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Method

A scalable adaptive quadratic kernel method
for interpretable epistasis analysis in complex traits

Boyang Fu,'> Prateek Anand,'> Aakarsh Anand,'~> Joel Mefford,?

and Sriram Sankararaman'->*#

7Department of Computer Science, University of California, Los Angeles, Los Angeles, California 90095, USA; 2Semel Institute for
Neuroscience and Human Behavior, University of California, Los Angeles, Los Angeles, California 90024, USA; 3 Department of
Human Genetics, 4Department of Computational Medicine, David Geffen School of Medicine, University of California, Los Angeles,

Los Angeles, California 90095, USA

Our knowledge of the contribution of genetic interactions (epistasis) to variation in human complex traits remains limited,
partly due to the lack of efficient, powerful, and interpretable algorithms to detect interactions. Recently proposed ap-
proaches for set-based association tests show promise in improving the power to detect epistasis by examining the aggregat-
ed effects of multiple variants. Nevertheless, these methods either do not scale to large Biobank data sets or lack
interpretability. We propose QuadKAST, a scalable algorithm focused on testing pairwise interaction effects (quadratic ef-
fects) within small to medium-sized sets of genetic variants (window size <I00) on a trait and provide quantified interpreta-
tion of these effects. Comprehensive simulations show that QuadKAST is well-calibrated. Additionally, QuadKAST is
highly sensitive in detecting loci with epistatic signals and accurate in its estimation of quadratic effects. We applied
QuadKAST to 52 quantitative phenotypes measured in ~300,000 unrelated white British individuals in the UK
Biobank to test for quadratic effects within each of 9515 protein-coding genes. We detect 32 trait-gene pairs across 17 traits
and 29 genes that demonstrate statistically significant signals of quadratic effects (accounting for the number of genes and
traits tested). Across these trait-gene pairs, the proportion of trait variance explained by quadratic effects is comparable to
additive effects, with five pairs having a ratio >1. Our method enables the detailed investigation of epistasis on a large scale,

offering new insights into its role and importance.
[Supplemental material is available for this article.]

Genome-wide association studies (GWAS) have revolutionized the
field of human genetics by providing valuable insights into the ge-
netic basis of complex traits and diseases (The Wellcome Trust
Case Control Consortium 2007; Weedon et al. 2008; Lambert
et al. 2013; Schizophrenia Working Group of the Psychiatric
Genomics Consortium 2014; Visscher et al. 2017; Abdellaoui
et al. 2023). The primary goal of GWAS is to identify statistically
significant associations between specific genetic variants and
traits. These associations typically test for a linear additive relation-
ship between genetic variant and trait due to their simplicity and
interpretability. Recent studies, however, indicate that interaction
effects between genes or genetic variants that go beyond mere ad-
ditivity can play an overlooked role in shaping complex traits
(Sheppard et al. 2021; Fu et al. 2023; Stamp et al. 2023; Tang
et al. 2023; Mackay and Anholt 2024; Smith et al. 2024). Such in-
teractions have been proposed as key factors in both human com-
plex trait variation and disease susceptibility (Thornton-Wells
et al. 2006). Epistasis also potentially accounts for some of the
“missing heritability” not explained by additive genetic factors
alone (Eichler et al. 2010; Singhal et al. 2023). Having an efficient
way of identifying and understanding epistasis could greatly ad-
vance our understanding of underlying biological pathways
(Bagheri-Chaichian et al. 2003; Phenix et al. 2011) and can poten-
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tially increase the generalizability of polygenic scores within
(Mostafavi et al. 2020) and across different ancestral populations
(Martin et al. 2017, 2019). Despite its likely importance, efficient
methods for detecting, quantifying, and interpreting epistatic in-
teractions remain largely underdeveloped. As a result, our knowl-
edge of the role of epistasis remains limited (Carlborg and Haley
2004).

Despite its hypothesized importance, characterizing the role
of epistasis in complex traits presents several challenges. The
task of examining all potential interactive relationships among
single nucleotide polymorphisms (SNPs) and genes necessitates
navigating a large feature space that expands exponentially with
the increasing order of interactions. A number of methods have
been developed to search (Wan et al. 2010; Hemani et al. 2011;
Prabhu and Pe’er 2012) for pairs of genetic variants that show ev-
idence for epistatic effects from a large combinatorial space.
However, such approaches have low statistical power due to the
stringent thresholds needed to account for the number of tests per-
formed. As a result, successful detection of epistasis requires exam-
ining a large number of individuals to obtain adequate power.

An alternative approach to identify trait-relevant genetic var-
iants focuses on grouping variants into “sets” and jointly estimat-
ing the effects of all variants within each set (Neale et al. 2011; Wu
et al. 2011; Lee et al. 2012; Lippert et al. 2014). By reducing the
number of statistical tests performed and hence the multiple test-
ing burden, these methods can obtain increased power over

©2024 Fuetal. Thisarticle, published in Genome Research, is available under a
Creative Commons License (Attribution-NonCommercial 4.0 International), as
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Scalable quadratic kernel for epistasis analysis

approaches that aim to identify individual variants. Existing set-
based tests have shown their efficacy for detecting associations be-
tween complex traits and sets of rare as well as common variants
(Lunetta et al. 2015; Cirulli et al. 2020; Li et al. 2020). However,
these approaches, although largely scalable, focus primarily on
testing the additive effect of variants within a set. None of the ex-
isting set-based testing approaches (Wu et al. 2011; Lippert et al.
2014) can test epistatic effects in large-scale biobanks.

One approach to test for nonlinear effects of a set of genetic
variants relies on the “kernel trick” that enables implicit computa-
tion of the inner product of potentially high-dimensional nonlin-
ear transformations of the input genotypes. However, the
computational burden involved in operating on the kernel matrix
makes these approaches infeasible for large-scale data. Although a
recent work, FastKAST, has ameliorated the computational chal-
lenge by employing kernel approximations (Rahimi and Recht
2007; Fu et al. 2023), FastKAST is limited in the types of nonlinear
relationships that can be modeled (e.g., those that can be repre-
sented by radial basis function kernels). Thus, FastKAST cannot
be applied to quadratic and polynomial kernels and hence lacks
the interpretability associated with testing for pairwise interac-
tions among SNPs. Overall, we lack efficient yet interpretable
methods to identify and quantify the epistasis effects within sets
of genetic variants.

We propose a novel algorithm, Quadratic Kernel-based
ASsociation Test (QuadKAST), to address the major limitations of
existing set-based association test approaches. Unlike existing ap-
proaches, QuadKAST aims to test for the effect of pairwise genetic
interactions (quadratic effects), which complements the existing
epistasis analysis and offers several advantages. First, a test of qua-
dratic effects offers an interpretable (and the simplest) model of
epistasis. Second, beyond tests of epistasis, QuadKAST quantifies
the proportion of phenotypic variance explained by quadratic ef-
fects (quadratic variance component). Finally, QuadKAST leverag-
es the estimated statistics from previous steps and computes
posterior estimates of the effect sizes associated with pairs of inter-
actions within a set allowing us to interpret the epistatic signal.
Overall, QuadKAST aims to test, quantify, and interpret the set-
based epistasis effect in an integrated and scalable manner. We per-
form comprehensive simulations to evaluate the calibration, pow-
er, and scalability of QuadKAST. We then applied QuadKAST to 52
quantitative phenotypes measured in ~300, 000 unrelated white
British individuals in the UK Biobank (UKB) to test for quadratic
effects within each of 9515 protein-coding genes.

Methods

Set-based association testing of linear additive genetic effects

Consider a N x M matrix representing the standardized genotypes
T
&

of N individuals at M SNPs: G = where g, n€{1, ..., N} is

N
the vector of genotypes at M SNPs for a specific individual n. Let
y € RN represent the phenotypes across N individuals and X repre-
sents an N x K matrix of covariates.

In the context of set-based association testing, the matrix G is
typically constructed by aggregating variants within a genomic re-
gion while matrix X incorporates factors such as sex, age, and ge-
netic principal components (PCs) to account for population
structure. The objective of set-based association testing is to ascer-
tain whether the variants within the defined set exhibit, in aggre-

gate, association with the trait y where the association is typically
assumed to be linear and additive. Formally, we assume that each
of the M SNPs within the set independently and additively con-
tributes to the trait with effect sizes drawn from a normal distribu-
tion resulting in the following model.

0.2
y=Xa+GB+e e~N(O, dly), BNN<0/A51M)- @

Here o2 denotes the residual or noise variance whereas o-§ repre-
sents the proportion of phenotypic variance explained by additive
genetic effects at the SNPs considered. & denotes the fixed effects
associated with the covariates. The objective of set-based associa-
tion testing is formulated as a test of the hypothesis oﬁ =0
(Lippert et al. 2011; Wu et al. 2011).

Quadratic association test

Beyond a linear additive relationship, the genetic variants within a
set may modulate the trait through their interactions with each
other. We can expand upon the model in Equation 1 to include
nonlinear associations between G and y through the use of a fea-
ture map ¢: RM — RP. This map transforms the vector of genotypes
at M SNPs into a D-dimensional vector. Although the feature map ¢
could represent an arbitrary nonlinear function, considerations of
interpretability lead us to restrict ¢ to functions that capture pair-
wise interactions across the M SNPs (quadratic feature maps). We
can define two such quadratic feature maps depending on whether
we allow for self-interactions at a SNP:

&

S
g1fgz Self-interaction included,

@) =

S18M

EM-18M
8182

o@) =] £18u Self-interaction excluded.

EM-18M

We now model the aggregate effect of pairwise genetic interactions
on the phenotype, termed quadratic effects, as:

O.Z
y=Xa+®y+e, e~N©O Aly), v~ /\/(0, quad ID). )

D
$g1)"
Here ® = whereas y € RP is a random vector of effects
$lgn)"
associated with each pairwise interaction. o-fluad represents the var-

iance attributed to all pairwise effects or quadratic effects across the

set of SNPs (quadratic variance component). Integrating out the ran-

dom effects y, the distribution of y follows NV (Xe, o7, 4K + o2I).

Here K is a Nx N kernel matrix where K,-,,-=¢(g,-)T¢(g;-)/D so that
T

K=

. To ensure that this model is sensitive to nonadditive ge-

netic effects, we include additive genetic effects (represented by
the matrix G) within X (effectively regressing out their contribu-
tion to the phenotype).
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In this model, we aim to answer two primary questions. First,
we would like to test whether the phenotypic value is associated
with the aggregate pairwise interaction effects across SNPs within
the set of interest (described by ®); that is, we aim to test the hy-
pothesis of]uad = 0. Second, if oéuad is nonzero, we would like to es-
timate the quadratic variance component parameter 0'c21uad
Importantly, we would like to develop procedures for hypothesis
testing and variance component estimation that can be applied
to large-scale biobanks where the number of individuals N is large
(of the order of hundreds of thousands).

Hypothesis test

The hypothesis of interest is whether the variance explained by
the pairwise interaction effects of the target set of variants, condi-
tioning on the additive effects at these variants and other covari-
ates, is zero. This hypothesis implies that the parameter
Uﬁuad = 0. Previous work has shown that including the genetic var-
iants in the window surrounding the target set as fixed-effect co-
variates ensures that the additive effects are residualized from the
phenotype (Fu et al. 2023). We, therefore, adopt this strategy in
our work. To test the hypothesis that o2 ,; = 0, we define the score

quad —
test statistic:

_1 7
Q= ;57 PKPy.
o®” , y'Py Tx)-1x T
where K = D , 02 = Nk and P=I-XX"X)"'X7) are the

projection matrix with X as the covariates matrix. See
Supplemental Note S1.1 for derivation of the score test statistic.
Under the null hypothesis, previous work (Fu et al. 2023) has
shown that the distribution of the score test statistic is

1 7 4
b PKPya;A,-x%,

where 4;is the ith eigenvalue of PKP, S is the rank of PKP, and )(,Z is
the independent %% 1-df random variables. However, the construc-
tion of K and the eigen-decomposition of PKP scales as O(N?D)
and O(N3) which does not scale to data sets with a large number
of individuals (N).

To overcome this bottleneck, we first compute the singular
value decomposition (SVD) of P® so that the eigenvalue A; can
be computed from the corresponding singular values. The singular
values of P® can be computed in O(ND?) time (for D<N) leading
to an efficient algorithm for large numbers of individuals provided
the number of SNPs in the set is not too large (because D = O(M?)).

Variance component estimation

No covariates

Let us first consider the setting where there are no covariates in-
cluded in the model. The distribution of the phenotype can be
written as:

y ~ N(©, o2, K+ o*I).

qua

The variance components (02,4, 02) can be estimated by maxi-

mizing the log-likelihood:
oo?

quadl

quad’

1 -
UE) ) [logloﬁuadK + U§I| + yT(U(ZluadK + O%I) 1}’]
+ Const.
It can be shown that the likelihood can be maximized by maximiz-

ing the profile log-likelihood function obtained by maximizing or

profiling out "}Zluad from the log-likelihood and writing it in terms

of 6=

az”f (Supplemental Note S1.2):

quad

2p(8) = 1 [Nlog y (K + 8D~ 'y +log|(K + 51)|] + Const. (3)

However, naively evaluating and optimizing the profile log-likeli-
hood function involves an iterative algorithm with O(N®) time
complexity in each iteration rendering this approach impractical
when the number of individuals increases.

Given the eigen-decomposition of K=Udiag(ps, ..
where Ue RN is the matrix of eigenvectors and (py, ...
the eigenvalues of K, Equation 3 can be rewritten as

1 (s~ 7 3
£p(8) = {Nlog( (il o 3)> + glog(pi + 5)] + Const.
4)

Here j, is the ith entry of = UTy. With this transformed represen-
tation, the profile log-likelihood function can be optimized with
O(N) time complexity in each iteration once the eigen-decompo-

sition of K and the transformed phenotype y have been computed.
T

. PN)UT
» PN) are

P
In our application, the matrix K = for ® e RN*P where

D = O(M?) < N. As a result, the rank (R) of K is lower than its di-
mensionality. This allows us to further rewrite the profile log-like-
lihood as:

_ 47]; J; _ Pt?r
£p(8) = 2[N10g<N< ,Z(p+6)5 5IIyllz))

R
+ log(p;+ &) + (N — R)log(8)1| + Const. 5)

i=1

Evaluating ¢p in this setting requires computing y; and p; i<R
which can be obtained by a one-time computation of the R nonze-
ro eigenvalues and corresponding eigenvectors of K. The computa-
tion of these eigenvalues and eigenvectors can be obtained in
O(ND?) time from the SVD of ®. Subsequently, the evaluation of
£p requires O(D) time (see Supplemental Note S1.2). We used the
built-in SciPy (Virtanen et al. 2020) package “Nelder-Mead” algo-
rithm (Gao and Han 2012) for the optimization.

Including covariates
When covariates are incorporated into the model, the phenotypic
distribution can be expressed as

y ~ N(Xa, 024K + o?I)

qua

In this setting, the profile-restricted log-likelihood function can
be computed efficiently when K is low-rank (Supplemental

Note S1.3):
[(N L)log( ( Z(Al’f'a)a 6||}’||2>>
S

+ Z log(\i+8)+ (N —L— S)log(ﬁ):| + Const.

i=1

Lpr(8) = —

N =

(6)

Here 7, is the ith entry of the transformed phenotype: y = BTy
where B is the matrix of eigenvectors of PKP with § nonzero
eigenvalues 14, A2, ..., 4s. To compute y;, i € {1, ..., S}, we need
to compute eigenvectors (columns of B) corresponding to the non-
zero eigenvalues of PKP which is equivalent to the corresponding
left singular vectors of P®. Finally, p;, i€ {1, ..., S} are the nonzero
eigenvalues of PKP which are also obtained from the
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corresponding singular values of P®. Both these quantities can be
obtained in O(NKD + NK? + K3 + ND?) time, where K is the col-
umn number of X. Thus, the profile-restricted log-likelihood as
represented in Supplemental Proof S1.3.1, Equation 18 can be op-
timized with a O(NKD + NK? + K3 + ND?) one-time computation
followed by O(D) time to evaluate this function subsequently.

Standard error estimation

Having obtained estimates of the variance components (oéuad and
a2), we can compute the corresponding standard error using the
observed Fisher information matrix evaluated at the maximum
likelihood estimates (MLE) or the maximum restricted likelihood
(REML) estimates.

Results

Data sets

We obtained a set of N=291,273 unrelated white British individu-
als measured at M=459,792 common SNPs genotyped on the UKB
Axiom array (by extracting individuals that are greater than third-
degree relatives and excluding individuals with putative sex chro-
mosome aneuploidy). Unless otherwise specified, all simulations
and real data analyses were conducted using this data set. We an-
alyzed sets consisting of protein-coding genes restricted to genes
with the number of array SNPs >3 and <50 resulting in 9515
sets. We selected 52 quantitative traits that have been analyzed
in prior studies of nonlinear genetic effects (Pazokitoroudi et al.
2021; Fu et al. 2023; see Supplemental Table S1). All traits were
transformed using inverse rank-normalization. We included sex,
age, and the top 20 genetic PCs as covariates in all our analyses.
We used PCs computed in the UKB from a superset of 488, 295 in-
dividuals. Extra covariates were added for diastolic/systolic blood
pressure (adjusted for cholesterol-lowering medication, blood pres-
sure medication, insulin, hormone replacement therapy, and oral
contraceptives) and waist-to-hip ratio (adjusted for BMI).

Calibration of QuadKAST

We assessed the type-I error rate of QuadKAST in simulations.
We simulated phenotypes based on UKB array SNPs and a subset
of unrelated white British individuals (N=50 K individuals, M=
459,792 SNPs). We performed simulations under four genetic ar-
chitectures with additive but no interaction effects: infinitesimal
model (ratio of causal variants=1) and noninfinitesimal models
(ratio of causal variants=0.001) each having a different range of
minor allele frequency (MAF) for the causal variants: [0.01, 0.05]
(RARE), [0.05, 0.5] (COMMON), [0, 0.5] (ALL). In all settings, we
fixed the additive heritability at 0.5. We applied QuadKAST on
sets of SNPs typed on the UKB array where each set is one of
9515 protein-coding genes.

We observed that QuadKAST is well-calibrated across all the
simulation settings (Fig. 1A). QuadKAST provides a flexible choice
of the quadratic kernel that is used to test for interactions. The de-
fault quadratic kernel function encodes all pairwise interactions
within a set (allowing for the inclusion or exclusion of self-interac-
tions). We additionally confirmed the calibration of QuadKAST
when the quadratic kernel function employed includes or excludes
self-interactions (Supplemental Fig. S2). Finally, using a large num-
ber of tests on one exemplar genetic architecture (ALL, Causal
ratio =0.001), we confirmed the calibration of QuadKAST for
low P-value thresholds that are relevant for genome-wide testing
(@=1x107°) (Supplemental Tables S2, S3).

Power analysis of QuadKAST

Our next set of experiments sought to evaluate the power of
QuadKAST. Specifically, our generative model is

y=®y+e e~NQO Ply), y~ N(O, 0%1[“)“ ID).

In these settings, the self-interactions contribute to the phe-
notypic variance. We varied 0-(21uad and for each parameter setting,
we randomly selected 1000 sets from the set of 9515 protein-cod-
ing genes and a random set of 5K unrelated, white British individ-
uals. We applied QuadKAST to test Géuad in each of these sets with

power computed as the fraction of sets for which the P-value re-
ported by QuadKAST passed the significance threshold o.
QuadKAST achieves adequate power (>0.8) at a significance

0.05
threshold a = 9515

plied to test the set of 9515 protein-coding genes) when the qua-
dratic heritability Uﬁuad > 0.0005 (Fig. 1B). We also assessed the
power of QuadKAST with and without the inclusion of self-interac-
tions to find that QuadKAST is powerful in both scenarios

(Supplementary Fig. S6).

(corresponding to a Bonferroni threshold ap-

Accuracy of QuadKAST variance component estimation

Beyond statistical power, we aimed to test the accuracy of the var-
iance component estimates obtained by QuadKAST using the
same simulation setup as in power analysis. QuadKAST can accu-
rately estimate the quadratic variance component (Fig. 1C;
Supplemental Fig. S4) with and without the inclusion of self-inter-
actions (Supplemental Fig. S5).

Computational efficiency of QuadKAST

Finally, we compared the runtime of QuadKAST and the quadratic
kernel option (SKAT_QUAD) in the popular SKAT software
(v.2.2.5; https://CRAN.R-project.org/package=SKAT). We selected
a set size of 100 SNPs considering both computational efficiency
and empirical observations. Specifically, ~94% of genes contain
<50 SNPs genotyped on the UKB array, whereas ~98% contain
<100 SNPs. In imputed data, ~58% of genes contain <50 SNPs,
and ~75% contain <100 SNPs (Supplemental Fig. S1).

We then varied the number of individuals and profiled the
runtime and memory usage of QuadKAST and SKAT_QUAD
(with a predefined limit of 4 h for the runtime). While the average
runtime of QuadKAST on a single set is <5 min for UK Biobank size
data (~300K), SKAT_QUAD reaches the time limit when N > 100K
(Fig. 1D). Running SKAT_QUAD on UK Biobank size data would re-
quire more than 10 h, not to mention the memory consumption
of constructing the kernel matrix (Supplemental Fig. S7A,B;
Supplemental Table S4). Based on these experiments, it is evident
that running SKAT_QUAD on UK Biobank scale data would be in-
feasible due to computational and memory limitations, while
QuadKAST is about 100x faster. We also tested the scalability of
QuadKAST by varying the number of SNPs while keeping the num-
ber of individuals fixed at N = 50K (Supplemental Fig. S7C;
Supplemental Table S5). QuadKAST is efficient when the number
of SNPs M < 200, which makes it feasible for array SNPs
(Supplemental Fig. S1A). For larger sets of SNPs that might be en-
countered in the analysis of imputed genotypes (Supplemental
Fig. S1B) or whole-exome sequencing data, we recommend parti-
tioning the set into smaller chunks before applying QuadKAST.
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Figure 1. Overview of QuadKAST. (A) Calibration analysis. We applied QuadKAST to SNPs within 9515 protein-coding genes for four genetic architec-
tures that consist entirely of linear additive effects (N=50 K individuals, UKB array data). (B) Power analysis. We simulated traits with varying quadratic var-
iance component on a randomly selected subset of 5 K individuals from unrelated white British individuals in UKB. We applied QuadKAST to 1000 randomly
selected protein-coding genes and defined power as the ratio of P-values reported by QuadKAST that pass the significance threshold a. In these experi-
ments, U(Zluad is equal to the quadratic heritability héuad. (C) Accuracy. Similar to B, we applied QuadKAST to estimate the quadratic variance component
at each gene. (D) Runtime. We evaluated the runtimes of the quadratic kernel option in SKAT (SKAT_QUAD) and QuadKAST by fixing the number of
SNPs M=100 and varying the number of individuals (average runtime across 10 replicates).

Application of QuadKAST to UK Biobank phenotypes

After confirming the calibration and power of QuadKAST, we ap-
plied it to 52 quantitative traits in UKB measured across N=
291,273 unrelated white British individuals and to SNPs on the
UKB array grouped into sets defined by 9515 genes (see Data sets
section for more details on the data preparation). Before testing
for interaction across variants within each gene, we first regressed
out the additive effect of SNPs around the target gene (this includes
SNPs within the target gene and in the region surrounding the tar-
get gene which is two times larger than the length of the target
gene) together with covariates that include 20 genotype PCs,
age, and sex. To account for SNPs in high linkage disequilibrium
(LD), we transformed the matrix of additive genotypes using an
SVD before running linear regression. We included the self-inter-
action of each variant when testing the quadratic effect (unless
mentioned otherwise).

With this strategy, we identified 32 trait-gene pairs to be sta-
0.05
9515 x 52
after accounting for the total genes and traits tested (Table 1). All of
these trait-gene pairs are significant (or near significant) for addi-
tive genetic effects (Monocyte count-ADA2 with P=6.6 x 107> be-
ing the only trait-gene pair that does not pass the threshold for

tistically significant (P < ) across 17 quantitative traits

significance). Several of the associated loci such as those within
LPA (Zeng et al. 2022) and SLC2A9 (Wei et al. 2014) have been im-
plicated to harbor local epistatic effects in previous studies.

We estimated the quadratic variance component across all
32 significant trait-gene pairs to observe that the median ratio

. sps . o-czluad s
of quadratic to additive variance components (0‘2> is 0.15
s

(Supplemental Table S6). The influence of the epistatic effect is
greater than the additive effect for five trait-gene pairs. For in-
stance, the variance component ratio attributed to the quadratic
effect is more than 20 times higher than that of the additive effect
for the PRG3 gene on Eosinophil count. We note that quadratic ef-
fects within the LPA gene explain a substantial proportion of var-
iation in lipoprotein(a) (&(zluad = 0.18). Together with additive
effects, quadratic effects at the LPA gene explain about 72% of trait
variation, which is notable in light of the LPA locus having been
shown to explain about 90% of trait variance (Boerwinkle et al.
1992) (our analysis does not account for isoform size which is
known to explain 40%-70% of lipoprotein(a) variance [Coassin
and Kronenberg 2022]). These results suggest that genetic predic-
tors that include pairwise interaction effects at these genes can in-
crease prediction accuracy for the corresponding traits relative to
genetic predictors that are based on additive effects.
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Table 1. Significant epistatic trait-gene pairs
Trait Chr Gene Start (Mb) End (Mb) —logqo P-value —logqo P-value (40 PC) —logq P-value (Imputed)
Alanine aminotransferase 22 PNPLA3 44.320 44.342 >13 >13 >13
22 SAMMS50 44.351 44.392 8.02 7.97 6.61
Apolipoprotein B 19 BCAM 45.312 45.324 9.03 9.02 2.84
19  APOE 45.410 45.413 >13 >13 >13
Aspartate aminotransferase 22 PNPLA3 44.320 44.342 11.92 11.91 >13
Creatinine 1 DNAJCT6 15.856 15.895 7.05 7.07 6.42
Direct bilirubin 2 SAG 234.218 234.256 7.56 7.55 3.43
2 DGKD 234.263 234.378 >13 >13 7.02
2 USP40 234.386 234.474 >13 >13 4.51
2  UGTIA8 234.526 234.681 >13 >13 >13
Eosinophil count 11 PRG3 57.144 57.148 >13 >13 517
HDL cholesterol 16  CETP 56.996 57.018 9.81 9.87 5.13
Hemoglobin Alc 10  HKI1 71.048 71.161 7.71 7.68 1.55
LDL direct 19  APOE 45.410 45.413 8.91 8.88 9.37
Lipoprotein(a) 6 IGF2R 160.390 160.526 >13 >13 8.31
6 SLC22A2 160.638 160.680 8.54 8.53 7.77
6  SLC22A3 160.769 160.872 >13 >13 413
6 LPA 160.953 161.085 >13 >13 >13
6 PLG 161.123 161.174 8.54 8.54 12.11
6  AGPAT4 161.558 161.653 >13 >13 3.81
Mean corpuscular hemoglobin 22 TMPRSS6 37.462 37.500 8.72 8.75 2.69
Mean sphered cell volume 1 OR10Z1 158.576 158.577 7.39 7.4 7.71
1 SPTAT 158.581 158.656 9.31 9.32 7.21
Monocyte count 22 ADA2 17.662 17.691 8.8 8.8 297
Platelet distribution width 20  TUBBIT 57.595 57.600 >13 >13 >13
20 EDN3 57.876 57.900 9.45 9.5 0.01
SHBG 17 TNKIT 7.286 7.292 7.37 7.35 2.42
Urate 1 DNAICI6 15.856 15.895 8.26 8.27 11.42
4 SLC2A9 9.828 10.028 >13 >13 >13
4  WDRI 10.077 10.118 >13 >13 >13
4  MEPE 88.756 88.768 7.36 7.28 0.57
Urea 1 muci 155.159 155.163 8.33 8.34 7.14
We report trait-gene pairs with statistically significant epistatic effects (P < % accounting for the number of genes and traits tested). The

—logyo P-values were reported in entry —logq P-value, with a precision level bounded by 13. We report the P-values at these trait-gene pairs when the
top 40 PCs were regressed out (—log;o P-value [40 PC]) and when analyzing imputed genotypes (—logo P-value [Imputed]).

In the subsequent sections, we explored the robustness of our
results. Specifically, we assessed the stability of our results to pop-
ulation stratification and possibility that causal variants may not
be typed in the array data. Further, we investigate the contribution
of individual interactions to the overall signal of epistasis.

Robustness to population structure and imperfectly tagged
causal SNPs

Population stratification can increase the false positive rate in
GWAS and is commonly accounted for by including PCs comput-
ed from genotype data as covariates in the analysis (Price et al.
2006, 2010). A concern is that this approach might not adequately
correct for the confounding effects of population stratification on
tests of epistasis effects. To explore the effect of population strati-
fication, we reran our analyses on trait-gene pairs previously dis-

covered as significant with the number of PCs included as
covariates increased to 40 (from 20). We observe a high correlation
in the —log;o P-values and in the variance component estimates
when using 40 versus 20 PCs (Fig. 2A) (Spearman’s correlation
p=~1), indicating that our findings are robust to population
stratification.

False positive epistatic signals can occur due to imperfect tag-
ging of causal SNPs in the genotyping array (Dudbridge and
Fletcher 2014; Hemani et al. 2014; Wood et al. 2014; de Los
Campos et al. 2019). To evaluate the robustness of our results in
this setting, we simulated a linear additive phenotype using imput-
ed genotype data, which contains a total of 4,824,392 SNPs (of
which 1% SNPs were causal), with the exact same samples as the ar-
ray data set. We then applied QuadKAST to genotypes on the array
data set with SNPs grouped into 9515 protein-coding genes. This ex-
periment simulates a scenario where some of the causal SNPs are
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Figure 2. Robustness analysis. We report the Spearman’s correlation (p) between estimators of 02,,,; obtained by QuadKAST under different scenarios.
(A) We report the correlation of the negative log, ¢ P-values and the estimates of Uﬁuad for all the significant epistatic trait-gene pairs when we include the top
20 PCs (default choice) versus the top 40 PCs into the set of covariates. (B) We report the correlation of the P-values and the variance component estimates
between the array data set and the imputed data set where the imputed data set contains 4,824,392 SNPs whereas the array data set contains 459,792
SNPs. For ease of visualization, ofluad estimates of more than 0.2 have been excluded from the display.

missing from the analysis. Figure 3 shows that QuadKAST
remains calibrated in this setting (irrespective of whether we include
self-interactions or not). We performed additional simulations to
test the robustness of QuadKAST. We considered settings (a) with
heteroskedastic environmental noise, where the noise level of
each individual is determined by a Bernoulli distributed (Bernoulli
(0.5)) indicator variable. This results in half of the individuals having
a noise variance of o2, + 02, while the other half have a noise
variance of oZ . The full model is detailed in Dahl et al. (2020)
and (b) the presence of large effect causal

variants most of which are missing from

Characterizing the importance of individual interactions

To dissect the contributions of individual pairwise interactions, we
compute the posterior probability of the interaction effects (given
the MLE or REML estimates of the variance components). The pos-
terior probability of the vector of interaction effects, y, is described
by a multivariate normal distribution. This allows us to derive the
posterior mean and variance for each interaction which can then
be used to assess the importance of a pair of SNPs in explaining
the set-level signal (see Supplemental Note S1.4). Given the

the analyzed set of SNPs (Supplemental ° ALL, Causal ratio=0.001 "I~ ALL Cousal ratio=0.001 jl§
Fig. S3). In both settings, we showed 0.950 CI 0.950 CI
QuadKAST has a well-controlled false pos- 4 p - 4
itive rate. Beyond robustness analyses on T /:" T
simulated data, we used QuadKAST to re- e g e e
analyze the significant trait-gene pairs us- 33 A e /"
ing imputed genotypes. We observed _rL _{L J
that 17/32 trait-gene pairs were also statis- 5 €5
tically significant on imputed genotypes g / g
(Fig. 2B) with concordant P-value and var- “ H
iance component estimates (Spearman’s 1 1
correlation between the —log;o P-values
on the two SNP sets=0.4, whereas the 0 0
0 1 3 4 5 0 1 2 3 4 5

Spearman’s correlation of the estimated
variance components was 0.59). A
detailed comparison of the estimated var-
iance component across different robust-
ness tests can be found in Supplemental

Table S7. (right) self-interactions.

Theoretical —log10(P)

Theoretical —log1o(P)

Figure 3. Calibration of QuadKAST when causal variants are imperfectly tagged. We simulated an ad-
ditive phenotype using imputed genotypes over N=50 K individuals, 4,824,392 SNPs (of which we ran-
domly selected 1% of the SNPs to be causal). We then tested QuadKAST on the SNPs genotyped on the
UKB array with sets defined by protein-coding genes. We applied QuadKAST with (left) and without
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posterior mean y, and standard deviation o; of an interaction t, we

assign an importance score for this interaction as
2 x (1 — QJ(M)) where @ is the cumulative density function
Ot

(CDF) of the standard normal distribution (we caution that these
importance scores are not P-values but merely summaries of the
posterior distribution of effects).

We computed these measures of importance for each interac-
tion at each of the 17 significant trait-gene pairs which passed the

e 0.05
significance threshold P < 9515 x 52

data sets. Importantly, several trait-gene pairs (Alanine
Aminotransferase—PNPLA3,  Aspartate =~ Aminotransferase—
PNPLA3, and Mean sphered cell volume—SPTA1) that show signif-
icant quadratic effect at the set level do not demonstrate interac-
tions with strong importance scores (significance threshold was

on both array and imputed

0.05
defined as o where D is the number of interactions considered

in one set) (Supplemental Fig. S8). This highlights the power of
set-based epistatic testing using a method such as QuadKAST. On
the other hand, genes that show significant quadratic effects while
harboring a small number of SNPs typically demonstrated stronger
evidence for the presence of individual pairwise interactive effects
(Mean sphered cell volume—OR10Z1 and Urate—DNAJC16). In
the case of the lipoprotein(a)-LPA association, we see multiple
strong interaction effects although these results require further
careful analysis given the large impact of copy number variation
at this locus on the phenotype and the complex interaction of
these copy number variants with other genetic variants at this lo-
cus (Coassin and Kronenberg 2022).

Discussion

We have described QuadKAST, a computationally efficient algo-
rithm that is capable of testing for the association of quadratic ef-
fects across SNPs in a set with a trait while also quantifying the
variance explained by these effects and the relative importance
of pairs of SNPs that contribute to the signal of epistasis.
Importantly, QuadKAST can be efficiently applied to biobank-
scale data sets with large numbers of individuals (hundreds of
thousands of individuals) provided the number of SNPs within a
set is modest (hundreds).

We performed comprehensive simulations to show that
QuadKAST offers calibrated set-based tests of pairwise epistatic ef-
fects and estimates the variance components associated with these
effects while scaling to hundreds of thousands of individuals. We
applied QuadKAST to test for epistatic effects in protein-coding
genes for 52 quantitative traits measured in the UKB to identify
32 trait-genes pairs (17 unique traits and 29 unique genes) demon-

0.05 .
<9515 x 52 accounting for
the number of genes and traits tested). Across these trait-gene
pairs, we observe that the proportion of trait variance explained
by quadratic effects is comparable to additive effects (median value

strating significant epistatic signals (P <

oéuad

o2

s
larger variance explained by quadratic effects compared to additive

effects. Further, we characterize the contribution of interactions
among pairs of SNPs to the gene-level epistatic signal, revealing
the potential heterogeneous epistasis pattern across different
traits.

for the ratio of = 0.15) with five trait-gene pairs showing a

Recent studies (Hou et al. 2023; Hu et al. 2023) have docu-
mented that causal effects of complex traits tend to be similar
across segments of continental and fine-scale ancestry within a
population. Whereas these studies suggest that context-specific ge-
netic effects make a limited contribution to trait variation genome-
wide (where context can refer to environments leading to gene-
environment interactions or other genetic variants leading to
gene-gene interactions), our results point to the existence of indi-
vidual loci where context-specific effects are important. Our find-
ing that the trait variance explained by quadratic effects is
comparable to that explained by additive effects suggests that
the accuracy of genetic predictors of complex traits can be im-
proved by including interaction terms at these genes.

Our current work has several limitations. First, the calibration
and power of hypothesis tests and the accuracy of the variance
component estimates obtained by QuadKAST may deteriorate
due to inaccuracies in model assumptions. In this study, we as-
sessed sources of inaccuracy due to inadequate correction for pop-
ulation stratification and imperfect correlations with unobserved
causal variants. To assess the impact of population stratification,
we increased the number of genotype PCs that are included as co-
variates and showed that all of our signals remain significant. To
assess the impact of missing causal variants, we confirmed that
QuadKAST remains calibrated in simulations that model missing
causal variants and that of the 32 trait-gene pairs that were discov-
ered from array SNPs, 17 remain significant when we analyzed im-
puted SNPs. Our simulations involving heteroskedastic noise and
settings with missing large effect causal variants suggest that the
overall false positive rate of QuadKAST remains well-controlled
across these settings. We defer a more detailed exploration of the
impact of modeling assumptions to future work. Second, although
QuadKAST enables a deeper understanding of epistasis in local ge-
nomic regions such as protein-coding genes investigated in this
work, it is important to recognize that interactions within a geno-
mic region represent only a small fraction of the potential forms of
epistasis. Third, our set-based strategy requires sets to be defined a
priori. Alternative approaches to aggregate variants into sets and
searching over sets could be combined with the efficient testing
within QuadKAST to discover epistasis across the genome.
Fourth, the assignment of weights to pairwise interactions as a
means of prioritizing specific SNPs or pairs of SNPs can enhance
the statistical power and merits further exploration. Fifth, our strat-
egy for identifying trait-gene pairs that have quadratic effects is
conservative. Beyond the stringent P-value threshold that we em-
ployed, we also chose to regress out the additive effect in the region
surrounding the target gene to ensure that the additive signal does
not lead to apparent signals of epistasis. Such a strategy can, how-
ever, lead to a reduced power to identify epistatic effects. Exploring
effective ways to jointly estimate additive and epistatic effects
could lead to increased power. For the purpose of trait prediction,
it can be beneficial to choose the P-value threshold in an adaptive
manner as is done in the context of current polygenic score (PGS)
methods (Khera et al. 2018; Marees et al. 2018; Choi et al. 2020).
Finally, it is possible to test for other types of epistasis using
QuadKAST including the use of haplotype data although more
careful interpretation might be needed to understand the results.
We leave these directions for future work.

Software availability

QuadKAST main script can be found at GitHub (https://github
.com/sriramlab/FastKAST/tree/QuadKAST) with the required
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package installation script, exemplar simulation files, script for
running QuadKAST, and results with tutorial analysis. The calibra-
tion test simulator used in the experiments can be found at GitHub
(https://github.com/alipazokit/simulator). Script and instructions
for replicating the simulation and real data analysis pipeline can
be found at GitHub (https://github.com/FBoyang/QuadKAST-
replication). This folder contains replication script, statistics, and
figures for all the major analysis presented in this paper. The
QuadKAST main script, calibration test simulator, and script for
replicating the simulation and real data analysis pipeline can
also be found as Supplemental Code.
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