ARTICLE

Non-parametric Polygenic Risk Prediction
via Partitioned GWAS Summary Statistics

Sung Chun,!2.3412,13 Maxim Imakaev,!2.3,412 Daniel Hui,!3> Nikolaos A. Patsopoulos,!.3,5
Benjamin M. Neale,3.¢.7 Sekar Kathiresan,3.7.8,14 Nathan O. Stitziel,%10.11.* and Shamil R. Sunyaev!23.4*

In complex trait genetics, the ability to predict phenotype from genotype is the ultimate measure of our understanding of genetic archi-
tecture underlying the heritability of a trait. A complete understanding of the genetic basis of a trait should allow for predictive methods
with accuracies approaching the trait’s heritability. The highly polygenic nature of quantitative traits and most common phenotypes has
motivated the development of statistical strategies focused on combining myriad individually non-significant genetic effects. Now that
predictive accuracies are improving, there is a growing interest in the practical utility of such methods for predicting risk of common
diseases responsive to early therapeutic intervention. However, existing methods require individual-level genotypes or depend on accu-
rately specifying the genetic architecture underlying each disease to be predicted. Here, we propose a polygenic risk prediction method
that does not require explicitly modeling any underlying genetic architecture. We start with summary statistics in the form of SNP effect
sizes from a large GWAS cohort. We then remove the correlation structure across summary statistics arising due to linkage disequilibrium
and apply a piecewise linear interpolation on conditional mean effects. In both simulated and real datasets, this new non-parametric
shrinkage (NPS) method can reliably allow for linkage disequilibrium in summary statistics of 5 million dense genome-wide markers
and consistently improves prediction accuracy. We show that NPS improves the identification of groups at high risk for breast cancer,
type 2 diabetes, inflammatory bowel disease, and coronary heart disease, all of which have available early intervention or prevention
treatments.

Introduction

In addition to improving our fundamental understanding
of basic genetics, phenotypic prediction has obvious prac-
tical utility, ranging from crop and livestock applications
in agriculture to estimating the genetic component of
risk for common human diseases in medicine. For
example, a portion of the current guideline on the treat-
ment of blood cholesterol to reduce atherosclerotic cardio-
vascular risk focuses on estimating a patient’s risk of devel-
oping disease;' in theory, genetic predictors have the
potential to reveal a substantial proportion of this risk early
in life (even before clinical risk factors are evident),
enabling prophylactic intervention for high-risk individ-
uals. The same logic applies to many other disease areas
with available prophylactic interventions including can-
cers and diabetes.

The field of phenotypic prediction was conceived in
plant and animal genetics (reviewed in Goddard and
Hayes” and Falke et al.?). The first approaches relied on
“major genes”—allelic variants of large effect sizes readily
detectable by genetic linkage or association. These efforts
were quickly followed by strategies adopting polygenic

models, most notably the genomic version of the Best
Linear Unbiased Predictor (BLUP).*

Similarly, after the early results of human genome-wide
association studies (GWASs) became available, the first
risk predictors in humans were based on combining the ef-
fects of markers significantly and reproducibly associated
with the trait, typically those with association statistics
exceeding a genome-wide level of significance.””” Almost
immediately, after realization that a multitude of small ef-
fect alleles play an important role in complex trait ge-
netics,>>® these methods were extended to accommodate
very large (or even all) genetic markers.” "> These methods
include extensions of BLUP,”'*'® or Bayesian approaches
that extend both shrinkage techniques and random effect
models.'! Newer methods benefited from allowing for clas-
ses of alleles with vastly different effect size distributions.
However, these methods require individual-level genotype
data that do not exist for large meta-analyses and are
computationally expensive.

To leverage summary-level data from large-scale GWAS
projects, an alternative approach to construct polygenic
risk scores based on summary statistics has been intro-
duced.”'*'*!7"?!" The originally proposed version is
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additive over genotypes weighted by apparent effect sizes
exceeding a given p value threshold. In theory, the risk pre-
dictor based on expected true genetic effects given the ge-
netic effects observed in GWAS (conditional mean effects)
can achieve the optimal accuracy of linear risk models
regardless of underlying genetic architecture by properly
down-weighting noise introduced by non-causal vari-
ants.”” In practice, however, implementing the condi-
tional mean predictor poses a dilemma. The GWAS-esti-
mated effect sizes capture genetic effects of all SNPs in
linkage disequilibrium (LD), so these marginal estimates
have to be first deconvoluted into genetic contribution of
individual causal SNPs. Furthermore, in order to estimate
the conditional mean effects, we need to know the under-
lying genetic architecture first, but the true architecture is
unknown and difficult to model accurately. The current
methods circumvent this issue by extensively sampling
likely combinations of causal genetic effects under a
simplified model of genetic architecture. However, these
methods often ignore the correlation of sampling errors
of estimated effects between SNPs in LD for the sake of
computational efficiency.'®? Such approximation can
lead to a suboptimal prediction model due to double-
counting of correlated sampling errors. In case of dense
high-resolution GWAS data, this effect can be severe due
to extensive and rank-deficient LD structures. Recent ap-
proaches account for correlated sampling errors by
applying a Metropolis-Hastings technique to reject pro-
posed states based on a full multivariate likelihood or by
assuming a continuous shrinkage prior for the allelic archi-
tecture, but their prediction accuracy still depend on the
convergence of high-dimensional combinatorial sampling
processes, and it remains challenging to extend these
models to incorporate additional complexity of true
architecture.'”*!

In spite of this methodological complexity, polygenic
scores trained on large-scale datasets show some promise
for practical applications in medical genetics. Polygenic
scores have been used to analyze the UK Biobank, the
largest epidemiological cohort that includes genetic
data.”” Individuals with extreme values of polygenic score
were shown to have a substantially elevated risk for corre-
sponding diseases, generating enthusiasm for clinical ap-
plications of the method.

Here, we propose a novel risk prediction approach called
partitioning-based non-parametric shrinkage (NPS).
Without specifying a parametric model of underlying ge-
netic architecture, we aim to estimate the conditional
mean effects directly from the data. Our method accounts
for both types of correlations induced by LD in GWAS sum-
mary statistics, namely the correlations of true genetic ef-
fects as well as sampling errors, by using eigenvalue decom-
position of LD matrix instead of relying on a high-
dimensional sampling technique. Despite growing interest
in non-parametric prediction models, thus far there has
been no non-parametric polygenic score that can fully
allow for LD under the conditional mean effect frame-

work.”**° We evaluate the performance of this new
approach under a simulated genetic architecture of 5
million dense SNPs across the genome. We also test the
method using real data in four disease areas: breast cancer,
type 2 diabetes, inflammatory bowel disease, and coronary
heart disease.

Material and Methods

Overview

Our approach is to partition SNPs into groups and determine the
relative weights based on predictive value of each partition esti-
mated in the training data (Figure 1A). Intuitively, when there is
no LD between SNPs, a partition dominated by non-causal variants
will have low power to distinguish case subjects from control sub-
jects, whereas the partition enriched with strong signals will be
more informative for predicting the phenotype. This is equivalent
to approximating the conditional mean effect curve by piecewise
linear interpolation. Because of LD, however, we cannot apply
the partitioning method directly to GWAS effect sizes. True genetic
effects as well as sampling noise are correlated between adjacent
SNPs. To prevent estimated genetic signals smearing across parti-
tions, we first transform GWAS data into an orthogonal domain,
which we call “eigenlocus” (Figure 1B). Specifically, we use a decor-
relating linear transformation obtained by eigenvalue decomposi-
tion of the local LD matrix. Both genotypes and sampling errors
are uncorrelated in the eigenlocus representation. In this represen-
tation, however, true genetic effects do not follow analytically trac-
table distributions except under infinitesimal and extremely poly-
genic architectures. Therefore, we apply our partitioning-based
non-parametric shrinkage to the estimated effect sizes in the eigen-
locus, and then restore them back to the original per-SNP effects.

Decorrelating Projection

We split the genome into L non-overlapping windows of m SNPs
each. By default, m was set to 4,000 SNPs (~2.5 Mb on average).
The window size was chosen to be large enough to capture the ma-
jority of LD patterns except near the edge. For the sake of
simplicity, we assume that LD is confined to each window and
there exists no LD across windows. In each genomic window
le{1,..., L}, let X; be an Nxm genotype matrix of N individuals
and m SNPs in the window. We assume that the genotypes are
standardized to the mean of 0 and variance of 1. Let E, be an
m-dimensional vector of observed effect sizes from a GWAS and
B8, be an m-dimensional vector of true underlying genetic effects
in window L The scales of {Ai, and g, are defined with respect to
the standardized genotypes. Then, the LD matrix D; is given by
D; = (1/N)X/ X, and can be factorized by eigenvalue decomposi-
tionintoD; = Q; A, Q,T, where Q; is an orthonormal matrix of ei-
genvectors and A; is a diagonal matrix of eigenvalues.

Now we introduce a linear decorrelating transformation P,
which projects summary statistics 8, and genotypes X; into a de-
correlated space which we call “eigenlocus space.” We call the
projection P; an “eigenlocus projection.” P; is defined as the
following:

Pri=AQf

By applying the eigenlocus projection on 8, and X;, we obtain
the estimated effect sizes 7, and projected genotypes X! in this ei-
genlocus space as follows:
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Estimates of genetic effects in GWAS data (ﬁ’j)
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Figure 1. Overview of Non-Parametric Shrinkage (NPS)
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(A) For unlinked markers, NPS partitions SNPs into K subgroups splitting the GWAS effect sizes (Ei) at cut-offs of by, by,..., bg. Partitioned
risk scores Gy are calculated for each partition k and individual i using an independent genotype-level training cohort. The per-partition
shrinkage weights wy are determined by the separation of Gy between training case subjects and control subjects. Estimating the per-
partition shrinkage weights is a far easier problem than estimating per-SNP effects. The training sample size is small but still larger
than the number of partitions, whereas for per-SNP effects, the GWAS sample size is considerably smaller than the number of markers
in the genome. This procedure “shrinks” the estimated effect sizes not relying on any specific assumption about the distribution of true
effect sizes.

(B) For markers in LD, genotypes and estimated effects are decorrelated first by a linear projection P in non-overlapping windows of
~2.5 Mb in length, and then NPS is applied to the data. The size of black dots indicates genotype frequencies in population. Before pro-
jection, genotypes at SNP 1 and 2 are correlated due to LD (D), and thus sampling errors of estimated effects (8; | ;) are also correlated
between adjacent SNPs. The projection P neutralizes both correlation structures. The axes of projection are marked by red dashed lines.

B; denotes the true genetic effect at SNP j. N, is the sample size of GWAS cohort.

n = PiB,

Equation 1
X7 = X/P] (Eq )

This projection will remove the correlation structure induced by
LD in the genotypes X! and in the sampling error of estimated ef-
fects #,. Specifically, in the eigenlocus space, 7; and X} follow the
following multivariate normal distributions (see Appendices A and
B for the derivation):

X' ~ N(O, T)

~ 1
m | B NN("I: ﬁgl>

where N, is the sample size of GWAS from which summary statis-
tics 8, was obtained and n; is the true underlying genetic effect
defined by n, = A}*Q] 8.

Due to the rank-deficiency of LD matrix D; and application of
regularization on D, (described below), the dimension of eigenlo-
cus space m; can be lower than the total number of SNPs m in a
given window I. Specifically, we set the LD between SNPs to 0 un-
less the absolute value of estimated LD was greater than 5/v/N.
This is to suppress sampling noises in off-diagonal entries of LD

matrix. Since the standard error of pairwise LD is approximately
1/v/N under no correlation, we expect that on average, only 1.7
uncorrelated SNP pairs escape the above regularization threshold
in each window. In addition, projections corresponding to eigen-
values less than 0.5 were truncated for the computational effi-
ciency since they were dominated by noises. Although we chose
the window size to be large enough to capture the majority of local
LD patterns, some LD structures, particularly near the edge, span
across windows, which in turn yield cross-window correlations.
To eliminate such correlations, we applied LD pruning in the ei-
genlocus space between adjacent windows. Specifically, we calcu-
lated Pearson correlations between projected genotypes belonging
to neighboring windows. For the pairs with the absolute Pearson
correlation > 0.3, we kept the one yielding a larger absolute effect
size and eliminated the other.

By applying the above processing steps in each genomic win-
dow I, we obtained m;-dimensional vector of estimated effect sizes
= {ﬁ,,- and N xm; matrix of genotypes X = { xf; ¢ in the eigen-
locus space. Here, the index je {1, ..., m;} indicates an individual
genetic variation yielded by applying an eigenlocus projection
(Equation 1) with eigenvalues A; = {4;}. In this representation,
we can operate on each genetic variation independently from
each other since they are decorrelated.
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Partitioning Strategy

Since the SNPs with largest effect sizes span a wide range of values
but are sampled only sparsely, we cannot reliably estimate the con-
ditional mean effect for this large-effect tail without assuming a pri-
ori parametric assumption on its distribution. This issue is particu-
larly the case for genome-wide significant SNPs. To solve this
problem, we handled the genome-wide significant SNPs as a sepa-
rate partition from the rest of SNPs and treat them as fixed effect es-
timates. Specifically, the genome-wide significant SNPs were set
aside to a special partition Sy, for which the decorrelating projec-
tion was set to the identity matrix I with eigenvalues of 1. To avoid
LD across SNPs in Sy, genome-wide significant SNPs were selected
into Sy only if the LD between them is low (”? < 0.3). Then, we re-
sidualized the effects of SNPs in Sy from estimated effects of the rest
of SNPs in order to avoid double-counting their genetic effects.

The genetic variants which were not selected to Sy were pro-
jected into the eigenlocus space and then grouped into 10 x 10
double-partitions on intervals of eigenvalues 4; and absolute esti-
mated effect sizes |7y |. This is because in the eigenlocus space,
conditional mean effect E[n;|7;] depends not only on the absolute
value of estimated genetic effect M,,! but also on eigenvalue of
projection 2;. The eigenvalue of projection tracks the scale of
true genetic effect in the eigenlocus space (Appendix C). In total,
we used 101 partitions in this study including the partition of
genome-wide significant SNPs S.

While fully optimizing the partitioning cut-offs can potentially
improve the accuracy of prediction model, this becomes rapidly
impractical as the number of partitions increases. NPS requires a
large enough number of partitions to closely approximate condi-
tional mean effects, thus the combinatorial search for optimal
cut-offs is computationally intractable. Therefore, we applied the
following general heuristic, which worked well across our simula-

tion datasets. First, the partitioning cut-offs were selected on the
my

intervals of eigenvalues, equally distributing > >" 4; across parti-
I j=1

tions. This partition scheme evenly distributes the tagged herita-
bility across partitions. The partitions on eigenvalues are denoted
hereby Sy, ..., S10 from the lowest to the highest. Then, each parti-
tion of eigenvalues Sy was further partitioned on intervals of |7y

m
equally distributing > > ﬁ,zj across partitions. This second parti-
T j=1

tioning scheme is intended to evenly distribute the overall vari-
m

ance in polygenic scores, namely, var <Z >a ,ixﬁ/) , across the par-
T j=1

titions. This second partitions of Sk are denoted by Sk, ..., Sk1o0

from the lowest to the highest |7y | .

Estimation of Conditional Mean Effect

The predicted genetic risk scores of individual ie {1, ..., N} can be
represented by the sum of conditional mean effects E[ ny;| ]
multiplied by genetic dosages xﬁi across all genomic windows le
{1,..., L} and genetic variations je {1,..., m;} in each window.
Instead of deriving conditional mean effects under a genetic archi-
tecture prior, we interpolate the conditional mean effects by fitting
alinear function f (%) = w7y for each partitionk = 0, ..., K—1as
follows:

n

L L m [K-1
V= Z E[m,- \ ﬁ//}xﬁ,-: Z Z( wkﬁljl((alfv lﬁ,,- \ )E Sk))xﬁj

=1 =1 =1 j=1 \ k=0
(Equation 2)

where I( +) is an indicator function for the membership of genetic
variations to partition k, Sk is the set of all genetic variations as-
signed to partition k, and K is the total number of partitions, set
to 101 by default. The equation (Equation 2) can be further simpli-
fied by changing the order of summation as below:

K
k=

-1 L m
V= Zwk (Z Zﬁul((hi, |7y | ) e Sk)xf;;)

0 = j=1

=

-1

ol

(ZM,VI\I,’ |) eSk

K-1
Mg | = Z i Gig (Equation 3)
pry

T
=)

where Gy is a partitioned polygenic score of individual i calculated
using only genetic variations belonging to the partition k. Then,
wy becomes equivalent to the per-partition shrinkage weight.
Based on Equation 3, we can estimate wy by fitting known pheno-
types y; with partitioned scores Gy across individuals i in a small
genotype-level training cohort.

For dichotomous phenotypes without covariates, we used a
linear discriminant analysis (LDA) to estimate wy. The partitioned
scores Gy calculated in a training cohort form K-dimensional
feature space, and LDA guarantees the optimal accuracy of the
classifier when case and control subgroups follow multivariate
normal distributions in the feature space. Since each partition
consists of a sufficient number of projected genetic variations,
partitioned scores of case and control subjects, namely Gy | i,
follow approximately normal distributions.*” The variance of par-
titioned scores is approximately equal between case and control
subjects since Gy of an individual partition explains only a small
fraction of phenotypic variation on the observed scale in typical
GWAS data.*' Furthermore, due to the decorrelating property of
eigenlocus projection, the covariance of Gy and Gy can be
assumed to be approximately O between different partitions k
and k. Although in theory, the liability thresholding effect in-
duces slight non-zero covariance between partitions, this effect
is typical small and negligible. Thus, LDA-derived shrinkage
weights can be independently estimated for each partition and
simplify to:

2 E[ Gik‘}’i = 1] —E[ G,‘k |y, :0]
var| Gi|yi = 1] + var[Gu | yi = 0]

Wk =

Similarly, for continuous phenotypes or the case of dichotomous
traits with covariates, we can estimate per-partition shrinkage
weights wy by applying the following linear regression model to
the training data:

Vi = wiGix + covariates

independently for each partition.

In the special case of infinitesimal genetic architecture, in which
all SNPs are causal with normally distributed effect sizes, the con-
ditional mean effects have been analytically derived and are pre-
dicted to depend only on eigenvalues Aj;'® therefore, we can
cross-check the accuracy of our shrinkage weights wy estimated
by NPS in simulations (Appendix D). To apply NPS, we first parti-
tioned genetic variations in the eigenlocus space into ten sub-
groups on intervals of their eigenvalues 2; as described above
but without separating out the genome-wide significant SNPs
(Figure 2A). The per-partition shrinkage weights wi trained by
NPS closely tracked the theoretical optimum in most of the bins.
Interestingly, in the lowest and highest partitions of eigenvalues,
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Figure 2. Per-Partition Shrinkage
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S1 and S, the estimated shrinkage was significantly biased away
from the optimal curve. The smallest eigenvalues are too noisy to
estimate with the reference LD panel. Therefore, it is correct to
down-weight w; almost to 0. In case of partition Sjo, it spans
the widest interval of eigenvalues but consists of the fewest num-
ber of SNPs. While it is ideal to apply a finer partitioning in this in-
terval so as to better interpolate the theoretical curve, the total
numbers of SNPs and independent projection vectors in the
genome are the fundamental limiting factor.

In the case of infinitesimal architecture, theory predicts that per-
partition shrinkage weights are independent of estimated effect
sizes 7. To examine the robustness of NPS, we applied the general
10-by-10 double partitioning on 2 and \ﬁ,i \ collected under infin-
itesimal simulations. In overall, the shrinkage weights estimated
by double partitioning agree with the theoretical expectation.
The estimated conditional mean effects, interpolated with w7y,
follow the linear trajectory (Figures 2B and S1).

For non-infinitesimal genetic architecture, we do not have an
analytic derivation of conditional mean effects; therefore, we
empirically estimated the conditional means using the true un-
derlying effects n; and true LD structure of the population.
Here, 1% of SNPs were simulated to be causal with normally
distributed effect sizes. As expected, the true conditional mean
dips for the lowest values of |7;| but approaches no shrinkage
(wx=1) with increasing values of |7;| (Figures 2C and 2D). A
notable difference between the partitions of largest eigenvalues
and second smallest eigenvalues is that the true conditional
mean is very close to no shrinkage for large }ﬁ,, | in the former.
This is because eigenvalues are proportional to the scale of true
effects ny; therefore, with large enough eigenvalues, the sam-

Estimated effect |7,

pling error becomes relatively small and the estimated effect sizes
more accurate. In all partitions, conditional mean effects esti-
mated by NPS stayed very close to the true conditional means
(Figure S2).

Back-Conversion from the Eigenlocus Space to Per-SNP
Effects

Rewriting Equation 2 using matrix operations, we can reformulate
the N-dimensional vector of predicted genetic risk scores y using
the original SNP genotypes X; instead of eigenlocus genotypes
X! as follows:

L . T R
XfE[m | 7] = ZXI(AIZ QIT) E[n, | m))
=1

14

M -

1 XI(QIA;% Eln, | ﬁ/])

Il
—_

from the definition of X! (Equation 1). We obtain the conditional
mean effects by non-parametric shrinkage in the following form:

E[n, | m]=W; 7,

where W, is an m; X m; diagonal matrix with diagonal entries {w;;}
defined as:

W) = wi with with the k such that (4, |7y |) €Sk

where k is the partition to which the j' projected genetic varia-
tion belong in the eigenlocus space. Therefore, the reweighted ef-
fects in the original per-SNP scale can be retrieved back by
computing Q,A, *W; 7.
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Application of NPS to Genome-wide Datasets

The estimated effect size at each SNP is available as summary sta-
tistics from a large discovery GWAS. As these estimated effects
were represented as per-allele effects, we converted them relative
to standardized genotypes by multiplying by /2f(1 — f), where
f is the allele frequency of each SNP in the discovery GWAS
cohort.

Because the accuracy of eigenlocus projection declines near the
edge of windows, the overall performance of NPS is affected by the
placement of window boundaries relative to locations of strong as-
sociation peaks. To alleviate such dependency, we repeated the
same NPS procedure shifting by 1,000, 2,000, and 3,000 SNPs
and took the average reweighted effect sizes across four NPS
runs. When NPS was run in parallel on up to 88 processors (22
chromosomes x 4 window shifts), it took total computation
time of 3 to 6 h for each dataset.

Simulation of Genetic Architecture with Dense Genome-
wide Markers

For simulated benchmarks, we generated genetic architecture with
5 million dense genome-wide markers from the 1000 Genomes
Project. We kept only SNPs with MAF > 5% and Hardy-Weinberg
equilibrium test p value > 0.001. We used non-Finnish EUR panel
(n = 404) to populate LD structures in simulated genetic data. Due
to the limited sample size of the LD panel, we regularized the LD
matrix by applying Schur product with a tapered banding matrix
so that the LD smoothly tapered off to O starting from 150 kb up
to 300 kb.*

Next, we generated genotypes across the entire genome, simu-
lating the genome-wide patterns of LD. We assume that the stan-
dardized genotypes follow a multivariate normal distribution.
Since we assume that LD travels no farther than 300 kb, as long
as we simulate genotypes in blocks of length greater than 300
kb, we can simulate the entire chromosome without losing any
LD patterns by utilizing a conditional multivariate normal distri-
bution as the following. The genotypes for the first block of
1,250 SNPs (average 750 kb in length) were sampled directly out
of multivariate normal distribution N(x=0, == D;). From the
next block, we sampled the genotypes of 1,250 SNPs each, condi-
tional on the genotypes of previous 1,250 SNPs. When the geno-
type of block [ is x; and the LD matrix spanning block / and I+ 1
is split into submatrices as the following:

D, Dy

Dpiy D
then, the genotype of next block /+ 1 follows a conditional
MVN as:

X1 | Xp=x ~N(g=DpD;'x;, T=Dpy — Dy D; ' Dyyiy)

After the genotype of entire chromosome was generated in this
way, the standardized genotype values were converted to allelic ge-
notypes by taking the highest nf and lowest (1 — f)* genotypes
as homozygotes and the rest as heterozygotes under Hardy-Wein-
berg equilibrium. n is the number of simulated samples and f is the
allele frequency of each SNP. This MVN-based simulator can effi-
ciently generate a very large cohort with realistic LD structure
across the genome and is guaranteed to produce homogeneous
population without stratification.

We simulated three different sets of genetic architecture: point-
normal mixture, MAF dependency, and DNase I hypersensitive
sites (DHS). The point-normal mixture is a spike-and-slab architec-

ture in which a fraction of SNPs have normally distributed causal
effects §; for SNP j as below:

Bj ~ pN(0,1) + (1 -p)do

where p is the fraction of causal SNPs being 1%, 0.1%, or 0.01%
and dy is a point mass at the effect size of 0. For the MAF-depen-
dent model, we allowed the scale of causal effect sizes to vary
across SNPs in proportion to (fi(1—f;))* with a =-0.25%" as
follows:

g~ pN(0. (F(1-5))") + 1 -pdo

Finally, for the DHS model, we further extended the MAF-depen-
dent point-normal architecture to exhibit clumping of causal SNPs
within DHS peaks. Fifteen percent of simulated SNPs were located
in the master DHS sites that we downloaded from the ENCODE
project. We assumed a five-fold higher causal fraction in DHS
(ppus) compared to the rest of the genome in order to simulate
the enrichment of per-SNP heritability in DHS reported in the pre-
vious study.’* Specifically, 8; was sampled from the following
distribution:

pous N0, (F(1=£))") + (1= pous)do if SNP j is in DHS

i~

% PousN (07 (f, (1 - f,))a) + (1 - %Pvﬂs> 0o otherwise

In each genetic architecture, we simulated phenotypes for dis-
covery, training, and validation populations of 100,000, 50,000,
and 50,000 samples, respectively, using a liability threshold model
of heritability of 0.5 and prevalence of 0.05. In the discovery pop-
ulation, we obtained GWAS summary statistics with Plink by
testing for the association with the total liability instead of case/
control status; this is computationally easier than to generate a
large case/control GWAS cohort directly, and the estimated effect
sizes are approximately equivalent by a common scaling factor.
With the prevalence of 0.05, statistical power of quantitative trait
association studies using the total liability is roughly similar to
those of dichotomized case/control GWASs of same sample
sizes.>® For the training dataset, we assembled a cohort of 2,500
case subjects and 2,500 control subjects by down-sampling con-
trol subjects out of the simulated population of 50,000 samples.
The validation population was used to evaluate the accuracy of
prediction model in terms of R? of the liability explained and Na-
gelkerke’s R? to explain case/control outcomes.

GWAS Summary Statistics

GWAS summary statistics are publicly available for phenotypes of
breast cancer,”®*” inflammatory bowel disease (IBD),*® type 2 dia-
betes (T2D),*’ and coronary artery disease (CAD).*° These GWAS
summary statistics were based only on white (European) samples
with an exception of CAD, for which 13% of discovery cohort
comprised of non-European ancestry.

UK Biobank

UK Biobank samples were used for training and validation pur-
poses. Case and control samples were defined as follows. Breast
cancer cases were identified by ICD10 codes of diagnosis. Control
subjects were selected from females who were not diagnosed with
or did not self-report history of breast cancer. We excluded individ-
uals with history of any other cancers, in situ neoplasm, or
neoplasm of unknown nature or behavior from both case and
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control subjects. For IBD, we identified case individuals by ICD10
or self-reported disease codes of Crohn disease, ulcerative colitis,
or IBD. Control subjects were randomly selected excluding partic-
ipants with history of any auto-immune disorders. For T2D, case
subjects were identified by ICD10 diagnosis codes or by question-
naire on history of diabetes combined with the age of diagnosis
over 30. However, our T2D case subjects may include a small frac-
tion of type 1 diabetic case subjects misdiagnosed as T2D (3.7%) as
previously reported.*! For early-onset CAD, case individuals were
identified by ICD10 codes of diagnosis or cause of death. The early
onset was determined by the age of heart attack on the question-
naire (<55 for men and <65 for women). Individuals with history
of CAD were excluded from controls regardless of the age of onset.
The latest CAD summary statistics include UK Biobank samples in
the interim release; thus, to avoid sample overlap, we used only
post-interim samples, which were identified by genotyping batch
IDs. For all phenotypes, our case definition includes both preva-
lent and incident cases.

For genotype QC, we filtered out SNPs with MAF below 5% or
INFO score less than 0.4. We also excluded tri-allelic SNPs and in-
dels. For all phenotypes, we filtered out participants who were re-
tracted, were not from white British ancestry, or had indication of
any QC issue in UK Biobank. We included only samples that were
genotyped with Axiom array. Related samples were excluded to
avoid potential confounding. The samples were randomly split
to training and validation cohorts. Controls were down-sampled
to the case to control ratio of 1:1 to assemble training cohorts,
but no down-sampling was applied to validation cohorts to keep
the original case prevalence.

Partners Biobank

We used Partners Biobank*” to evaluate the accuracy of predic-
tion models in an independent validation cohort. These genotyp-
ing data were previously generated using the MEGA-Ex array.
Markers with monomorphic allele frequency, complementary al-
leles, less than 99.5% genotyping rate, or deviation from Hardy-
Weinberg equilibrium (p < 0.05) were removed. Then, statistical
imputation was conducted to infer genotypes at missing markers
using Eagle v.2.4 and IMPUTE v.4 on the reference panel (1000
Genomes Phase 3). Excluding samples of non-European ancestry,
a total of 16,839 samples from US white population were avail-
able for use. Participants with breast cancer, IBD, T2D, and
CAD were identified using a phenotype query algorithm with
the PPV parameter of 0.90.** To obtain early-onset CAD, both
case and control subjects were restricted to men with age < 55
and women with age < 65. Since the prevalence of early-onset
CAD and T2D are sex dependent, we included the sex covariate
in the genetic risk model for CAD and T2D. For all methods,
the coefficient of sex covariate was estimated in the training
cohort of UK Biobank.

LDPred

The accuracy of LDPred was evaluated in simulated and real data-
sets using the default parameter setting. The underlying causal
fraction parameter was optimized using the training cohort,
which is available as individual-level genotype data. Specifically,
the causal SNP fractions of 1, 0.3, 0.1, 0.03, 0.01, 0.003, 0.001,
0.0003, and 0.0001 were tested in the training data, and the pre-
diction model yielding the highest prediction R? was selected for
validation. The training genotypes were also used as a reference
LD panel.

LDPred accepts only hard genotype calls as inputs at the
training step. Thus, for real data we converted imputed allelic dos-
ages to most likely genotypes after filtering out SNPs with geno-
type probability < 0.9. SNPs with the missing rate > 1% or devia-
tion from Hardy-Weinberg equilibrium (p < 107°) were also
excluded. Prediction models were trained using only SNPs that
passed all QC filters in both training and validation datasets, as
recommended by the authors. SNPs with complementary alleles
were excluded automatically by LDPred. In simulations, all geno-
types were generated as hard calls, and complementary alleles
were avoided; thus, the exactly same set of SNPs were used for
both LDPred and NPS. In a subset of datasets, we further examined
the accuracy of LDPred when it was run only with directly geno-
typed SNPs. In simulated datasets, we assumed that both training
and validation cohorts were genotyped with Illumina Human-
Hap550v3 array, restricting the genotype data to 490,504 common
SNPs. For UK Biobank datasets, prediction models were con-
strained to up to 354,110 common SNPs in UK Biobank Axiom
array. In the case of validation in Partners Biobank, we did not
consider running LDPred only with genotyped SNPs since too
few SNPs were directly genotyped in both UK Biobank and Part-
ners Biobank; thus, we validated LDPred only using overlapping
markers in imputed data of two cohorts.

LD Pruning and Thresholding

LD Pruning and Thresholding (P+T) algorithm was evaluated us-
ing PRSice software in the default setting.** In real data, imputed
allelic dosages were converted to hard-called genotypes similarly
as for LDPred. A training cohort was used as a reference LD panel
and to optimize pruning and thresholding parameters. The best
prediction model suggested by PRSice was evaluated in validation
cohorts.

PRS-CS

PRS-CS algorithm was benchmarked using the default parameter
setting.”’ The optimal ¢ parameter values were optimized in
training cohorts, and the highest performing model was evaluated
in validation cohorts. For the reference LD panel, we used a set of
simulated genotypes produced by our MVN simulator in order to
accurately capture the underlying LD structure of our simulated
datasets; in real data, we used the “EUR” reference LD panel pro-
vided in the software. Imputed allelic dosages were converted to
hard-called genotypes similarly as recommended by the authors.

Results

Application to Simulated Data

To benchmark the accuracy of NPS, we simulated the ge-
netic architecture using the real LD structure of 5 million
dense common SNPs from the 1000 Genomes Project (Ma-
terial and Methods). We considered the causal fraction of
SNPs from 1% to 0.01%, dependency of heritability on mi-
nor allele frequency (MAF), and enrichment of heritability
in DNase I hypersensitive sites (DHS) based on the previ-
ous literature.””***> The prediction accuracy of NPS re-
mained robust across the simulated genetic architectures
(Tables 1 and S1). We measured prediction accuracy using
Nagelkerke R? and odds ratio at the highest 5% tail of the
polygenic score distribution. The latter measure has been
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Table 1.

Comparison of Prediction Accuracy in Simulated Genetic Architecture

5% NPS R’y.y Compared to

% Causal SNPs Method RPNagelkerke % h? Explained Tail OR P+T LDPred PRS-CS
1% P4+T 0.050 14.8 3.18

LDPred 0.068 20.6 3.66

PRS-CS 0.075 22.0 4.02

NPS 0.085 24.6 4.27 1.68* 1.25% 1.13*
0.1% P+T 0.136 40.8 6.32

LDPred 0.080 23.0 4.08

PRS-CS 0.156 44.8 7.03

NPS 0.179 51.2 8.09 1.31* 2.22% 1.14*
0.01% P+T 0.213 61.4 9.92

LDPred 0.153 (0.268)* 43.8 (74.6)" 7.66 (13.37)*

PRS-CS 0.228 65.3 10.35

NPS 0.328 92.6 17.19 1.54* 2.14* 1.44*

Non-parametric shrinkage (NPS) is more robust and accurate compared to other methods in simulated datasets. The simulations incorporate the dependency of
heritability on minor allele frequency and clumping of causal SNPs in known DHS elements. The heritability was 0.5, and the prevalence was 5%. The number of
markers was 5,012,500. The GWAS sample size was 100,000. Prediction models were optimized in the training cohort of 2,500 case subjects and 2,500 control
subjects. R? of prediction was measured in the validation cohort of 50,000 samples. The h? explained stands for the proportion of heritability on the liability scale
explained by polygenic scores. The asterisk (*) indicates a significant improvement in Nagelkerke’s R (paired t test; p < 0.05).

*The accuracy of LDPred varies widely depending on the convergence of prediction model; thus, we report the maximum R? in parentheses as well as the average

performance.

popularized by a recent study that reported that the tails of
the polygenic score distribution are associated with risk
that is similar to monogenic mutations.”’

We evaluated the performance of NPS vis-a-vis two
popular methods, LDPred and P+T, as well as the
newest method PRS-CS with the superior reported accu-
racy >'®?! (Tables S1-S5). LDPred is the state-of-the-art
Bayesian parametric method, which is similarly based on
summary statistics estimated in large GWAS datasets and
an independent training set with individual-level data.
PRS-CS is a new sophisticated extension of the Bayesian
strategy. We found that our method resulted in more accu-
rate predictions than all three methods across a range of
genome-wide simulations. PRS-CS was shown to be more
accurate than P+T and LDPred on simulated data,
although less accurate than NPS. The improvement over
LDPred is seemingly surprising given that some of the
simulated allelic architectures are the spike-and-slab allelic
architecture for which LDPred is expected to be optimal as
a Bayesian method. However, we found that in most simu-
lations, LDPred adopted the infinitesimal or extremely
polygenic model irrespective of the true simulated regime,
pointing to the challenge of computational optimization
in the parametric case (Table S3). The simulations suggest
that the well-optimized parametric models are capable of
generating good predictions, but NPS is much more robust
and does not suffer from optimization issues. Overall, NPS
improves accuracy consistently for all simulated allelic ar-
chitectures for both Negelkerke R? and odds ratios at 5%
tail (Table 1).

Application to Real Data

We benchmarked the accuracy of NPS and other methods
using publicly available GWAS summary statistics and
training and validation cohorts assembled with UK Bio-
bank samples (Material and Methods).*®~*%*® For all three
phenotypes except coronary artery disease, NPS showed
significantly higher accuracy than LDPred or P+T (Tables
2 and S6-S9 and Figures S3-S7) and highly similar (statisti-
cally indistinguishable) accuracy compared to PRS-CS. In
particular, our method and PRS-CS outperformed the
other two methods by greater magnitudes with more
recent GWAS summary statistics with finer resolution.
For example, the latest breast cancer GWAS has twice as
large sample size as the previous study and used a custom
genotyping array to densely genotype known cancer sus-
ceptibility loci. The R? of our method increased by 1.5-
fold with the latest breast cancer data whereas the accuracy
of LDPred did not improve at all. The R? of P+T increased
by 1.25-fold, but the gain is mainly due to the inferior ac-
curacy with older GWAS data.

Since our method estimates a large number of parame-
ters from the training data, it might be particularly vulner-
able to overfitting cryptic genetic features common to both
training and testing data which may result in inflated pre-
diction accuracy. To eliminate this possibility, we bench-
marked the prediction models in Partners Biobank, as an
independent validation cohort (Material and Methods).**
For all phenotypes, NPS outperformed both P+T and
LDPred and showed similar accuracy as PRS-CS (Tables 3
and S10-S13). NPS also has a higher odds ratio at 5%
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Table 2. Accuracy of Polygenic Prediction in Real Data

Discovery GWAS Training (UK Biobank) Validation (UK Biobank) Method RzN,,g 5% Tail OR
Breast cancer 2015 (n = ~120,000) n = 3,956/3,956 n = 3,957/73,652 P+T 0.021 2.28
LDPred 0.026 2.42
PRS-CS 0.030 2.60
NPS 0.030 2.53
Breast cancer 2017 (n = ~230,000) P+T 0.027 2.37
LDPred 0.026 2.33
PRS-CS 0.043 2.96
NPS 0.045 3.01
Inflammatory bowel disease (n = ~35,000) n = 2,483/2,483 n = 2,482/157,272 P+T 0.028 3.00
LDPred 0.027 2.77
PRS-CS 0.040 3.67
NPS 0.035 3.60
Type 2 diabetes (n = ~160,000) n = 7,298/7,298 n = 7,298/144,020 P+T 0.046 3.04
LDPred 0.059 3.51
PRS-CS 0.066 3.99
NPS 0.065 3.81
Coronary artery disease (n = ~330,000) n = 2,000/2,000 n=773/62,512 P+T 0.063 5.17
LDPred 0.078 5.65
PRS-CS 0.075 4.92
NPS 0.073 5.21

Non-parametric shrinkage (NPS) and PRS-CS outperform both pruning and thresholding (P+T) and LDPred in real data. Both training and validation cohorts were
sampled from UK Biobank. The tail odds ratio (OR) stands for the odds ratios of case subjects over control subjects at the 5% tail in polygenic score distribution
compared to the rest. For CAD and T2D, all prediction models were trained and validated with the sex covariate to account for the difference of disease prevalence

by sex.

distribution tail than PRS-CS consistently for all pheno-
types, although this improvement is not statistically signif-
icant (Table 3).

Discussion

Understanding how phenotype maps to genotype has al-
ways been a central question of basic genetics. With the
explosive growth in the amount of training data, there is
also a clear prospect and enthusiasm for clinical applica-
tions of polygenic risk prediction.””*” The current reality
is, however, that most large-scale GWAS datasets are avail-
able in the form of summary statistics only. Nonetheless,
data on a limited number of cases are frequently available
from epidemiological cohorts such as UK Biobank or from
public repositories with a secured access such as dbGaP.
This motivated us to develop a method that is primarily
based on summary statistics but also benefits from smaller
training data at the raw genotype resolution. Although we
heavily rely on the training data to construct a prediction
model, the requirement for out-of-sample training data is
not unique for our method. Widely used thresholding-

based polygenic scores and Bayesian parametric methods
also need genotype-level data to optimize their model pa-
rameters.'®*® Also, our method assumes—similar to other
methods—that all datasets come from a homogeneous
population. It has been shown that polygenic risk models
are not transferrable between populations due to differ-
ences in allele frequencies and patterns of linkage disequi-
librium,*’ which is a problem that should be addressed by
future work in this field.

Human phenotypes vary in the degree of polygenicity,*’
in the fraction of heritability attributable to low-frequency
variants** and in other aspects of allelic architecture.*>>'
The optimality of a Bayesian risk predictor is not guaran-
teed when the true underlying genetic architecture devi-
ates from the assumed prior. In particular, recent studies
have revealed complex dependencies of heritability on mi-
nor allele frequency (MAF) and local genomic features such
as regulatory landscape and intensity of background selec-
tions.?334455051 Several studies have proposed to extend
polygenic scores by incorporating additional complexity
into the parametric Bayesian models, yet these methods
were not applied to genome-wide sets of markers due to
computational challenges.’”>* Recently, there has been a
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Table 3. Accuracy of Polygenic Prediction in Independent Validation Cohorts

Discovery GWAS Training (UK Biobank) Validation (Partners) Method RZN.,g 5% Tail OR
Breast cancer 2017 (n = ~230,000) n = 3,956/3,956 n = 754/8,324 P+T 0.016 1.56
LDPred 0.015 1.78
PRS-CS 0.034 2.23
NPS 0.034 2.32
Inflammatory bowel disease (n = ~35,000) n = 2,483/2,483 n = 839/16,000 P+T 0.050 3.57
LDPred 0.038 3.07
PRS-CS 0.065 4.11
NPS 0.069 4.32
Type 2 diabetes (n = ~160,000) n = 7,298/7,298 n =2,026/14,813 P+T 0.038 2.10
LDPred 0.046 2.51
PRS-CS 0.058 2.80
NPS 0.054 2.97
Coronary artery disease (n = ~330,000) n = 2,000/2,000 n = 268/7,107 P+T 0.018 2.72
LDPred 0.016 2.31
PRS-CS 0.027 3.16
NPS 0.025 4.10

Non-parametric shrinkage (NPS) and PRS-CS outperform both pruning and thresholding (P+T) and LDPred in completely independent validation cohorts from US
white population (Partners Biobank). The same cohorts from UK Biobank was used for training prediction models (Table 2). The tail odds ratios (OR) stand for the
odds ratios of cases over controls at the 5% tail in polygenic score distribution compared to the rest. For CAD and T2D, all prediction models were trained and

validated with the sex covariate to account for the difference of disease prevalence by sex.

growing interest in non-parametric or semi-parametric ap-
proaches, such as those based on modeling of latent vari-
ables or kernel-based estimation of prior or marginal distri-
butions; however, thus far they cannot leverage summary
statistics or directly account for the linkage disequilibrium
structure in the data.?*2” To address these issues, we devel-
oped NPS, a non-parametric method that is agnostic to
allelic architecture. In simulations, we show that this
approach should be advantageous across a wide range of
phenotypes and traits with differing underlying architec-
tures and find that it outperforms existing prediction
methods in UK Biobank for four different traits of medical
interest. NPS is flexible to incorporate additional
complexity of true genetic architecture. Our non-para-
metric approach has been recently adopted by LDPred-
funct, an extension of LDPred to incorporate functional
annotations.’* Finally, as demonstrated in the prediction
accuracy using two different breast cancer GWAS summary
statistics, with increasing size and marker density in case-
control association studies across a range of diseases, our
NPS method should outperform traditional parametric ap-
proaches for identifying individuals at increased risk.

Appendix A. Distribution of Projected Genotypes
in the Eigenlocus Space

Let X; be an m-dimensional genotype vector of all SNPs in
genomic window [ and individual i. We drop the subscript

for genomic window for the sake of simplicity when itis clear
from the context. The standardized genotype X; is approxi-
mated by the following multivariate normal distribution:

Xi ~N(0,D)
where D is a LD matrix of the window. Since the projected
genotype X! is derived by applying eigenlocus projection
P on X; by definition (Equation 1), X! also follows a multi-

variate normal distribution. Specifically, the distribution of
XPis:

T
XP~N <A-% Q’o, (A-% QT) D <A‘% QT) )

1 1
= N(o, A2 QTQAQTQA’E) =N(0,1)

since D = QAQ" and Q" Q = I. The projected genotypes
in the eigenlocus space are decorrelated with the covari-
ance of L.

Appendix B. Distribution of Effect Size Estimates in
the Eigenlocus Space

In the discovery GWAS, the estimated effect sizes ,(Ai are
calculated by linear regression as below:
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where y is an N,-dimensional phenotype vector and Ny is
the sample size of GWAS cohort. For convenience, we as-
sume that y is standardized to the mean of O and variance
of 1. At this time, we treat genotypes as fixed variables and
model the true underlying genetic effects 8 and residuals e
as random. Since y = X@ + ¢,
2 T 1 T
g :—X (XB+e)=DB+—X'¢
NX
where the residual ¢ follows an N,-dimensional multivar-
iate normal distribution N(0, ¢2I). In an individual win-
dow, the genetic effects explain only a small fraction of
phenotypic variation, so we can assume that 2=
var(y) = 1. The distribution of sampling noise in 8,
namely the distribution of ﬁ given g, follows:

NZ

:N(Dﬁ, NLD>
8

since D = (1 /Ng)XTX. Since the estimated effect size 7 in
the eigenlocus space is obtained by applying P on ﬁ by
definition (Equation 1), the distribution of 7 given g also
follows a multivariate normal distribution:

B|B~N (Dﬂ +—XT0 —xT1x>

N ( 1 1.1 1 A\T

718~N(A? QDB ﬁAZQD(AZQ)
8

- N(A-%QTQAQTH, A QTQAQTQA-%)
8

_nlatotg L
_N(AQ 8, NXI)

since D =QAQT and Q"Q =L The sampling noise in 7
is now decorrelated with the covariance of ngl. Hence, the

eigenlocus projection P removes correlations in both ge-
notypes and sampling noise of effect size estimates.

Appendix C. Interpretation of Eigenvalues

Let 8 be the m-dimensional vector of true genetic effect at
m SNPs in a genomic window. We assume that 8 is sym-
metric at 0 and independent at each SNP. Then, the distri-
bution of true genetic effects n = {#;} in the eigenlocus
space will follow:

Eln) =E[\/% 4] 8] = /% 4/ EI8] =

where J; and q; are the eigenvalue and eigenvector, respec-
tively, projecting 8 to 77, by Equation 1. If we put that eigen-
vector g is (q1j.. qm,) and g is (6;...8,,)", the variance of
true genetic effects for an eigenlocus is:

Therefore, in general, var[n;], is directly proportional to
eigenvalue J;. In particular, when all SNPs have the same
variance of per-SNP effect sizes of,

var [ni] = A,ﬂ(?

m
since ) g7 = 1.
s=1

Appendix D. Conditional Mean Effects under
Infinitesimal Genetic Architecture in the
Eigenlocus Space

Under infinitesimal genetic architecture, the conditional

mean effect has been analytically derived by Vilhjalmsson

et al.:'®

-1
E[ﬂ | B] = (N LT D) [ (Equation S1)

where N, is the sample size of GWAS cohort, h? is the her-
itability of trait, M is the total number of SNPs, and D is the
LD matrix of full rank. Then, D can be factorized into
D = QAQ” with eigenvalues A and eigenvectors Q. Since

M M
(N th—i—D) Q(N hzl—i—A)Q

and

-1

MID_I I+A T
(st +p) —e(gptea) o

we can reformulate Equation S1 as follows:

E{ﬁ | B] - (NNZZH—A) 1QT3

M AN G
N Q(N h21+A) AZ(A ZQTﬁ)

-1
1
= Q(N h21+A) AZ 75
by the definition of 5 (Equation 1). Hence,

Efn | 7] = AYQE[B | 7] = A'QE|8 | ]
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M s

by the definition of 5. Therefore, for the j eigenlocus pro-
jection defined by eigenvalue 4 and eigenvector g, the
conditional mean effect is given as the following:

A
TN

E[n; | ;] =

Thus, under infinitesimal architecture, the conditional
mean effect E[n; \ 7;] simplifies to w 7;, where  is the theo-
retically optimal shrinkage weight and depends only on ei-
genvalues as follow:

Supplemental Data

Supplemental Data can be found online at https://doi.org/10.
1016/j.ajhg.2020.05.004.
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