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Summary

Methods of estimating polygenic scores (PGSs) from genome-wide association studies are increasingly utilized. However, independent
method evaluation is lacking, and method comparisons are often limited. Here, we evaluate polygenic scores derived via seven methods
in five biobank studies (totaling about 1.2 million participants) across 16 diseases and quantitative traits, building on a reference-stan-
dardized framework. We conducted meta-analyses to quantify the effects of method choice, hyperparameter tuning, method ensem-
bling, and the target biobank on PGS performance. We found that no single method consistently outperformed all others. PGS effect
sizes were more variable between biobanks than between methods within biobanks when methods were well tuned. Differences between
methods were largest for the two investigated autoimmune diseases, seropositive rheumatoid arthritis and type 1 diabetes. For most
methods, cross-validation was more reliable for tuning hyperparameters than automatic tuning (without the use of target data). For a
given target phenotype, elastic net models combining PGS across methods (ensemble PGS) tuned in the UK Biobank provided consis-
tent, high, and cross-biobank transferable performance, increasing PGS effect sizes (B coefficients) by a median of 5.0% relative to
LDpred2 and MegaPRS (the two best-performing single methods when tuned with cross-validation). Our interactively browsable on-
line-results and open-source workflow prspipe provide a rich resource and reference for the analysis of polygenic scoring methods across
biobanks.

Introduction

Polygenic scores (PGSs), also referred to as polygenic
risk scores (PRSs), have become a major application of
genome-wide association studies (GWASs). PGSs are con-
structed by scoring individuals on the basis of their geno-
type and thereby adding up the effects of many genetic
variants genome-wide. They can improve existing disease
risk models that rely on family history and established bio-

caused by rare damaging monogenic mutations for some
diseases.” PGSs have received attention in areas ranging
from disease prevention to clinical trials as a result of their
wide applicability to personalized medicine.®’

Various methods to derive PGS weights from GWAS sum-
mary statistics (effect sizes and their correlation structure)
have been developed. These methods are of particular in-
terest as they do not rely on access to individual-level
data, which is typically restricted. Furthermore, the largest

GWAS are meta-analyses, for which direct access to all in-
dividual-level source data is not feasible.

markers,'* and individuals in the upper tail of the PGS dis-
tribution have an elevated disease risk similar to that
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The construction of a PGS from summary statistics can
be divided into two main stages: a public stage, which re-
lies only on publicly available data and tools, and a private
stage, which requires access to individual-level target data,
i.e., genotypes and phenotypes. The public stage uses
variant correlation (linkage disequilibrium; LD) from refer-
ence panels that are matched in ancestry to the GWAS
sample to adjust the marginal-effect-size estimates of ge-
netic variants and derive the per-variant PGS weights.
These adjustments include frequentist shrinkage,'’
Bayesian approaches,''”'> or other strategies such as
thresholding, which depend on one or more hyperpara-
meters (e.g., p-value thresholds, heritability estimates, or
shrinkage parameters).

Many methods allow automatically setting suitable pa-
rameters without the use of phenotype data (we refer to
this generally as automatic tuning). Alternatively, target
data can be used to empirically determine hyperparameters
on the basis of, for example, cross-validation (CV). The
adjusted variant effect sizes (PGS weights) are used in the
private stage for scoring individuals on the basis of their ge-
notypes according to a linear additive model, i.e., for calcu-
lating their PGS.

Authors of PGS methods usually claim superior perfor-
mance to other methods. However, comparisons are often
limited to a small number of methods, traits, or target data-
sets. Furthermore, the input summary statistics used in
those comparisons might not reflect the properties of
(messy) real-world data, especially those from meta-ana-
lyses. In practice, other factors, such as ease of use and docu-
mentation, also affect performance. A few studies have
compared a large number of PGS methods.'®'® Yet, evalua-
tion either only covered few traits in specialized cohorts'’
or was largely limited to within-biobank comparisons.'®*®

The INTERVENE consortium'’ seeks to develop risk
scoring methods that integrate PGS with other health-
related information. For this reason, we compared sum-
mary-statistics-based PGS methods. Building on an updated
version of the GenoPred suite that was originally intro-
duced by Pain et al. and that implements different PGS
methods in a reference standardized framework, '® we devel-
oped prspipe, a snakemake®’ workflow that runs seven
polygenic scoring methods. A full evaluation including hy-
perparameter tuning with CV was performed in the UK Bio-
bank”' (UKBB) and replicated in FinnGen,”” Estonian Bio-
bank”® (EBB), the Trendelag Health Study”* (HUNT), and
Genes & Health” (GNH). In total, we meta-analyzed perfor-
mances for ten harmonized binary disease traits and six
quantitative traits in two replicated ancestry groups, Euro-
pean (EUR) and South Asian (SAS). Replication in multiple
biobanks allowed us to estimate how much PGS effect sizes
vary within biobanks (between methods) and how this
compares to the variation between biobanks.

We are publishing our workflow, summary data, and PGS
weights, allowing others to replicate analyses, e.g., for
methods comparisons or the development of new poly-
genic scores from summary statistics. The results of this

analysis are made available in a browsable online resource
(see data and code availability).

Methods

Participating studies

Data from five biobanks were considered: The UK Biobank,”!
FinnGen,”” Estonian Biobank,”® Trendelag Health Study
(HUNT)** and Genes & Health.?® All biobanks independently per-
formed genotyping, imputation, and variant quality control (sup-
plemental methods).

Selection and processing of GWAS summary statistics
We selected summary statistics from the GWAS catalog for eight bi-
nary traits and for five continuous traits. Table 1 shows GWAS cat-
alog study identifiers and traits. Where available, we directly used
the pre-harmonized summary statistics provided by the GWAS cat-
alog. For GWAS catalog studies GCST90013445%° type 1 diabetes
(T1D), GCST008972% (urate), GCST007954%® glycated hemoglobin
(HbAlc) and GCST004773%° type 2 diabetes (T2D), we used the
MungeSumstats R package®® (version 1.0.1) to retrieve missing
fields (e.g., variant positions). GWAS variants were matched to
the HapMap3-1KG variants on the basis of positions and allele co-
des and renamed accordingly. Other quality-control steps include
the flipping of variants to match the HapMap3-1KG reference;
variant frequency filtering (>1%); and removal of variants with
invalid p values (>1 or <0), ambiguous variants, variants with
missing data, duplicate variants, and variants with sample size
more than three standard deviations away from the median per-
variant sample size (if available), as previously described.'®

We selected GWAS studies with discovery samples from predom-
inantly European ancestry discovery because the evaluated bio-
banks primarily contain individuals of European ancestry. Because
we use subsets of the UKBB for evaluation and tuning, we selected
for studies that had large sample sizes and that preferably did not
include the UKBB in the discovery sample. Yet, the selected sum-
mary statistics for Alzheimer disease (AD) and height came from
a GWAS that included the UKBB-EUR sample. Therefore, we did
not use the UKBB-EUR sample for tuning or evaluation in these
phenotypes.

Reference-genotype harmonization

We constructed our own definition of the HapMap3-variants*' to
avoid favoring one of the definitions used by the PGS methods.
We retrieved HapMap3 variant rsIDs and downloaded genotypes
for the 1000 Genomes reference from http://ftp.1000genomes.ebi.
ac.uk/vol1l/ftp/technical/working/20140708_previous_phase3/v5_
vcfs/ (v5). We retrieved updated rsIDs for all 1000 Genomes variants
by using the Bioconductor SNPlocs.Hsapiens.dbSNP144.GRCh37 R
package” (the latest version for the GRCh37 genome build at the
time) with the GRCh37 variant positions and allele codes and
intersected them with the HapMap3 variants on the basis of
1sIDs. We then mapped these variants from GRCh37 to GRCh38
by using liftOver*® and retrieved rsIDs in that genome build
too, on the basis of location and allele codes, by using
the SNPlocs.Hsapiens.dbSNP151.GRCh38 R package*® (the latest
version for the GRCh38 genome build at the time). We retained
variants with an allele frequency of at least 1% in any of the
1000 Genomes superpopulations. These variants (HapMap3-1KG,
n=1,330,821) form the basis for subsequent analyses.
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Table 1. GWAS summary statistics used to derive PGS weights

Study GWAS trait Neas Neon Nyariants Target traits
GCST005838°! stroke 67,162 454,450 1,121,867 stroke
GCST90012877°* AD or family history of AD 53,042 355,900 1,136,233 AD
GCST90013534°* RA 22,628 288,664 778,275 RA
GCST004773% T2D 26,676 132,532 1,071,786 T2D
GCST004988°* breast cancer 76,192 63,082 1,137,481 breast cancer
GCST006085%° prostate cancer 79,148 61,106 1,139,693 prostate cancer
GCST90013445%° T1D 22,153 37,374 63,204 T1D
GCST004131°° IBD 25,042 34,915 1,103,333 IBD
GCST008059*" eGFR 567,460 - 1,141,659 CKD, eGFR
GCST90018959°% height 525,444 - 1,119,889 height
GCST0089722%7 urate levels 457,690 - 1,005,478 gout, urate levels
GCST002783%° BMI 236,781 - 1,039,042 BMI
GCST007140* HDL 94,674 - 1,138,452 HDL
GCST007954%% HbAlc 88,355 - 1,009,664 HbAlc

Entries are ordered by the total sample size and type of trait (binary or continuous). From left to right: GWAS catalog study identifiers (study), the respective re-
ported GWAS traits, number of cases (nc,s) and controls (non), the number of variants after intersection with HapMap3-1KG and quality control (nyariants), and the
evaluated target traits. Scores constructed from urate and eGFR summary statistics were also evaluated for gout and CKD, respectively. The GWAS for T1D consid-
ered only a small panel of variants, of which 84% remained after intersection and QC.

The list of variants, along with GRCh37 (hg19) and GRCh38
(hg38) coordinates, rsIDs, and allele frequencies in the 1000 Ge-
nomes superpopulations, is available on Github (see data and
code availability section). Scripts to reproduce these steps are avail-
able as part of the prspipe workflow (see data and code availabil-
ity). The filtered and intersected 1000 Genomes genotypes are pro-
vided as a separate resource. Variants are further filtered during the
construction of polygenic scores, as described below.

Target-genotype harmonization

Target genotype data were intersected with the HapMap3-1KG var-
iants on the basis of positions and allele codes, renamed, and con-
verted to PLINK1 format. The harmonized data served as input to
all subsequent analyses involving target genetic data, i.e., ancestry
reference matching and polygenic scoring. Target harmonization
is part of the prspipe workflow, and corresponding steps
are defined in https://github.com/intervene-EU-H2020/prspipe/
blob/main/workflow/rules/genotype_harmonization.smk.

Binary disease-phenotype harmonization

We used expert-curated ICD-code-based definitions**** developed
at FinnGen to define binary disease traits (referred to as end-
points). Individuals were counted as cases for a specific endpoint
if they satisfied ICD-9- or ICD-10-code-based inclusion or exclu-
sion criteria (Table S13). The remaining (non-matching) individ-
uals for that endpoint were counted as controls. All data used to
define binary disease endpoints were registry based. Breast cancer
was only evaluated when the reported sex was female, and pros-
tate cancer only when the reported sex was male.

For the UKBB, we considered both main (data fields 41202 and
41203) and secondary (data fields 41204 and 41205) ICD-9 and
ICD-10 diagnosis codes derived from hospital inpatient
admissions.

Continuous-trait definitions

For the UKBB, we used the following data fields to define contin-
uous traits: 50 for height, 21001 for body mass index (BMI),
30700 for creatinine, 30750 for HbAlc, and 30880 for urate.

For GNH, we considered all instances where a continuous trait
was measured per individual through their primary and secondary
health records. We removed outliers on the basis of a 6SD devia-
tion per trait and calculated the mean value per trait per individual
to use in the analysis.

For HUNT, the latest value was chosen when continuous traits
were measured at more than one baseline enrollment or sub-study
screening over three recruitment waves since 1984. Standard qual-
ity-assessment measures were taken across variables and are
described at the HUNT Databank (https://hunt-db.medisin.ntnu.
no/hunt-db/variablelist). BMI was defined by height and weight
measured at screening. High-density lipoprotein (HDL) and creat-
inine were measured from serum in non-fasting individuals.
HbA1C was measured in mmol/mol according to the International
Federation of Clinical Chemistry and Laboratory Medicine (IFCC)
standard.

For Estonian Biobank, the earliest values available were chosen
for BMI and height, as some individuals are repeatedly measured.
Height values larger than 260 cm or smaller than 100 cm were
omitted. Similarly, BMI values less than 10 kg/m? or larger than
200 kg/m? were discarded. Metabolic profiles for HDL and creati-
nine were obtained with NMR for a random subset from the Esto-
nian Biobank (n = 10,681).

For each biobank in which creatinine measurements were avail-
able, we calculated the estimated glomerular filtration rate (eGFR)
based on the diet according to the renal-disease study equation,*®
as follows:

eGFR = a x 5,115 x qge™ 020 x ¢
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Where o is 30,849 if creatinine was measured in pumol/L or 175 if
measured in mg/dL, S, is the serum creatinine measurement, and
o is 0.742 if the reported sex is female or 1 if the sex is male. We did
not include the multiplier for “ethnicity” because we only perform
comparisons within ancestry-matched populations. During evalu-
ation, all continuous traits are standardized to mean O and unit
standard deviation.

Polygenic-score weight derivation

We derived polygenic scoring weights with pT + clump, lassosum,
PRScs, SBayesR (robust parameterization), LDpred2, and DBSLMM
by using the settings described previously.'® For MegaPRS, we used
the author-recommended BLD-LDAK heritability model and spec-
ified “~model mega” to fit many different scores with different
tools (lasso, bolt, ridge, bayesr) and included the HLA region, as
recommended. Software versions and sources for each tool are
listed in Table S14.

Besides letting methods determine suitable hyperparameters on
the basis of the summary statistics alone (automatic tuning), we
generated scores over grids of hyperparameters for target-data-
based tuning with 10-fold CV (see below).

We used European-ancestry LD reference panels for all analyses,
as the selected GWAS were performed in samples of mostly Euro-
pean ancestry. In contrast to Pain et al., we used the PGS-method
author-provided LD-references for DBSLMM, lassosum, LDpred2,
SBayesR, and PRScs. DBSLMM and lassosum LD references are
based on the 1000 Genomes data. For LDpred2, SBayesR, and
PRScs, they are based on UKBB data. We used the 1000 Genomes
EUR-subset to calculate LD when running pT + clump and
MegaPRS. Scripts to download PGS-method software and data
are part of the prspipe workflow. The workflow uses GenoPred
scripts to generate PLINK2-compatible scoring files.

Ancestry matching and removal of genetic outliers
Rather than directly inferring genetic ancestry, we scored individ-
uals according to their similarity with groups defined in the 1000
Genomes reference “°. We used GenoPred Ancestry_identifier.R to
project target genetic data into the 1000 Genomes genetic prin-
cipal-component space and match individuals to one of the five
1000 Genomes superpopulations (AFR, AMR, EAS, EUR, or SAS).
Both the target and 1000 Genomes genotype data are filtered to
variants available in both samples (subset of HapMap3-1KG)
with allele frequencies above 5%, missingness below 2%, and var-
iants that do not violate Hardy-Weinberg equilibrium (p < 1 x
1079). Regions of long LD were excluded,*” and variants were
LD-pruned on the basis of the 1000 Genomes reference (with
PLINK “~indep-pairwise 1000 5 0.2”). Genetic PCs were derived
on the basis of the filtered variants, and an elastic net classifier is
fit with 5-fold CV so that individuals were placed into one of the
five groups on the basis of 100 PCs. Target genotype data were pro-
jected into the same PC space with PLINK, and the classifier was
used to predict the most highly matched superpopulation for all
individuals.

Additionally, we used GenoPred Population_outlier.R to remove
extreme outliers within the assigned ancestry-matched groups in
the target data on the basis of the first eight genetic principal com-
ponents constructed within those groups. We used the same
variant filters described above (except that LD pruning was now
performed within the target data), calculate genetic PCs within
the assigned groups, and define up to ten centroids in the PC space
by using R NbClust*® (distance = ‘euclidian,’ method = ‘kmeans’).

For each centroid, the Euclidian distance of individuals to the cen-
ter is calculated, and those with distances that are larger than the
75th percentile +30 IQR (i.e., extreme outliers) are removed. The
UKBB was the only biobank that had more than one ancestry
group well represented. Our analyses focus on the replicated
groups EUR (UKBB, EBB, HUNT, and FinnGen) and SAS (UKBB
and GNH).

Polygenic scoring

We performed polygenic scoring for scores derived by single
methods with PLINK2 and GenoPred Scaled_polygenic_scorer_-
plink2.R. Polygenic scoring is part of the prspipe workflow. For
the evaluation of the ensemble PGS, we performed scoring with
PLINK2. In both cases, missing genotypes are imputed via the
1000-Genomes-matched-superpopulation allele frequencies as
previously described."®

Hyperparameter tuning and ensemble PGS

For the methods that generate scores over a range of hyperpara-
meters (pT + clump, lassosum, PRScs, LDpred2), we used 10-fold
CV to select the score with the largest correlation with the trait,
as described previously.'® Where available, we included scores pro-
duced by methods’ automatic settings in the selection process. We
perform CV by using 80% of the UKBB EUR data and retain 20%
for evaluation (we used different subsamples for each trait in order
to perform stratified sampling).

For pT + clump, we defined the score given by the p-value
threshold of 1 x 107® as the automatically tuned score. SBayesR
and DBSLMM only use automatic settings, i.e., they produce just
a single set of weights and are not tuned with CV.

To fit the ensemble PGS, we included all scores from all methods
across hyperparameters and used 10-fold CV to determine suitable
shrinkage parameters for an elastic net model combining the
different scores with the caret R package®’ (which relies on
glmnet®”). For tuning of the ensemble PGS, we used non-nested
scores for pT + clump, i.e., scores with disjoint variant sets corre-
sponding to 10 p-value bins. These steps were performed with
GenoPred Model_builder_V2.R and are part of the prspipe
workflow.

To score other biobanks with the UKBB ensemble PGS, we gener-
ated PLINK2-compatible scoring files by multiplying the PGS
weights of every variant with their corresponding weights in the
ensemble PGS model and adding them (yielding a single weight
for each variant).

Performance evaluation within biobanks

All PGSs were standardized to mean zero and unit standard devia-
tion within biobanks and ancestries for performance evaluation.
We calculated the following metrics for binary disease traits:  co-
efficients, i.e., the change in log-odds ratios per PGS standard de-
viation; the change in odds ratio per PGS standard deviation
(OR = exp(B)); the fraction of variance explained on the observed
scale (r%,,); and the area under the receiver operating character-
istic curve (AUROC). To calculate the variance explained on the li-
ability scale (1%j,p) from r’,,,,°" we used the median prevalence
within ancestries as the population prevalence estimate
(Table S1). We retrieved DeLong 95% confidence intervals®? for
the AUROC by using the ci.auc-function in the pROC R package.
Confidence intervals for r?,,s were derived from 1000 bootstrap
samples of rops (the Pearson correlation on the observed scale)
for binary traits.
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For continuous traits, we calculated B coefficients, i.e., the
change in standard deviations of the trait per standard deviation
of the PGS and the fraction of variance explained (% ops)-

When comparing two effect sizes of scores B,; and Bp; within
biobank “I,” we used the two-sided z test and adjusted for the cor-
relation between scores, with the following test statistic:

Bai — Bpi

7 =

where

_ 2 42
7= \/aa.i + 0hi = 20(a})i0ai0bi

c,i and op; denote the standard deviations of B,; and By,
respectively, and p(); denotes the correlation between scores
“a” and “b” measured in biobank “i.”

Data exclusions before meta-analyses

None of the scores evaluated in GNH-SAS for T1D reached nomi-
nal significance (p < 0.05, two-sided z test) for association with
the endpoint (Table S1), and all effect sizes were close to zero.
We removed these data from further analysis. We found strongly
reduced effect sizes of scores for HbAlc in GNH-SAS compared
to UKBB-SAS (Table S2; Figure S1) and decided not to include these
data for meta-analyses (it was unclear whether reduced perfor-
mance was due to a phenotyping issue). We found low effect sizes
in comparison to those obtained from other biobanks for T1D in
HUNT (Figure S1), determined it was most likely due to a pheno-
typing issue, and excluded those data from meta-analyses.

Meta-analysis for method comparisons
All meta-analyses were performed in R (version 4.1.1) with
the metafor package (rma.mv function, version 3.8-1); the
V-argument was used to account for the dependence of effect sizes
within biobanks (see below), and models were fit with REML.
We meta-analyzed the B coefficients of scores across biobanks
and within ancestries and traits by using meta-analytic mixed-ef-
fects models. The observed B coefficients are modeled as follows:

55.}7 =aw; +§, + b,

where B;p, is the observed coefficient for PGS “s” in biobank “b”
for a specific trait. B, is modeled as a combination of fixed effects
(moderators) with realizations w, and parameters a (bold charac-
ters indicate vectors) and two error terms: the sampling error e,
and a biobank-specific random intercept &, (shared by all observed
coefficients in that biobank). m%piopank = var(%) is the random ef-
fect, where var({) denotes the variance of the biobank-specific
random intercepts ¢.

For every trait, we meta-analyzed up to 13 PGSs in the same
model. PGS choice is modeled with the fixed effects, i.e., wy
only contains a single non-zero entry of 1, indicating which PGS
“s” produced B,p. With this parameterization, parameters in o
directly correspond to the meta-analyzed effect sizes for the
different PGSs after inverse variance weighting, and the formula
above can equivalently be written as follows:

6S,b = 63x + :b + &b,

“uen

where B* is the average effect size for score “s” across all bio-
banks “*.” To test whether two meta-analyzed effect sizes are
significantly different, we compared parameters o, and oy with
Ho: oy — o, = 0 by using the z test. We also report results for the

t test (produced by the anova function applied to metafor rma.mv
objects) in Tables S5 and S6.

We retrieved 95% likelihood-based confidence intervals for
2 biobank by using the confint function (all values are reported in
Table S4). In Tables S5 and S6, we further report meta-analyzed
AUROC, 1%, and 17, values that we produced by weighting
studies by their effective sample size.*

Method ranking

To rank methods across traits, we considered just the traits for
which CV tuning and ensemble PGS were available (i.e., all except
height and AD) and ranked scores on the basis of their meta-
analyzed effect sizes B,* (see definition above). To avoid counting
scores produced by the same summary statistics twice for eGFR
and CKD and for urate and gout (e.g., for the ranks shown in
Figure 3A), we applied the following rule: If the continuous pheno-
type was available in the same number of biobanks as its binary
counterpart, we used the continuous phenotype (higher power),
otherwise we used the binary phenotype (larger target diversity).
This led to consideration of eGFR for SAS, CKD in EUR, urate for
SAS, and gout in EUR. We applied the same reasoning when calcu-
lating mean and median values of method performances across all
traits.

3-Level meta-analytic random effects models
For the 3-level meta-analysis, the observed effect-sizes are modeled
as follows:

ﬁb.m = Mg + C(Z)b.m + Z(S)h + €bm,

where By, 1, is the observed B coefficient for method “m” in bio-
bank “b,” pg is the mean of the distribution of true effect sizes
across biobanks and methods, {q,m is the within-biobank
random intercept due to the choice of method (level 2), and ¢y
is the random intercept due to target biobank (level 3, shared by
all observations in the biobank). The estimated parameter
piobank = T23) = var({,) quantifies the heterogeneity of effect
sizes due to the target biobank, and 1 method = 72(2) = var(§cz))
quantifies the heterogeneity of effect sizes due to the choice of
method within the biobank.>* In contrast to the model introduced
in the previous section, method effects are considered nested
within biobanks (independent between biobanks).

All models were fit with restricted maximum-likelihood with the
metafor package in R (rma.mv function), and use of the V argu-
ment accounted for the dependence of effect sizes measured
within the same biobanks (see below). We retrieved 95% likeli-
hood-based confidence intervals for Tpiopank A0d T2 method by using
the confint function. To calculate Ppiopank = 12(3) and Pethod =
*2, we used the implementation provided in dmetar®™
(var.comp/mlm.variance.distribution function, https://github.
com/MathiasHarrer/dmetar/blob/master/R/mlm.variance.distrib
ution.R, commit 21bde652cbae5677b56b0ff848eb96c9bea877d8)
on the basis of the three-level extension of the I? metric.”” ?p;opank
captures the fraction of the overall variance in effect sizes
(including sampling error) attributable to the biobank (level 3),
and I, ethod captures the fraction of the overall variance in effect
sizes attributable to methods within biobanks (level 2).

Accounting for dependent effect sizes in meta-analytic
models

Within each biobank, ancestry, and trait, we calculated pairwise
correlations between polygenic scores on the basis of up to
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50,000 randomly sampled individuals. We used the resulting
score-score correlation matrix Ry, (wWhere “b” indicates the biobank)
to estimate Vy,, the variance-covariance matrix capturing the de-
pendency of errors of effect-size estimates for biobank “b” as
follows:

Vi = SpRpSp,

where Sy, is a diagonal matrix containing the standard errors of
the estimated effect sizes corresponding to the rows and columns
of Rp. The effect sizes measured in different biobanks are consid-
ered independent; therefore, the full matrix V supplied to the
rma.mv function is a block diagonal matrix containing all Vy
values for the different biobanks b from 1 to n on the diagonal

Vi 0 0
V=0 " 0,
0 0 V,

where 0 denotes a matrix of zeros with the same shape as the
different Vy,.

Calculating PGS variance in the HLA region

For the phenotypes T1D and rheumatoid arthritis (RA), we scored
individuals in the 1000 Genomes EUR subset by using either all
PGS variants or only variants contained in the HLA region
(defined as the interval 28,000,000-34,000,000 on chromosome
6). We then computed the fraction of variance by dividing the
variance of HLA-only PGS by that of the full PGS.

Results

Prspipe workflow and experimental setup

We created a snakemake workflow prspipe to run different
polygenic-risk scoring methods based on GWAS summary
statistics. Prspipe makes it possible to automate the within-
biobank analyses from Pain et al.'® on the the basis of the
GenoPred suite of scripts (see web resources). Notable dif-
ferences include an updated set of methods (p-value
thresholding and clumping (pT + clump), lassosum,'’
PRScs,'! LDpred2,'? DBSLMM,'* SBayesR'? (robust param-
eterization), and MegaPRS'®), the use of LD reference
panels provided by the methods’ authors, and software
managed partially with containers. We used prspipe to
derive PGS weights by using both methods’ automatic set-
tings (auto) and grids of hyperparameters (MegaPRS,
LDpred2, PRScs, lassosum, and pT + clump).'® For the
baseline method pT + clump, we considered the score
with the most stringent p-value threshold (p < 1 x 107%,
i.e., keeping only highly significant variants) as the auto-
matically tuned score.

The workflow defines steps to set up PGS methods,
download and process summary statistics from the
NHGRI-EBI GWAS Catalog,”® run PGS methods (i.e., the
derivation of PGS weights), target genotype harmoniza-
tion, run ancestry matching based on the 1000 Genomes
superpopulations,*® and target polygenic scoring with
PLINK2.>” Because PGS performance depends on the ge-
netic similarity of the target and GWAS samples,*® perfor-
mance evaluation is stratified according to the matched

superpopulation. Using CV, one fits elastic net models
combining scores from different methods (ensemble
PGSs), and the best single PGS weights are selected for
each method (hyperparameter tuning).'®

We applied this workflow to 14 sets of summary statistics
from the GWAS Catalog to derive a PGS and predict six
continuous traits and 10 binary disease traits derived
from harmonized ICD-code-based definitions*? (methods,
Table 1). Our main analyses focus on the two replicated
ancestry-reference-matched superpopulations: EUR and
SAS. The number of cases used for performance evaluation
across biobanks ranged from 5,384 (T1D) to 81,487 (type 2
diabetes; T2D) for EUR and 60 (RA, available in GNH only)
to 8,696 (T2D) for SAS ancestry-matched target data. The
total sample size for performance evaluation for contin-
uous traits ranged from 85,973 (urate, available in UKBB
only) to 524,056 (height) for EUR target data and from
13,572 (urate) to 43,197 (height) for SAS target data
(Table 2).

Using 80% of the UKBB EUR target data (training set), we
selected the best-performing weights for each method and
fit the ensemble PGS (full workflow). PGS weights were
shared with other biobanks, in which we still performed
target data harmonization, ancestry matching, and poly-
genic scoring steps needed for performance evaluation
(Figure 1).

Browsable results, meta-analysis and ranking

As outlined in Figure 2 for T2D, we calculated PGS effect
sizes (Figure 2A) for continuous and binary traits across
all target biobanks and ancestries (Tables S1-S3;
Figures S1-S5) and performed mixed-model meta-analyses
within ancestry groups to determine the best-performing
PGS (the one with the largest effect size) for each trait
across biobanks (Figures 2B and 2C; Tables S4-S6). Addi-
tionally to scores produced by single methods, we evalu-
ated the UKBB-tuned ensemble PGSs in other biobanks af-
ter projecting them back to the variant-level (see
methods). For each trait, we meta-analyzed B coefficients
(i.e., the change in the trait per PGS standard deviation,
on the log-odds scale for binary traits, in standard devia-
tions for continuous traits) of up to 13 PGSs correspond-
ing to different tuning types (auto or CV) for seven
methods and the UKBB-EUR-tuned ensemble PGS
(Figure S6).

Other than the ensemble PGS, we found that CV-tuned
PGSs from LDpred2 and MegaPRS ranked highly across
traits (Figures 3A and 3B). The median relative increase in
PGS effect size over CV-tuned pT + clump was 29.2% for
CV-tuned LDpred2 (mean 30.9% = 10.3 SD, n = 12,
EUR) and 29.9% for CV-tuned MegaPRS (mean 31.2% =
12.6 SD, n = 12, EUR), showing overall comparable perfor-
mance (the median relative difference between the two
was 0.1% in favor of MegaPRS).

Scores produced by automatic tuning appeared to be
overall less reliable, especially for LDpred2 (see discussion
section) and SBayesR (as previously described'®). Although
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Table 2. Target sample sizes across traits

EUR EUR EUR EUR EUR SAS SAS
EUR total SAS total EBB FinnGen HUNT UKBB (test) UKBB (train) GNH UKBB
AD 15,940 - 555 13,823 1,562 - - - -
RA 13,060 60 2,384 9,332 1,139 205 820 60 -
Breast cancer 23,610 393 2,685 16,076 1,729 3,120 12,483 197 196
CKD 19,714 1,609 4,224 9,314 2,802 3,374 13,496 1,131 478
Gout 22,399 488 10,646 8,759 1,318 1,676 6,704 282 206
IBD 13,016 634 2,097 7,815 1,769 1,335 5,340 466 168
Prostate cancer 20,492 205 2,227 13,606 2,242 2,417 9,671 95 110
Stroke 37,920 635 4,515 26,166 5,204 2,035 8,142 424 211
T1D 5,384 443 501 4,286 396 201 804 443 -
T2D 81,487 8,696 12,344 59,345 3,861 5,937 23,748 6,630 2,066
BMI 346,290 42,243 189,651 - 66,663 89,976 359,913 33,146 9,097
HDL 139,248 37,693 10,642 - 49,824 78,782 315,135 29,628 8,065
HbAlc 120,242 21,696 - - 34,192 86,050 344,209 12,948 8,748
Height 524,056 43,197 190,013 267,343 66,700 - - 34,089 9,108
Urate 85,973 13,572 - - - 85,973 343,904 4,730 8,842
eGFR 152,793 38,916 - - 66,759 86,034 344,140 3,061 8,855

For each trait and replicated ancestry group (EUR, SAS), the number of cases (binary disease traits) or the sample size are shown, either combined (“total,”
excluding UKBB training data) or separated by biobank. For the UKBB-EUR, data were split into training (80%, used to tune hyperparameters and ensemble
PGS) and test sets (20%, used for evaluation and meta-analyses). UKBB EUR data were excluded for Alzheimer disease and height as a result of sample overlap
and could therefore not be used for tuning (leaving 14 traits for a full evaluation). Dashes indicate the phenotype was unavailable.

automatic tuning typically outperformed the baseline
method pT + clump (even when the latter was tuned
with CV), we observed seemingly non-systematic cases of
reduced relative performance (e.g., SBayesR for urate and
gout, DBSLMM for Alzheimer disease, or LDpred2 for
HbA1lc or RA) (Figure S11). MegaPRS was the best automat-
ically tuned method (median 23.3% relative increase over
CV-tuned pT + clump, mean 27.4% = 15.9 sd, EUR), yet
PGS effect sizes were comparatively low for some contin-
uous traits (e.g., BMI, HDL, and height, Figure S11).

Effect-size differences between the top PGSs as revealed
by single methods were mostly not significant (Figure S7,
FWER < 0.05, two-sided z test). We also provide these
data on the level of individual biobanks (Figures S9 and
S10), revealing that the best single method for a given trait
was not necessarily consistent between biobanks.

UKBB-tuned ensemble PGS outperforms other methods

The ensemble PGS ranked favorably for all traits in EUR-
and SAS-matched target data (Figures 3A and 3B) except
for TID in EUR (driven by lower performance in
FinnGen) and stroke in SAS (the trait with the overall
lowest performance). For EUR target data, effect sizes
were significantly greater than those of all other PGSs for
6/9 binary and 5/5 continuous traits (FWER < 0.05, two-
sided z test) and were the largest overall in 13/14 traits
for which we fit the ensemble PGS. These results stood
out in comparison to those for single methods, which

did not produce a consistent best method and for which
differences were mostly not significant.

Compared to the best single methods, the median rela-
tive increase in effect size was 3.7% over CV-tuned
LDpred2 and 4.5% over CV-tuned MegaPRS for binary dis-
ease traits (n = 9). Median relative increases for continuous
traits were larger (5.2% and 7.9%, respectively, n = 5).
When measured in terms of variance explained, relative
differences were larger. We observed median relative in-
creases of 7.4% and 9% for binary traits (liability scale)
and 10.7% and 16.1% for continuous traits, respectively
(Figure S8; Table S7). Similar trends were observed for SAS
target data, with the ensemble PGS having the largest ef-
fect size in 12/13 traits, albeit its effect size was only signif-
icantly larger than all others for continuous traits urate,
eGFR and HDL (FWER < 0.05, two-sided z test). We report
relative effect sizes of all methods relative to the ensemble
PGS in Table 3.

CV tuning increases PGS robustness

Hyperparameter tuning with CV using the UKBB EUR data
was often beneficial and rarely harmful when evaluated on
EUR target data (Figure 3C). Hyperparameter tuning with
CV strongly increased effect sizes in a subset of traits for
specific methods, rather than providing large benefits
across traits (Figures S12 and S13). pT + clump benefited
most from CV tuning when evaluated on EUR target
data, i.e., selecting p value thresholds larger than the base-
line 1 x 107® was always beneficial (median 12.8%
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Figure 1. prspipe workflow and application
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biobanks
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PGS performance,
meta analysis, online results

Prspipe, introduced by Pain et al.,'® is a snakemake workflow that automates within-biobank method comparisons. The public stage uses
only public data (e.g., summary statistics, ancestry reference, and PGS software) to derive PGS weights by using seven methods from
GWAS summary statistics. The private stage requires access to target genotype and phenotype data and includes data harmonization,
polygenic scoring, and PGS tuning via cross-validation (CV). We used prspipe to generate PGS weights and tune hyperparameters in
the UKBB EUR data (full run). PGS weights were shared with other biobanks for evaluation and replication (skipping the public stage).
Other biobanks were not used for hyperparameter tuning. Downstream analyses were conducted so that PGS performance could be
determined with a meta-analytical framework (not part of the workflow), and results were published as an online resource at https://

methodscomparison.intervenegeneticscores.org.

increase in effect size); lassosum (median 6.2% increase)
and LDpred2 (median 4.1% increase) followed. MegaPRS
and PRScs benefited the least (median 1.2% and 0.2% in-
crease, respectively). For SAS target data, the median bene-
fits were smaller, except for PRScs (Table S8), and were over-
all less consistent (Figure 3C). Mean increases were larger
for all methods except for PRScs in EUR target data, often
dominated by few instances in which automatic tuning
had comparatively low performance.

The performance increases seen for CV tuning were by
and large significant when evaluated in EUR target data
(Figure 3C, FWER < 0.05, two-sided z test), except for
PRScs which only saw an improvement for two pheno-
types. Significant negative effects of CV tuning for EUR
data were only observed for RA (PRScs and MegaPRS,
driven by FinnGen) and CKD (PRScs, Figure S12). For SAS
target data, we observed fewer significant differences, and
PRScs was the only method for which we observed a signif-
icant reduction in effect size (BMI, Figure S13). A more
detailed description of these comparisons is provided in
the supplemental results.

Tuned PGS performance varies more between biobanks
than between methods within biobanks

We estimated PGS effect-size heterogeneity between bio-
banks and how it compares to the heterogeneity between
methods within biobanks by using three-level meta-ana-
lytic random-effects models in EUR target data (methods,
Figure 4). These nested models have two random-effect pa-
rameters: Tpiopank A0d T2 method- T biobank Captures effect-size

heterogeneity due to differences between biobanks, and
12 method captures heterogeneity due to differences between
methods within biobanks (we report their square roots,
Thiobank alld Tmethod, D€Cause they are on the same scale as
the PGS effect sizes). Additionally, we estimated Phiobank
and I%,,ethoq, Which quantify the overall fraction of variance
(between 0 and 1) in effect sizes attributable to the biobank
or choice of method within the biobank, respectively.

We focused on scores selected via CV in the UKBB-EUR
sample (if available) and excluded SBayesR scores that per-
formed poorly in the UKBB-EUR 80% training data (RA,
T1D, BMI, and urate/gout). We did not consider the
ensemble PGS or baseline method pT + clump, meaning
that up to six scores were considered per trait. We chose
this setting to mimic the case in which multiple validated
PGSs from standard methods are available.

We found significant heterogeneity of PGS effect sizes in
all 13 traits replicated in at least two biobanks (FWER <
0.05, Cochran’s Q test, accounting for 13 tests). The target
biobank had a larger influence on the PGS effect size than
the choice of method within biobank across all traits (i.e.,
Tmethod < Thiobank, Figure 4; Table 4). When adjusting for co-
variates sex, age, and genetic PCs 1-10, we found that this
effect was slightly reduced, but Tmethod < Thiobank Ieémained
true for the majority of traits (10 out of 13; T1D, stroke, and
T2D had Tmethod > Thiobank) (SUpplemental results,
Table S16). However, likelihood-based 95% confidence in-
tervals for Tpiopank Were large and sometimes included the
estimate for Tmetmoa (RA, stroke, and T2D) and O (T1D
and breast cancer). The variation in PGS effect sizes could

8 The American Journal of Human Genetics 177, 1-17, July 11, 2024


https://methodscomparison.intervenegeneticscores.org
https://methodscomparison.intervenegeneticscores.org

Please cite this article in press as: Monti et al., Evaluation of polygenic scoring methods in five biobanks shows larger variation between
biobanks than methods and..., The American Journal of Human Genetics (2024), https://doi.org/10.1016/j.ajhg.2024.06.003

A Type 2 diabetes (T2D) PGS effect sizes in log(OR) / sd(PGS) tuning
method
ancestry EUR EUR EUR EUR SAS SAS ptclump oK)
biobank EBB FinnGen HUNT UKBB GNH UKBB pcurp
' o
1 [ ih oe
- i ¥ o By §I§ §
o 04- 3§ i X B | H oe
g . 1 . I i
= B . t t g {{
B Meta-analyzed (m.a.) T2D PGS effect sizes C Pairwise comparisons
within ancestries top score
EUR SAS topscore  UKBB.EnsPGS - [El [H] - relative m.a. . z-test
° 0.00 v v megaprs.CV-E & - B B effect size sign. level
g ¥ : e ;2 ldpred2.CV- @ M - & Bs « / Brop « ns
§ S -005- x # prscs.CV (M8, K 1.00 0.05
NeaX T I lassosum.CV - * * - 0.90
3 | -0.10- % pt.clump.CV- % * - & 0.75 0.01
5 megaprs.auto - B ¥ - & E 1e-3
2 * _0.15-% ldpred2.auto- * [ - & 050 B e
e @‘D prscs.auto- * * - E& e
= -0.20- ¢ sbayesr.auto - '* - B ie5
D r M Ew o CENE®® L lassosum.auto- * * - K 0.00 1e-6
EESS5088 EERSCHED dosimm auto- % + - @ B - [
28838782 Eéx_%‘%%o'%u% pt.clump.auto- B * - E1 B >k e-
- = r o oo FWER<005 M f1e-8
o ] o< O <
=< X o v woun

Figure 2. Meta-analysis workflow for method comparison

(A) PGS effect sizes B, (i.e., the change in log odds ratio per PGS standard deviation measured for scores “s” across biobanks “b,” (see
methods) with 95% confidence intervals for all PGS methods (x axis) stratified by biobank, replicated ancestries (EUR or SAS), and tuning
types (auto or CV) serve as the inputs for the meta-analysis (type 2 diabetes is shown as an example trait). We evaluated scores for the
seven methods shown on the right, as well as the UKBB-EUR-tuned ensemble PGS (EnsPGS). The largest effect size for each ancestry and
biobank is marked with a triangle (given by the ensemble in all cases). Bs , values for all target data and traits are displayed in Figure S1
and are browsable online.

(B) PGS effect sizes are meta-analyzed within ancestries across biobanks (yielding a single B,* for each score “s”). Effect-size differences
relative to the largest meta-analyzed effect size (Biop*, given by the ensemble) and 95% confidence intervals are shown. All pairwise dif-
ferences are available in Tables S5 and S6 and are browsable online.

(C) Meta-analyzed effect sizes Bs* are compared, and significance testing is performed. Heatmaps show both the effect size relative to the
largest (Bs*/Biop*, left) as well as corresponding two-sided z test significance levels at which Ho: B,*-Biop* = O can be rejected (right). Sig-
nificant differences at an FWER < 0.05 are marked with an asterisk (*), accounting for all 351 tests performed across traits and ancestries.
The score against which comparisons are performed with effect size Bop* is marked with a “1” and black border. Arrows indicate two
example comparisons: against PRScs-CV (significant difference in SAS and EUR) and LDpred2-auto (significant only in EUR). Data for
all PGSs and traits are provided in Figure S6.

to a large degree be explained by heterogeneity between when T1D and RA were removed (Pearson correlation

biobanks (average Phiobank = 82.9% =+ 14.3 SD, n = 13)
and, to a lesser degree, by heterogeneity between methods
(average I%ethoq = 11.97% + 12.4 SD, n = 13).

Effect sizes for inflammatory bowel disease and RA var-
ied most between biobanks (Tpijobank), including when we
adjusted for the average effect size (Tpiopank/Itp)- Effect sizes
for BMI varied the least between biobanks, both absolutely
(Thiobank) and relative to the average effect size (Tpiobank/Ip)-
For binary traits, effect sizes for breast cancer varied the
least across biobanks, both absolutely and relative to the
average effect size.

Across traits, Tmethoa Was correlated with the average
effect size (Pearson correlation 0.54, p = 0.0558, t
statistic = 2.1377, 11 degrees of freedom), especially

0.85, p = 0.00094, t statistic = 4.83, 9 degrees of freedom),
i.e., we found a linear relationship between the differences
between methods and overall effect size, especially in the
set of non-autoimmune traits.

Thiobank Was less correlated with the meta-analyzed
average effect size (Pearson correlation 0.367, p = 0.219, t
statistic = 1.30, 11 degrees of freedom), i.e., large PGS effect
sizes weren’t necessarily associated with higher variability
between biobanks.

For SAS ancestry target data, we did not find significant
heterogeneity of PGS effect sizes in CKD, stroke, prostate
cancer, or breast cancer (FWER < 0.05, Cochran’s Q
test, accounting for 11 tests), and Tpiobank cOuld never reli-
ably be estimated (Figure S14). Likelihood-based 95%
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Figure 3. Relative meta-analyzed PGS effect sizes across 14 traits

(A) For the 14 traits for which we tuned hyperparameters by using CV (x axis), we show heatmaps of meta-analyzed p coefficients relative
to the highest within traits (B,*/Bop*, left) as well as significance levels for the two-sided z test (Ho: Bs* — Biop* = 0, right) stratified by
ancestry (EUR or SAS). The top score with the largest effect size for each trait (Byp*) is marked with a “1” and black box. Differences sig-
nificant at FWER < 0.05 are marked with asterisks (*), accounting for all 351 pairwise tests performed across traits, replicated ancestries,
and tuning types (auto or CV) (full data for all traits and scores are displayed in Figure S6).

(B) Bar plot counting PGS ranks across traits (1 is the highest), stratified by ancestry, method, and tuning-type (auto or CV). Methods are
ordered by the average rank-sum across tuning types (highest to lowest).

(C) For each method (y axis), dot plots show the relative meta-analyzed effect size of the score derived with the methods’ automatic set-
tings against the CV-tuned scores (B,uto*/Bcv*). Colors denote the sign and significance of the two-sided z test (Ho: Bcv*-Bauto® = 0) at
FWER < 0.05 after 114 tests were accounted for across traits and ancestries (Figures S12 and S13). Methods are ordered by the median
difference.

confidence intervals for Tpiopank included O for 9/11 repli-
cated traits (all but T2D and eGFR).

High variability between PGS methods for autoimmune
diseases

Effect sizes were most variable between methods for autoim-
mune diseases T1D and RA (Tpethoa) (Figure S15), even when

we accounted for the average effect size in those traits
(Tmethoa/lp) OF When we considered variation in these effect
sizes relative to the total variation of effect sizes (I2method)-
The scores for T1D and RA also had the largest fraction of
PGS variance originating in the HLA region (mean 0.7 +
0.12 SD and 0.54 + 0.21 SD, respectively) (Figure S16). For
T1D, the method with the largest effect size appeared to be
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Table 3. PGS-meta-analyzed B coefficients relative to those analyzed with the ensemble PGS (Bs*/Bgnspcs*)

Method Tuning type Trait N (EUR) N (SAS) Median (EUR) Median (SAS) Mean (EUR) SD (EUR) Mean (SAS) SD (SAS)
ldpred2 CV binary 9 8 0.965 0.963 0.943 0.045 0.972 0.127
megaprs CV binary 9 8 0.957 0.934 0.947 0.041 0.958 0.124
lassosum CV binary 9 8 0.921 0.914 0.913 0.061 0.920 0.111
prscs Ccv binary 9 8 0.903 0.900 0.896 0.100 0.909 0.259
ptclump CV binary 9 8 0.735 0.734 0.721 0.077 0.748 0.186
megaprs  auto binary 9 8 0.948 0.950 0.933 0.050 0.964 0.104
Idpred2  auto binary 9 8 0.927 0.955 0.838 0.265 0.904 0.314
prscs auto binary 9 8 0.925 0.876 0.915 0.052 0.877 0.264
sbayesr  auto binary 9 8 0.907 0.895 0.873 0.083 0.841 0.181
dbslmm  auto binary 9 8 0.904 0.865 0.890 0.092 0.815 0.199
lassosum auto binary 9 8 0.891 0.870 0.861 0.103 0.753 0.262
pt.clump auto binary 9 8 0.629 0.627 0.607 0.098 0.527 0.302
Idpred2 CV continuous 5 S 0.950 0.936 0.948 0.016 0.925 0.049
megaprs CV continuous 5 5 0.927 0.931 0.940 0.024 0.946 0.034
prscs CV continuous 5 5 0.923 0.926 0.909 0.031 0.875 0.090
lassosum CV continuous 5 5 0.906 0.920 0.914 0.026 0.916 0.021
pt.clump CV continuous 5 5 0.735 0.729 0.743 0.037 0.718 0.048
prscs auto continuous 5 5 0.923 0.928 0.907 0.028 0.903 0.076
dbslmm  auto continuous 5 5 0.901 0.904 0.891 0.039 0.897 0.066
sbayesr auto continuous 5 5 0.887 0.862 0.868 0.075 0.806 0.184
megaprs  auto continuous 5 5 0.883 0.907 0.885 0.067 0.922 0.055
lassosum  auto continuous 5 S 0.873 0.890 0.877 0.021 0.901 0.054
Idpred2  auto continuous 5 5 0.851 0.778 0.823 0.121 0.781 0.114
pt.clump auto continuous 5 5 0.643 0.614 0.606 0.088 0.635 0.112

For the 14 traits for which we tuned hyperparameters with CV, relative PGS effect sizes relative the ensemble PGS are shown (Bs*/Benspcs*) and are stratified by PGS
method, tuning type (CV or auto), ancestry (EUR or SAS), and type of trait (binary or continuous). The number of traits (N), medians, means and standard de-
viations (sd) are shown. Methods are ordered by the median EUR relative effect size within traits and tuning types.

biobank specific; FinnGen favored PRScs, whereas the UKBB
and EBB had significantly larger effect sizes for LDpred2 and
MegaPRS (forest plots for all three-level meta-analytic
models are available in Figure S17). In contrast, effect sizes
for BMI and HDL varied the least between methods.
Regarding SAS-matched target data, RA was only avail-
able in GNH with a limited number of cases (60) but dis-
played the highest heterogeneity of effect sizes due to
method (Tmethod = 0.137, 95% CI: 0.046-0.379), consistent
with the findings in EUR ancestry. T1D scores were not
predictive in GNH (Figure S1) and were not evaluated in
the UKBB because of the small sample size; therefore, we
couldn’t replicate the related findings from the EUR subset.

Discussion
With this study, we have provided a comprehensive sys-

tematic comparison of PGS methods by analyzing data
from one million individuals across multiple biobanks.

By publishing our workflow, we aim to increase access to
PGS methods and facilitate future research. We believe
that PGS method software could be greatly improved
by support for standard formats (e.g., those maintained
by the GWAS Catalog and PGS Catalog’”) alongside soft-
ware containerization (containers were supported in all
the research environments that contributed to this study).

Our analysis was based on a previously published frame-
work'® that we automated and whose application we
expanded and evaluated in multiple biobanks. Recent
methods explicitly tailored for diverse target populations
or source GWAS®~°% were missing in this framework, and
diverse ancestries were not well represented in our target
data, which provides a limitation of this study. PGS tuning
was performed in one biobank (UKBB-EUR) relying largely
on author-provided LD reference panels. This approach
more closely resembles real-world PGS application and al-
lowed us to harness the full sample sizes in other biobanks
and ancestries to maximize statistical power and test
transferability.

The American Journal of Human Genetics 7177, 1-17, July 11, 2024 11



Please cite this article in press as: Monti et al., Evaluation of polygenic scoring methods in five biobanks shows larger variation between
biobanks than methods and..., The American Journal of Human Genetics (2024), https://doi.org/10.1016/j.ajhg.2024.06.003

UKBB.EUR- n=S1IN TID o 12 1
(@]
HUNT.EUR- 3, Prostate cancer | . 1t 1
Q-
o
FinnGen.EUR - - E Breast cancer - [} 12 10
N
(6]
EBB.EUR- Gout . 14 1l
rer> o
method IBD A H 1@ _| 5
UKBB.EUR - 3
—e— dbslmm :3‘ .
Q RA4 e { B 1 meta-analysis
—— Idpred2 HUNT.EUR - # Q - o ' b - level
3 _ . i
I O i
—— lassosum FinnGen.EUR - i g biobank
megaprs @ CKD A ° 14 4] . method
prscs EBBEUR-|
Stroke o H 1% -I
sbayesr
UKBB.EUR -
¥ 9 HDL . ¢ Al
HUNT.EUR- b )
* g g BMI s 1 1B S
FinnGen.EUR - & 2
] N eGFR s 1 1] g
EBB.EUR -
¥ HbAtc{ @ 1 1B
LoL LS L ) AN SRR RS sy ne e
> » o> w© 0.00 025 050 0.75 0.0 0.2 0406 0 25 50 75100
Bm.b il T % of variation

Figure 4. Three-level meta-analysis of PGS effect sizes in EUR target data

For all 13 traits replicated in at least two biobanks in EUR ancestry target data and CV-tuned in UKBB, from left to right: (1) PGS effect
sizes (B coefficients, B, ) With 95% confidence intervals for three example traits within biobanks (T1D: high variability between
methods, IBD: high variability between biobanks, T2D: intermediate to low variability between methods and biobanks), (2) the
meta-analyzed average effect sizes across biobanks and methods (ug), with bars denoting the square roots of the variance components
(), i.e., the standard deviations of the random intercepts for biobanks or methods, (3) r-values with likelihood-based 95% confidence
intervals, and (4) I? estimates, i.e., the fraction of variance of effect sizes explained by heterogeneity between biobanks or methods
within biobanks. T and I? are colored according to the levels of the meta-analytic three-level random-effects model (Methods).

Importantly, we were unable to identify a single method
that consistently outperformed all others (not counting
the ensemble PGS), and the two highest-performing
methods (CV-tuned MegaPRS and LDpred2) were virtually
tied. The best automatically tuned method was MegaPRS,
albeit like other automatic methods, it suffered sporadic
cases of comparatively lower performance. Which method
performs best might vary based on the specifics of the
GWAS summary statistics, trait, and target sample. Given
that the best methods performed so similarly, other
modeling choices not investigated here (for instance, the
set of included variants and their availability in the target
sample) could well tip the balance in favor of one or the
other when researchers start from the same GWAS sum-
mary statistics. Based on our results, we recommend tun-
ing with CV (with sufficiently large ranges of hyperpara-
meters) instead of using methods’ automatic settings,
primarily to prevent cases of comparatively lower perfor-
mance, rather than to provide large improvements across
traits. These findings are in line with previous comparisons
showing moderate gains when tuning and evaluation are
performed within biobanks.'®'®

One reason for the lower performance of automatic tun-
ing could be model misspecification, e.g., mismatched LD
references, or misreported fields in the input summary sta-
tistics. These inconsistencies might not be considered

when tools are developed. The variable performance of
LDpred2-auto stood out particularly against the high per-
formance of CV-tuned PGS from same method. We note
that LDpred2-auto has been updated at the time of writing
and includes an optional new parameterization, which
could affect its performance.®® Limiting ourselves to the
implementation of methods provided by GenoPred (which
implements default method parameters) meant that we
did not evaluate CV tuning for DBSLMM, which has since
been recommended by the authors (performance gains
over the default automatic version are about 1.13%'®).

These cases highlight a challenge faced by any method
comparison: The frequent emergence of new tools,
methods, and related recommendations means that com-
parisons risk becoming outdated shortly after execution.
Method evaluation across multiple biobanks can hardly
match the pace of new developments. We therefore
caution against using the results of this study to make
definitive claims about relative method performance
of actively developed methods. A more sustainable
approach to method comparisons would be decentral-
ized; researchers would individually submit performance
estimates for published scores (starting from the
same summary statistics and variants) to a central repos-
itory and receive credit when such submissions are
referenced.
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Table 4. Three-level meta-analytical random-effects model results (EUR)

trait Mpiobank Mmethod np = sd Thiobank (95% CI) Tmethod (95% CI) Phiobank (%) P method (%)
T1D 3 5% 0.815 + 0.05 0.072 (0-0.383) 0.069 (0.046-0.112) 48.8 45
Prostate cancer 4 6 0.664 + 0.029 0.054 (0.024-0.167) 0.02 (0.015-0.029) 82.2 11
Breast cancer 4 6 0.537 = 0.017 0.029 (0-0.1) 0.014 (0.012-0.02) 67.1 16.5
Gout 4 5* 0.522 + 0.05 0.098 (0.049-0.294) 0.018 (0.014-0.028) 94.7 3.3
IBD 4 6 0.513 + 0.089 0.177 (0.092-0.525) 0.019 (0.015-0.028) 97.8 1.1
RA 4 5* 0.458 + 0.087 0.165 (0.067-0.522) 0.095 (0.068-0.144) 74.4 24.7
T2D 4 6 0.428 + 0.017 0.031 (0.013-0.099) 0.015 (0.012-0.02) 77.8 17.2
CKD 4 6 0.213 + 0.031 0.059 (0.028-0.18) 0.006 (0.006-0.01) 93.4 0.9
Stroke 4 6 0.133 + 0.016 0.029 (0.01-0.099) 0.01 (0.01-0.016) 78.5 10.4
HDL 3 6 0.303 + 0.02 0.035 (0.016-0.148) 0.005 (0.005-0.009) 96.2 2.3
BMI 3 5% 0.282 + 0.006 0.01 (0.01-0.046) 0.004 (0.004-0.004) 80.2 13.8
eGFR 2 6 0.267 + 0.046 0.065 (0.025-0.733) 0.009 (0.009-0.015) 97.9 1.8
HbAlc 2 6 0.172 + 0.013 0.018 (0.011-0.211) 0.005 (0.005-0.009) 88.3 7.5

Table corresponding to Figure 4. From left to right, the target trait, the number of biobanks with the trait (npiopank), the number of methods/scores considered
(Nmethod), the meta-analyzed average PGS effect size across methods (or scores) and biobanks (i) with standard deviation (SD), the standard deviation of the
random intercepts specific to biobanks (Tpiopank) and the 95% likelihood-based confidence intervals (95% Cl), the standard deviation of the random intercepts
specific to methods within biobanks (Tmethoa) and the 95% Cl, the fraction of total effect-size variance due to heterogeneity between biobanks (Piobank) @S @ per-
centage, and the fraction of the total effect size variance due to heterogeneity between methods (12 ethod) in %. Endpoints are ordered by type (binary or contin-
uous) and pg. SBayesR was excluded for RA, T1D, gout, and BMI (*). Full results for EUR and SAS are given in Tables S9-512.

Using meta-analytic mixed models, we found that the
performances of well-tuned PGSs varied more between bio-
banks than within biobanks. This trend held true for most
traits even when we included the covariates age, sex, and
genetic PCs 1-10. This most likely reflects heterogeneity
in phenotyping (e.g., disease diagnosis practices) rather
than differences in population structure or genotyping. Ef-
fect sizes for BMI, which presumably is consistently
measured, varied the least between biobanks, supporting
this hypothesis. Yet, we cannot exclude a genetic contribu-
tion to the heterogeneity between biobanks because PGS
performance has been shown to vary with the distance
to the GWAS sample even within genetically similar
groups matched to reference populations.®* The variability
between biobanks for some traits implies that scores need
to be re-evaluated when researchers switch between
different target data even during comparisons of
ancestry-matched populations.

We note that the parameters by which we quantified
variability are sensitive to which biobanks and PGSs are
included. The setting we chose mimics the case in which
multiple UKBB-EUR-validated PGSs are available. The vari-
ability between methods could increase if poorly perform-
ing (non-validated) scores are included in the analysis. On
the other hand, the variability between biobanks could
decrease if, e.g., phenotype definitions were further
refined.

We found particularly large differences between
methods for autoimmune diseases T1D and RA. This could
be driven by the way methods handle the HLA region, as
well as genotyping differences in the target biobanks.

Our analyses highlight modeling of the HLA region as an
area in which methods could potentially be improved.

One of the most useful insights from this study is that
the ensemble PGS tuned in the UKBB-EUR sample pro-
vided consistently strong performance, albeit at the cost
of higher computational demand during training. This
shows that benefits seen within a target sample'®'®
can be transferred to other samples without re-tuning
ensemble weights. We see this method as complimentary
to cross-trait prediction strategies (MultiPGS)*>®’ that
use PGS constructed from multiple sets of GWAS summary
statistics (from different traits). Considering the small dif-
ferences in performance we observed for well-tuned scores
from single methods, we see ensemble PGS and MultiPGS
as promising avenues for further improving PGS perfor-
mances beyond what is currently possible with single
methods. Future research needs to assess how well EUR-
trained ensemble PGSs transfer to other genetic ancestries.
It is possible that training needs to be performed in a pop-
ulation similar to the target population to ensure optimal
performance and avoid exacerbating already existing is-
sues with current PGSs.”

In summary, although no single method outperformed all
others, method ensembles provided consistently strong per-
formance (with few exceptions). PGS effect-size heterogene-
ity between biobanks was larger than between methods
within biobanks, most likely pointing to challenges with
phenotyping. Large heterogeneity between methods was
observed for autoimmune diseases, indicating that special
care should be taken for PGSs that rely heavily on the HLA re-
gion. Our open-source workflow, analyses framework, and
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online results provide a rich ground for future method
benchmarking and development.

Data and code availability

The prspipe workflow used for generating polygenic score
weights and performing polygenic scoring and ancestry
matching is available on GitHub (https://github.com/
intervene-EU-H2020/prspipe). The list of HapMap3-1KG
variants used to construct polygenic scores is available at
https://github.com/intervene-EU-H2020/prspipe/blob/
main/resources/1kg/1KGPhase3_hm3_hg19_hg38 mapping_
cached.tsv.gz.

Non-sensitive experimental data exported from the bio-
banks are permissively licensed and deposited in an open
data repository (https://zenodo.org/doi/10.5281/zenodo.
10012995). Processed summary statistics are permissively
licensed and hosted on GitHub and accessible through
in an R data package (https://github.com/intervene-EU-
H2020/pgsCompaR). A website containing an interactive
results browser is permissively licensed and available
on GitHub (https://github.com/intervene-EU-H2020/pgs-
method-compare), hosted at https://methodscomparison.
intervenegeneticscores.org/.

Polygenic score weights for scores that were at least
nominally significantly associated with the phenotype
(p < 0.05) in all EUR target data samples are made publicly
available through the GWAS catalog (https://www.ebi.ac.
uk/gwas/) with publication ID PGP000517. All evaluated
scores except the one produced by LDpred2-auto for RA
met this threshold. A list of PGS catalog score IDs is pro-
vided in Table S15.

Consortia

Genes & Health Research Team (in alphabetical order by
surname): Shaheen Akhtar, Mohammad Anwar, Omar As-
gar, Samina Ashraf, Saeed Bidi, Gerome Breen, James Bros-
ter, Raymond Chung, David Collier, Chatrles ] Curtis, Sha-
bana Chaudhary, Grainne Colligan, Panos Deloukas, Ceri
Durham, Faiza Durrani, Fabiola Eto, Sarah Finer, Joseph
Gafton, Ana Angel, Chris Griffiths, Joanne Harvey, Teng
Heng, Sam Hodgson, Qin Qin Huang, Matt Hurles, Karen
A Hunt, Shapna Hussain, Kamrul Islam, Vivek Iyer,
Benjamin M Jacobs, Georgios Kalantzis, Ahsan Khan, Clau-
dia Langenberg, Cath Lavery, Sang Hyuck Lee, Daniel
MacArthur, Sidra Malik, Daniel Malawsky, Hilary Martin,
Dan Mason, Rohini Mathur, Mohammed Bodrul Mazid,
John McDermott, Caroline Morton, Bill Newman, Eliza-
beth Owor, Asma Qureshi, Shwetha Ramachandrappa,
Mehru Raza, Jessry Russell, Nishat Safa, Miriam Samuel,
Moneeza Siddiqui, Michael Simpson, John Solly, Marie
Spreckley. Daniel Stow, Michael Taylor, Richard C Trem-
bath, Karen Tricker, David A van Heel, Klaudia Walter,
Caroline Winckley, Suzanne Wood, John Wright, Ishe-
vanhu Zengeya, and Julia Zollner.

Members of the HUNT All-In Research Team (in alpha-
betical order by surname): Bjgrn Olav Asvold, Ben Brump-
ton, Maiken Elvestad Gabrielsen, Kristian Hveem, Ida Sur-
akka, Laurent Thomas, and Wei Zhou.

Estonian Biobank research team members are Andres
Metspalu, Lili Milani, Tonu Esko, Reedik Magi, Mari Nelis,
and Georgi Hudjashow.

The current members of FinnGen can be found in
Table S17.
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