identified 17,353 White British full-sibling pairs using the following protocol. Groups of siblings were
identified as those pairs of individuals who had a kinship coefficient between 0.1768 and 0.3536, as well as
an IBSO value greater than 0.0012, as estimated using the software KING®!. From each of the resulting
family groups we then selected two individuals, resulting in the aforementioned 17,353 sibling pairs where
every individual is only a part of a single sibling pair. Each individual identified as a part of a sibling
pair were omitted from the standard-GWAS analysis of each trait.

We identified a set of 9,607,691 genetic variants that passed the following quality control filters using
the PLINK 2 software®® in the standard cohort to include in both the standard-GWASs and sib-GWASs
for all traits. Using the set of genotyped and imputed variants, we first filtered out all variants with
and INFO score lower than 0.8. We then removed all SNPs with genotype missingness greater than 0.05
using the PLINK 2 flag --geno 0.05 and minor allele count greater than 5, PLINK 2 flag --mac 5.
Finally, we removed all variants that were not biallelic SNPs ( --snps-only ) and all variants which are
far from Hardy-Weinberg equilibrium ( --hwe 1e-10).

1000 Genomes. In order to estimate the SAD variance in the 17 complex traits of interest in the
UK Biobank, we downloaded the whole genome sequences from phase three of the 1000 Genomes (1KG)
project at https://ftp.1000genomes.ebi.ac.uk/voll/ftp/release/20130502/. From the initial set

19


https://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/
https://doi.org/10.1101/2025.02.01.635985
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.01.635985; this version posted February 4, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

s28  of roughly 80 million SNPs, we extracted the set of overlapping SNPs between those remaining in the
s20 UK Biobank which resulted in 6,131,234 SNPs to be included in our analysis. We used these variants for
s30 all future analyses of both the entire 1KG cohort (N = 2,504 sometimes referenced as the 1IKG All) and

531 those individuals in the European superpopulation (N = 504, referenced as the 1IKG Europeans).

522 Software availability

533 All of the summary statistics generated in this study are available on the Harpak Lab website’s data tab
53 https://www.harpaklab.com/data. The software for SAD variance estimation and a working example
535 are available at https://github.com/harpak-1ab/PGSUS. GIANT summary statistics were downloaded
536 from https://portals.broadinstitute.org/collaboration/giant/index.php/GIANT_consortium_
537 data_files. KEA4 Summary statistics were downloaded from the SSGAC data repository (https:
s3s //thessgac.com/). Finally, AADR data were downloaded from https://reich.hms.harvard.edu/

530 datasets. See further details on external data processing in Text S7.
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