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Abstract

Genome-wide association studies of complex traits frequently find that SNP-based estimates of
heritability are considerably smaller than estimates from classic family-based studies. This ‘missing’
heritability may be partly explained by genetic variants interacting with other genes or environments
that are difficult to specify, observe, and detect. To circumvent these challenges, we propose a new
method to detect genetic interactions that leverages pleiotropy from multiple related traits without
requiring the interacting variable to be specified or observed. Our approach, Latent Interaction Test-
ing (LIT), uses the observation that correlated traits with shared latent genetic interactions have trait
variance and covariance patterns that differ by genotype. LIT examines the relationship between
trait variance/covariance patterns and genotype using a flexible kernel-based framework that is com-
putationally scalable for biobank-sized datasets with a large number of traits. We first use simulated
data to demonstrate that LIT substantially increases power to detect latent genetic interactions com-
pared to a trait-by-trait univariate method. We then apply LIT to four obesity-related traits in the
UK Biobank and detect genetic variants with interactive effects near known obesity-related genes.
Overall, we show that LIT, implemented in the R package 1it, uses shared information across traits
to improve detection of latent genetic interactions compared to standard approaches.
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» 1 Introduction

27 There are many large genome-wide association studies (GWAS) available to help facilitate gene dis-
28 covery and improve our molecular understanding of complex traits and diseases. In particular, recent
20 biobank-sized GWAS collect massive sample sizes and a broad range of phenotypic data to enhance
s complex trait mapping and augment knowledge of gene functionality. There are two important patterns
a1 that have emerged among the multitude of GWAS analyses that have been performed to date. First,
32 the genetic variation of complex traits often involves many thousands of loci [1]. Second, for many traits
33 studied, family-based estimates of heritability (i.e., the proportion of trait variance explained by genetic
a4 factors) tend to be substantially greater than corresponding heritability estimates from GWAS single
35 nucleotide polymorphisms (SNP) data [2]. For example, the heritability estimates for body mass index
s (BMI) from GWAS-based studies are 22—30% [3-6] compared to 40—70% [7,8] in family-based studies.
37 While this ‘missing’ heritability may be due to small sample sizes, structural variants, and/or rare vari-
s ants [6,[9H11], these sources may not fully explain the difference in some traits [12]. Another possible
s explanation is that family-based estimates of broad-sense heritability are capturing within-family sharing
a0 of genetic variants with interactive effects (e.g., gene-by-gene and gene-by-environment interactions)
41 which are omitted from GWAS estimates derived from nearly unrelated individuals who only generally
42 share the additive effects of alleles (i.e., narrow-sense heritability) [12H14]. Given the evidence of such
43 interactions [15-18], discovering genetic variants with interactive effects may explain missing heritability
4« and broaden our understanding of the genetic architecture of complex traits.

45 There are many statistical challenges to discovering genetic variants with interactive effects in
6 GWAS [19]. In particular, studies are typically underpowered to detect interactions due to small ef-
a7 fect sizes, a large multiple testing burden, and unknown interactive variables (e.g., other variants or
s environmental factors). Consequently, it can be difficult to design a study to identify and accurately
a9 Observe interacting variables. Furthermore, even when interacting variables are known, the mismea-
so surement of such variables can lead to power loss [20]. One strategy to circumvent some of these
51 issues is to use variance-based testing procedures which do not require the interactive variable(s) to
52 be observed [17,[21H24]. Intuitively, such procedures model and detect any unequal residual trait vari-
s3 ation among genotype categories at a specific SNP (i.e., heteroskedasticity), which provides evidence
s« of other latent (unobserved) factors interacting with the SNP to influence the trait. Previous work has
ss found that variance-based testing procedures can help identify latent genetic interactions on complex
s6  traits, including inflammatory markers [22] and obesity-related traits [17},23}24].

57 When there are multiple related traits measured in a study, researchers often apply variance-based
ss procedures on a trait-by-trait (or univariate) basis to detect latent genetic interactions. However, a
s9 Univariate strategy ignores any biological pleiotropy among traits despite theoretical [25] and empirical
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s [26,]27] support for this phenomenon. Furthermore, in the presence of pleiotropy, many studies have
st demonstrated that joint statistical modeling of related traits (i.e., a multivariate procedure) outperforms
e2 Univariate procedures for gene mapping [28,29]. This observation, coupled with the potential existence
e3 Of pleiotropic interactive effects, suggests that analyzing multiple traits simultaneously in a statistical
s4 procedure will increase power to detect latent genetic interactions. To this end, we propose a novel
es statistical framework, called Latent Interaction Testing (LIT), that leverages multiple related traits to
e increase the power for detecting latent genetic interactions. LIT is motivated by the observation that
e7 latent genetic interactions induce not only a differential variance pattern (i.e., heteroskedasticity) as
es previously reported, but also a differential covariance pattern between traits. We can harness the
o differential covariance patterns to increase the power to detect latent genetic interactions compared to
70 variance-based strategies. Similar to variance-based strategies, LIT does not require the interactive
71 partner(s) to be observed or specified.

72 The manuscript is outlined as follows. We first introduce the LIT framework for detecting latent
73 genetic interactions and then evaluate the performance using simulated biobank-sized datasets. We
74 also compare LIT to univariate testing procedures and observe that LIT provides significant power gains
75 1o detect interactive effects in GWAS. Finally, we demonstrate LIT using four obesity-related traits in the
76 UK Biobank with over 6 million single nucleotide polymorphisms from 330,868 genotyped individuals.
77 Our analysis identifies multiple loci demonstrating significant interactive effects near known obesity-
78 related genes. We then conclude with a discussion of our results.

» 2 Results

o 2.1 Overview

st We provide a brief overview of the LIT framework and leave more technical details to the Methods
s2 section. As illustrated in Figure a SNP with a latent interaction induces a genotype effect on the
g3 trait variances and on the covariance between traits. We can assess this interaction effect by relating
s+ an individual's genotype to individual-specific trait variances and covariances (Figure[S2). We estimate
s individual-specific trait variances using squared residuals (SQ) for each trait after adjusting for additive
s (and possibly dominance) effects and likewise estimate individual-specific covariances by multiplying
&7 the residuals of different pairs of traits together to form cross products (CP; see ref. [30])). Using a kernel-
s based distance covariance (KDC) statistic (Figure [1) [31H33], we then assess evidence of a latent
s genetic interaction by testing whether the elements of a matrix comprised of pairwise similarity of SQ/CP
90 terms in the sample is independent of the elements of a second matrix comprised of pairwise genotype
o1 similarity. To measure the similarity between variables, we apply a user-defined kernel function such as


https://doi.org/10.1101/2023.09.11.557155
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.09.11.557155; this version posted September 13, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

92 a linear kernel (analogous to scaled covariance) or a projection kernel [34}/35]. We show later that the
93 optimal kernel choice depends on the complexity of the interaction signal. Researchers have previously
e« applied variations of the KDC statistic, which yields a p-value testing the global null of no association
o5 between the elements of two matrices, in genetic analyses for studies of both common [34,/36,37] and
96 rare [35}38,39] variation.

97 The traditional KDC statistic utilizes the corresponding eigenvectors (directions of maximal varia-
98 tion) and eigenvalues (weights emphasizing eigenvectors) derived from the SQ/CP similarity matrix for
99 inference. In the process, the traditional KDC statistic emphasizes signals explaining the most variation
100 in this matrix. While we show this emphasis is suitable under certain pleiotropy settings, there are other
101 settings where the interaction signal is not captured by the top eigenvectors of the similarity matrix and
102 S0 the test may not be optimal [29,40]. Therefore, we also consider weighting eigenvectors equally in
103 our test statistic to increase power to detect interaction signals captured by the lower eigenvectors of
104 the similarity matrix. We refer to the implementation that weights eigenvectors by corresponding eigen-
105 values (i.e., the traditional KDC framework) as weighted LIT (wLIT) and refer to the implementation
106 that weights eigenvectors equally as unweighted LIT (uLIT). Since the pleiotropic genetic architecture
107 of a trait is unknown a priori, we maximize the performance of LIT by aggregating the p-values from
108 WLIT and uLIT using the Cauchy combination test (CCT) [41], which has proven valuable in a variety of
109 genetic settings [42]. We refer to the CCT of the wLIT and uLIT p-values as aggregate LIT (aLIT). For
110 simplicity, we primarily focus on implementing wLIT, uLIT, and aLIT on a SNP-by-SNP basis to test for
11 interactive effects but discuss extensions to handling multiple SNPs simultaneously within the Methods
12 section (see Section[4.2.2). Finally, to improve computational efficiency for biobank-sized datasets, we
13 apply a linear kernel in wLIT and so uLIT is equivalent to using a projection kernel.

14 2.2 Power and type | error rate control

115 We simulated r = 5,10 related traits for 300,000 observations (reflecting sample sizes for biobank
e datasets) under the polygenic trait model with additive genetic, environmental, and GxE interaction
117 components. The baseline correlation between traits was either 0.25, 0.50, or 0.75 which represents
ns different correlation strengths from shared genetic and environmental effects. We then simulated a ge-
119 netic risk factor, an environmental factor, and a GxE interaction that explains 0.2%, a randomly drawn
120 value from 0.5% to 2.0%, and a randomly drawn value from 0.1% to 0.15% of the trait variation, respec-

121 tively. To assess the performance of LIT under different sparsity settings, we varied the proportion of

2
Yot

122 traits with a shared GxE interaction as % .., 1. We considered three types of pleiotropy in our study,
123 namely, the GxE interaction effect size is positive across traits (positive pleiotropy), a mixture of positive
124 and negative across traits (positive and negative pleiotropy), and a variation of these two settings where

125 the direction is opposite of the interacting environment.
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Figure 1: Overview of the Latent Interaction Testing (LIT) framework. Given a set of r traits, Y, and my
SNPs, X, the goal is to detect a latent genetic interaction involving the SNPs. The trait squared residuals
(SQ) and cross products (CP), Z, are calculated while adjusting for linear effects from the genotypes and any
other covariates. The traits and genotypes are also adjusted for population structure. A similarity matrix for
the genotypes, K x-, and the SQ and CP, K, are calculated to construct a test statistic, 7', which measures
the overlap between the two matrices. Large values of T" are evidence of a latent genetic interaction.

126 We found that the LIT implementations provide type | error rate control at significance level 1073,
12z including when the trait distribution is skewed or heavy trailed (Figure [S3|S4). We then compared
128 the power across various configurations of number of traits, baseline correlation, proportion of traits
120 with shared interaction effects, and direction of the interaction effect (Figure [2A-B). In comparing wLIT
130 with uLIT, neither method is optimal across all settings as expected. As mentioned in Section [2.1]
131 WLIT emphasizes the high-variance (i.e., large eigenvalues) eigenvectors of the SQ/CP kernel matrix
132 while uLIT weights them equally. Under a simulation model where the signal would reside on the top
133 eigenvector, we expect wLIT to outperform uLIT. Conversely, we expect uLIT to outperform wLIT when
13¢  the signal resides on the lower-variance eigenvectors of the SQ/CP kernel matrix.

135 To illustrate how the interaction signal can reside on different eigenvectors of the SQ/CP kernel
13e  matrix, we performed an association test between the eigenvectors and genotype under the positive
137 pleiotropy setting with 10 traits (Figure [S5). We find that the power to detect the latent interaction signal
138 at each eigenvector depends on the proportion of traits with shared interaction effects (sparsity level),
130 baseline trait correlation, and the proportion of variation explained by the genotype (denoted as R?).
120 More specifically, for small baseline correlations, the high-variance eigenvector generally captures the
141 signal for most sparsity settings (which explains why wLIT outperforms uLIT in these situations). As
142 the baseline correlation increases, the power of the high-variance eigenvector can decrease rapidly
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s (even if the proportion of traits with shared interaction effects is high) due to the reduction in R? (see
14 top right panels of Figure [S5). On the other hand, an increase in baseline correlation coupled with a
145 decrease in the proportion of traits with shared interaction effects (i.e., increase in sparsity), results in
s the interaction signal being separated out from the high-variance eigenvector and becoming detectable
147 in the low-variance eigenvectors.

148 Given the above insights, we can delineate the performance between uLIT and wLIT by assessing
129 which eigenvectors capture the interaction signal. In the positive pleiotropy setting with 10 traits and a
150 baseline correlation of 0.5 (bottom center panel of Figure [2A), as the proportion of traits with shared
151 interaction effects increases from 0 to 0.6, the power of uLIT increases whereas the power of wLIT is
152 constantly negligible. When the proportion of traits with shared interaction effects increases from 0.6
153 to 1, the power of uLIT decreases whereas the power of wLIT increases and overtakes uLIT when
154 this proportion exceeds 0.8. These power trends are due to the low-variance eigenvectors capturing
155 the interaction signal when the proportion of traits with shared interaction effects is small (which favors
iss  ULIT) to the high-variance eigenvectors when this is high (which favors wLIT; Figure [S5). Furthermore,
17 when the baseline correlation increases from 0.5 to 0.75 (bottom right panel of Figure [2/A), uLIT follows
158 a similar power curve while the power of wLIT now remains negligible across all sparsity settings. In this
159 case, the R? is low in the high-variance eigenvectors when the baseline correlation is high (Figure
10 and so wLIT has little power in these situations. In general, we find that wLIT tends to outperform uLIT
161 when the baseline correlation is modest (i.e., 0.25) and the proportion of traits with shared interaction
12 effects is high, otherwise uLIT is the optimal method.

163 In the setting where there is a mixture of positive and negative pleiotropy, uLIT outperforms wLIT
14 across all settings (Figure [2B). Intuitively, in our simulations, the high-variance eigenvector is the
165 weighted sum of the squared residuals and cross products where the weights have the same sign.
166 When the effect sizes are in different directions (positive and negative pleiotropy), the high-variance
167 eigenvector may dampen the interaction signal, and thus it will also be captured by the low-variance
168 eigenvectors. Since uLIT weights the eigenvectors equally, we observe a large increase in power com-
169 pared to wLIT. We also considered a variation of the above two pleiotropy scenarios where the effect
170 size for the GXE interaction is opposite of the interacting environment. While we find similar results, the
171 overall power is reduced for all methods (Figure [S6).

172 In summary, even though the top eigenvectors explain the largest amount of variation, it does not
173 imply that they are the ones most correlated to genotype. The interaction signal may be captured by
174 the high-variance eigenvectors or the low-variance eigenvectors depending on the number of traits,
175 baseline correlation, R? at each eigenvector, proportion of traits with shared interaction effects, and
176 type of pleiotropy. Since the particular eigenvectors that are most powerful can vary widely and are
177 unknown a priori, we applied aLIT to the p-values from the above LIT implementations to maximize the
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Figure 2: Power comparisons of aggregate LIT (aLIT; black), unweighted LIT (uLIT; blue), and weighted LIT
(wLIT; green) under (A) positive pleiotropy and (B) a mixture of positive and negative pleiotropy. The simula-
tion study varied the correlation between traits (columns), the number of traits (rows), and the proportion of
traits with an interaction term (x-axis) at a sample size of 300,000. The points represent the average across
500 simulations with a significance threshold of 5 x 1078,
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17s number of discoveries. We find that aLIT controls the type | error rate (Figure[S3||S4) while making more
179 discoveries than each individual implementation (Figure[2][S6). More specifically, aLIT has similar power
180 to WLIT when the signal is captured by the high-variance eigenvectors and similar power to uLIT when
181 the signal is captured by the low-variance eigenvectors. Therefore, we implement aLIT in subsequent

1.2 analyses.

s 2.3 aLIT increases power compared to marginal testing procedures

184 Using the same simulation configuration as in Section we considered two competing procedures for
185 identifying latent genetic interactions using multiple traits. The first procedure performs an association
186 test between the squared residuals and a SNP (Marginal (SQ)), while the second procedure additionally
17 includes the cross product terms (Marginal (SQ/CP)). More specifically, Marginal (SQ) tests the squared
188 residuals for all r traits and selects the minimum p-value from these r different tests. Marginal (SQ/CP)
1es adds tests for the () cross products and selects the minimum p-value from the 7+ (5) = ("$') individual
190 tests. Because we are testing the global null hypothesis of no latent genetic interaction, the marginal
191 testing procedures require a Bonferroni correction for the total number of tests, i.e., o' := /K where
192« is the significance threshold and K is chosen to be the number of principal components that explains
13 95% of the variation. We then threshold the minimum p-value by o’ to determine statistical significance.
194 Across all power simulations (Figure 3] [S7), we observed that Marginal (SQ/CP) was more powerful
195 than Marginal (SQ), suggesting that the inclusion of cross products improves performance to detect
196 latent interactions. Given these findings, we compare the performance of aLIT to Marginal (SQ/CP) for
197 the remainder of this work.

198 In the positive pleiotropy setting with a low baseline correlation, aLIT increases the power to detect
199 GXE interactions when there are a higher proportion of traits with shared interaction effects compared
200 to Marginal (SQ/CP) (Figure [BJA). Furthermore, the difference is more pronounced as the number of
201 traits increases. For example, when the baseline correlation is 0.25, and the proportion of traits with
202 shared interaction effects is 0.8, the empirical power of aLIT is 53% and 94.8% for five and ten traits, re-
203 spectively. On the other hand, the empirical power of Marginal (SQ/CP) is 26% and 48.6%, respectively.
204« While aLIT provides substantial increases in power when the proportion of traits with shared interac-
205 tion effects is high, Marginal (SQ/CP) can outperform aLIT when the proportion of traits with shared
206 interaction effects is low in the positive pleiotropy setting (see lower left panel of Figure [3A). Intuitively,
207 When there is little correlation between traits due to shared interactions, selecting the minimum p-value
208 across traits slightly outperforms combining information between the traits.

209 The difference in power between aLIT and Marginal (SQ/CP) is also evident across baseline corre-
210 lations. Interestingly, the improvement in power of aLIT compared to Marginal (SQ/CP) reduces when
211 the baseline correlation increases from 0.25 to 0.50. This observation agrees with our simulation results
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is identical to Figure [2] where the empirical power is calculated as a function of the proportion of traits with

an interaction term (x-axis), the number of traits (rows), and trait correlation (columns).


https://doi.org/10.1101/2023.09.11.557155
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.09.11.557155; this version posted September 13, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

212 from Figure [S5|which suggest that the power to detect an interaction signal at any particular eigenvec-
213 tor decreases as the baseline correlation increases from 0.25 to 0.50. Alternatively, when the baseline
214 correlation increases to 0.75, aLIT provides drastic increases in power for most sparsity settings. For ex-
215 ample, when there are 10 traits where the proportion of traits with shared interaction effects is 0.5, aLIT’s
216 power increases from 30.8% to 93.8% at a baseline correlation of 0.50 and 0.75 while Marginal (SQ/CP)
217 decreases from 11.6% to 4.6%, respectively. However, in this same example, Marginal (SQ/CP) slightly
218 outperforms aLIT when all traits have an interaction.

219 Overall, while our results suggest that aLIT outperforms Marginal (SQ/CP) for most baseline cor-
220 relations and sparsity settings under positive pleiotropy, there are some rare cases where Marginal
221 (SQ/CP) has similar (or improved) performance. Meanwhile, under the simulation setting where there
222 is a mixture of positive and negative pleiotropy (Figure [3B) or the direction of GXE effect sizes are
223 opposite of the interactive environment (Figure [S7), the increase in power from aLIT over Marginal
224 (SQ/CP) is substantial across all settings. Note that aLIT outperformed Marginal (SQ) across all power
225 simulations.

226 2.4 aLlT applied to the UK Biobank data

227 We applied the LIT framework to detect shared latent genetic interactions in four obesity-related traits
228 from the UK Biobank, namely, waist circumference (WC), hip circumference (HC), body mass index
29 (BMI), and body fat percentage (BFP). After preprocessing, there were 329,146 unrelated individuals
20 that have measurements for all traits and 6,186,503 SNPs (Section [4.4). The correlation between
231 traits ranged from 0.75 (BMI and BFP) to 0.87 (BMI and WC). The total computational time of LIT was
232 approximately 3.3 days using 12 cores.

233 In each implementation of LIT, after filtering for LD and significant SNPs, the genomic inflation factor
2« of wLIT and uLIT was 1.14 (Figure [S8g). While the test statistics are inflated, it is difficult to distinguish
235 the factors driving inflation, e.g., unmodeled population structure or biological signal under polygenic
236 inheritance [43]. We found that the genomic inflation factor increases as a function of minor allele
237 frequency which is expected under polygenic inheritance (Figure[S9). To be conservative, we adjusted
238 the significance results of each approach by the corresponding genomic inflation factor (Figure [S8p).
29 These adjusted p-values were then combined in aLIT to detect latent genetic interactions (Figure [4).
240 Using the aLIT p-values, we discovered 2,252 SNPs with significant interactive effects in 11 distinct
241 regions. Table [{] shows the most significantly associated (lead) SNP in each region. As a comparison,
22 we also applied Marginal (SQ/CP) and detected 2,099 SNPs. Of those found by Marginal (SQ/CP),
23 alLlT’s results overlapped with ~98% of the detected SNPs and had substantially smaller p-values at
2.4 most loci (Figure [ST10). Although Marginal SQ/CP detects a few regions that are not found by aLlIT,
25 the aLIT p-values are comparable in magnitude at these regions. On the other hand, there are three

10
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Figure 4: Manhattan plot of aLIT p-values using obesity-related traits (waist circumference, hip circumfer-
ence, body mass index, and body fat percentage) in the UK Biobank. The red line represents the genome-
wide significance threshold of 5 x 10~8. Note that p-values below 0.1 are removed from the plot.

246 distinct regions found by aLIT (rs2821230, rs11030066, and rs157845) where the p-values are sub-
247 stantially smaller than the p-values from Marginal (SQ/CP) (Table [f). Thus, in agreement with our
28 Simulation results, depending on the type of pleiotropy at a particular locus, there are regions where
29 the significance results of Marginal (SQ/CP) and aLIT are comparable and other regions where aLIT is
250 substantially more powerful than Marginal (SQ/CP).

251 A concern in this analysis is whether statistical significance is due to a nearby SNP with a large
252 additive effect and/or trait scaling issues. To address the latter, first note that the LIT framework not
253 only detects latent interactions, but also departures from linearity due to dominance or misspecification
254 Of the trait scale. Therefore, to be conservative and help distinguish interactive effects, we removed the
255 non-linear genetic signal within a locus by fitting a two degree of freedom genotypic model (Section[4.5).
256 After removing the dominance/scaling effects, the lead SNP rs9469860 on chromosome 6 was above
257 the genome-wide significance threshold (Table [{). In general, while the significance of a few loci were
25 impacted (nearly all on chromosome 6 and a few on chromosome 18; Figure [ST1), most of the lead
259 SNPs remained significant. Finally, to account for nearby SNPs with large additive effects, we applied
260 the LIT implementations to the lead SNPs while regressing out nearby significant SNPs in LD and found
261 all of the lead SNPs remain significant (Table[f).
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276

277

Chr. Gene Lead SNP | MAF | p-value (aLIT) | p-value (SQ/CP) | p-value (LD) | p-value (Dom.)
16 FTO | rs11642015 | 0.402 | 1.08 x 10746 2.73x 10740 | 1.23x107%0 | 1.28 x 1076
2 | COBLL1 | rs5835988 | 0.406 | 5.30 x 10~ 1.08 x 1079 1.29 x 10713 | 532 x 1071
1 | LYPLALT | rs2820444 | 0.299 | 1.17 x 10713 264 %1071 | 1.27x 1078 | 1.19x 10713
6 | PRSS16 | rs13212921 | 0.136 | 1.78 x 10713 3.40 x 1072 | 1.90 x 1072 | 4.85 x 107
18 | MC4R | rs35614134 | 0.234 | 3.95 x 10712 9.34 x 10712 | 1.39 x 1071 | 3.97 x 10712
1 | ATP2B4 | rs2821230 | 0.474 | 9.45 x 10711 1.19 x 107 1.02 x 10719 | 9.38 x 107!
7 KLF14 rs972284 | 0.389 | 1.43 x 10719 2.43 x 1079 1.25 x 10719 | 1.43 x 10710
11 LIN7C | rs11030066 | 0.143 | 6.38 x 10710 503x 1076 | 6.97x 10710 | 6.62 x 10719
6 ILRUN | rs9469860 | 0.146 | 1.01 x 1079 4.47 x 1079 7.72x107° | 3.62x 1077
12 | FAIM2 | rs7132908 | 0.384 | 8.85 x 107 4.22 x 1079 8.49 x 1072 | 8.96 x 107?
5 | MAP3K1 | rs157845 | 0.253 | 1.03 x 1078 2.39 x 1074 1.30 x 1078 | 1.03x 1078

Table 1: aLIT and Marginal (SQ/CP) significance results of the lead SNPs from the UK Biobank analysis.
There are two other p-values reported to help assess statistical significance in aLIT: (i) accounting for sig-
nificant SNPs in linkage disequilibrium with the lead SNP (labeled ‘LD’) and (ii) removing dominance and/or
scaling effects (labeled ‘Dom.).

After evaluating the significant SNPs found by aLIT, we focused on ten lead SNPs that remained
significant after accounting for LD and dominance/scaling issues. Using the Variants to Genes (V2Q)
measure on Open Targets Platform [44], we assigned the lead SNPs to the highest ranked genes
(Table [f). A few of these genes are found in other GWAS of obesity-related traits. In particular, the
FTO gene is a known obesity-related gene that is associated with type 2 diabetes (see, e.g., [45-47]).
While V2G score assigned rs5935988 to COBLL1 (198,262 bp), it was also close to GRB14 (23,935
bp) which has been associated with body fat distribution and may be involved in regulating insulin
signaling [48-50]. Other genes that were assigned to lead SNPs are involved in regulating satiety and
energy homeostasis (MC4R; [51]), adiposity (LYPLALT; [52,53])), and metabolic diseases such as type
2 diabetes (KLF14; [54./55]).

We then searched for evidence of known interacting variables using the significant SNPs identified
by aLIT. Previous work has found sex-specific effects of variants in KLF14, GRB14, and LYPLAL1
[50L/55,/56]. Therefore, we tested whether sex was an interactive variable in at least one of the traits
using a multivariate regression model and found evidence of a genotype-by-sex interaction in rs972284
(p = 2.39 x 10~; KLF14), rs5835988 (p = 1.32 x 10~°'; COBLL1/GRB14), and rs2820444 (p =
7.23 x 10723; LYPLALTY).
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s 3 Discussion

279 It is challenging to identify, observe, accurately measure, and then detect genetic interactions in a
20 GWAS study. While there are methods to infer interactions that do not require specifying the interactive
201 partner(s) [17,22-24], these approaches only consider a single trait. To increase statistical power,
282 our proposed kernel-based framework, Latent Interaction Testing (LIT), leverages the shared genetic
283 interaction signal from multiple related traits (i.e., pleiotropy) while maintaining the flexibility of single trait
28« approaches. In our simulation study, we found that the optimal implementation between wLIT and uLIT
285 depends on the genetic architecture. We also found that combining the p-values from both approaches
286 in aLIT maximized the number of discoveries while controlling the type | error rate. Furthermore, aLIT
257 increased the power to detect latent genetic interactions compared to marginal testing procedures, and
288 the difference was drastic for certain genetic architectures. We then applied the LIT framework to four
280 Obesity-related traits in the UK Biobank and found many loci with potential interactive effects. While
200 We emphasized the linear and projection kernels in our study, aLIT can incorporate multiple kernel
291 choices (e.g., Gaussian) which may increase the power to detect complex interaction signals. However,
292 including additional kernel functions will also increase the computational complexity which may be time
203 prohibitive for biobank-sized datasets.

294 There are some caveats when interpreting the significance results of LIT or, more generally, any
205 approach that does not require observing the interactive variable(s). Type | error rate control is im-
206 pacted by loci with large additive effects and trait scaling issues. To address the former issue, we
297 performed inference using all SNPs in LD with the lead SNPs. While it is possible that the true causal
208 SNP is not tagged, it is unlikely in this work since there is dense coverage with the imputed geno-
200 types. We also assessed model misspecification due to an incorrect trait scaling by fitting a genotypic
a0 model to flexibly capture non-linear genetic signals. Interestingly, we found that our significance re-
301 sults were primarily impacted at loci located on chromosome 6 (outside the MHC). While this strategy
a2 can help identify the extent of genome-wide inflation due to dominance/scaling, it cannot determine
ss Whether the latent interactive effects are an artifact of the scale, even though our simulations suggest
a4 that detections by LIT are robust to deviations from normality. When presented with traits that follow a
ss non-Normal distribution, an inverse-Normal transformation is typically applied so a trait “appears” as a
ss standard Normal distribution. However, for detecting latent interactions, we recommend against such
307 practice as it does not correct for the mean-variance relationship and can lead to invalid inference [24].
ss In general, model misspecification from an incorrect scaling is problematic for any population genetic
s0e analysis and may require other approaches such as goodness-of-fit testing to help identify an appro-
a0 priate variance-stabilizing transformation. Finally, similar to other variance-based testing procedures,
a1 LIT cannot distinguish whether a discovery is due to a gene-by-gene interaction, gene-by-environment
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s12 interaction, parent-of-origin effects, or another complex non-additive relationship involving the tested
a1z SNP.

314 There are also several important considerations when applying LIT to genetic data. Importantly,
a5 in this work, we assume that individuals are unrelated and traits follow a multivariate Normal distri-
ste  bution. While LIT assumes the data follows a multivariate Normal distribution, our simulation study
a7 suggests that it is robust to violations of this assumption. In general, the computational time of LIT in-
s1s creases as the number of traits and sample size increases (Figure [S12). Therefore, in order to analyze
a9 biobank-sized datasets, LIT uses multiple cores to distribute SNPs (e.g., on the same chromosome) for
s20 interaction testing to be computationally more efficient. Because calculating the residual cross products
321 for a large number of traits is computationally intensive ((g) increase in computational time per SNP),
a2 LIT provides a user option to only use the squared residuals. However, as demonstrated in simulation
323 and in the UK Biobank dataset, employing this option is nearly certain to lose power. Finally, while a
a4 discovery in LIT suggests evidence of a non-additive effect, LIT does not identify the trait, or subset of
s2s  traits, driving that result. To do so, investigators might consider running Marginal (SQ/CP) at the “lead”
a6 SNP to rank/identify individual traits with non-additive effects (squared residuals) and pairs of traits with
sz shared non-additive effects (cross products; although, see Methods).

328 For many complex traits, there is strong discrepancy between GWAS-based estimates of heritability
a0 (which explicitly assume additive effects of genetic variation) and family-based estimates (which may
s30 incorporate non-additive effects and higher-order interactions). With recent biobank-sized datasets, we
331 can begin to identify loci with non-additive genetic variation that contribute to this missing heritability
sz While understanding its role in the etiology of complex traits. As biobank-sized datasets become more
a3 prevalent, we anticipate that computationally scalable approaches that leverage information across
s« multiple traits, such as LIT, will become increasingly important to discovering non-additive genetic loci.
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» 4 Methods

s 4.1 Motivation

ss7 - Consider the trait Yy, for j = 1,2,...,n unrelated individuals with k = 1,2,...,r measurable traits.
ss  Suppose Y, depends on a biallelic locus with genotype X; denoting the number of minor alleles for
s0 the jth individual, an unobserved (or latent) environmental variable M;, and a latent genotype-by-
a0 environment (GxE) interaction X;M;. These components contribute to expression additively in the
a1 following regression model:

342 ij :ﬁka—i-d)ij—l-’)/kaMj—i—ejk, (1)
a3 Where [y, is the effect size of the minor allele, ¢, is the effect size of the environmental variable, v, is
s the effect size of the GxE interaction, and ¢, is an independent and identically distributed random error
a5 With mean zero and variance a,%. In this simplified setting, our goal is to detect the latent GXE interaction
as  Without observing the interacting variable M.

347 Under the above model assumptions, the latent GxE interaction will induce differential trait variance
ass and covariance patterns that differ by genotype. Without loss of generality, assume the environmental
a9 variable has mean zero with unit variance. In Appendix [5.1.1] we show that the individual-specific trait
a0 variance (ITV) of the kth trait conditional on genotype is

351 Var[Y, | X;] = ar + b X + CkXJZ7 (2)

w2 where ag = @2 + o2, b = 2¢7k, and ¢ = v2. We also show that the individual-specific covariance
a3 (ITC) between the kth and £’th trait conditional on genotype is

354 Cov Y, Vi | X;] = @ + bw X + G X7, (3)
355 where agr = dpdps, b = OV + OrYi, and Crrr = Yy It is evident that a latent GXE interaction
6 in trait k& (7, # 0) not only induces a variance pattern that depends on genotype (Equation [2), but can
57 also induce a covariance pattern between traits k£ and &’ from either a shared interaction (v # 0) or
s @ shared environment involved in the interaction (¢ # 0; Equation [3). These results suggest that we
sse  can test for loci with latent interactive effects by assessing whether the individual-specific trait variances
a0 (ITV) and covariances (ITC) differ by genotype without specifying or directly modeling the interacting
ss1 variable M;. While we assumed the interacting variable is environmental, the above insights are gen-
sz eralizable to any latent interaction(s) involving the SNP X; (e.g., a genotype-by-genotype interaction).

ws 4.2 Latent Interaction Testing (LIT) framework

s« Our strategy builds from the above observations and estimates the ITV and ITC to detect latent genetic
35 interactions. To derive estimates of these quantities, we first remove the additive genetic effect from the
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ses traits to ensure that any variance and covariance effects are not due to the additive effect. Let us denote
se7  the trait residuals as e;;, = Y}, — 31 X; where we assume the effect size is known for simplicity. We can
s then express the ITV and ITC as a function of these residuals: the ITV of trait £ and the ITC between
o traits k and k' is defined as Var[Yjy, | X;] = E[e3, | X;] and Cov[¥ye, Yiwr | X,] = Elesresur | X1,
a0 respectively (Appendix . Thus, we can estimate the ITV by squaring the residuals, e?k, and esti-
a7t mate the ITC between traits k and &’ by the pairwise product of the residuals (i.e., the cross products),

a2 ejrejr . Aggregating the ITV and ITC estimates across all individuals, we denote the cross product (CP)
73 terms in the n x s matrix Z°Y where the jth row vector is ZjCP = [ejiej2,€j1€43, - - -, €j.r—1€jr), and the
w74 squared residual (SQ) terms in the n x r matrix Z52 where ZJS,S = e
375 Our inference goal is to assess whether the SNP, X1 = [ X1, Xo, ... ,Xn]T, is independent of the
a7e  squared residuals and cross products,
Z,(;P 1L X for ¢g=1,2,...,s, and
377 (4)
Z2 L X for k=1,2,...,m,
azs Where ‘-’ denotes all the rows (or individuals) and ‘1’ denotes statistical independence. In the above
a9 regression model, this corresponds to testing the global null hypothesis Hy : v1 = o = ... = 9. =0
a0 versus the alternative hypothesis H; : v # 0 for at least one of the &k = 1,2,...,r traits. While
ss1 @ regression model can be directly applied to the squared residuals and cross products to test the
a2 global null hypothesis (see Appendix for mathematical details), a univariate model approach does not
a3 adequately leverage pleiotropy and requires a multiple testing correction which reduces power.
384 To address these issues, we develop a new multivariate kernel-based framework, Latent Interaction
sss lesting (LIT), that captures pleiotropy across the ITV and ITC terms to increase power for detecting
6 latent interactions. There are three key steps in the LIT framework (Figure[T):

387 1. Regress out the additive genetic effects and any other covariates from the traits. Additionally,
388 adjust the traits and genotypes for population structure.

389 2. Calculate estimates of the ITV and ITC for each individual using the squared residuals and the

390 cross products of the residuals, respectively.
391 3. Test the global null hypothesis of no latent interaction by comparing the adjusted genotype(s) to
392 the ITV and ITC estimates.

a3 We expand on the above steps in detail below.
394
a5 Step 1: In the first step, LIT standardizes the traits and then regresses out the additive genetic ef-

ses fects, population structure, and any other covariates. This ensures that any differential variance and/or

©
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s97 covariance patterns are not due to additive genetic effects or population structure. Suppose there are [}
a8 measured covariates and [, principal components to control for structure. We denote these [ = 11 + Is
a9 variables in the n x | matrix H. After regressing out these variables and the additive genetic effects,
w0 the n x r matrix of residualsise = Y — Xﬁ — HA, where Y is the standardized trait matrix, B is a
w1 x 7 matrix of effect sizes and A is a [ x r matrix of coefficients estimated using least squares. We
a2 also regress out population structure from the genotypes which we denote by X.

403 The above approach only removes the mean effects and does not correct for variance effects from
a4 population structure which can impact type | error rate control [57]. A strategy to adjust for the variance
a0s effects is to standardize the genotypes with the estimated individual-specific allele frequencies (IAF),
w06 i.e., the allele frequencies given the genetic ancestry of an individual. However, it is computationally
a7 costly to standardize the genotypes for biobank-sized datasets as it requires estimating the |AFs of all
a8 SNPs using a generalized linear model [58,/59]. Therefore, in this work, we remove the mean effects
a9 from structure and then adjust the test statistics with the genomic inflation factor to be conservative. Our
410 software includes an implementation to standardize the genotypes using the IAFs for smaller datasets.
a1

412 Step 2: The second step uses the residuals, e, to reveal any latent interactions by constructing es-
413 timates of the ITV and ITC. For the jth individual's set of trait residuals, the ITVs are estimated by
414 squaring the trait residuals while the ITCs are estimated by calculating the cross products of the trait

i i SQ _ .2 .2 2 _ (T -
w5 residuals. We express the squared residuals as Z;~ = [e5;,¢Z,, ..., ¢5,], and the s = () pairwise
416 Cross products as ZJCP = [ej1€j2,€51€53, . .., € k—1€5r]. Importantly, when the studentized residuals

417 are used, then ZJSQ and ZjCP represent an unbiased estimate of the ITVs and ITCs, respectively. We
ss aggregate these terms across all individuals into the n x (r + s) matrix Z = [Z5Q ZCP].

419

20 Step 3: In the last step, we test for association between the adjusted SNP and the squared residuals
221 and cross products (SQ/CP) using a kernel-based distance covariance framework [31-33]. Specifically,
a2 we apply a kernel-based independence test called the Hilbert-Schmidt independence criterion (HSIC),
a3 which has been previously used for GWAS data (see, e.g., [35-H38]). The HSIC constructs two n x n
224 Similarity matrices between individuals using the SQ/CP matrix and genotype matrix, then calculates
a5 a test statistic that measures any shared signal between these similarity matrices. To estimate the
w26 Similarity matrix, a kernel function is specified that captures the similitude between the jth and j’th
427 individual.

428 Since our primary application is biobank-sized data, we use a linear kernel so that LIT is computa-
w20 tionally efficient. The linear similarity matrix is defined as K; = k(f(j, )~(j/) = 5(/]5(]-/ for the genotype
%o matrix and Lj; = k(Z;, Z;) = Z;Z], for the SQ/CP matrix. The linear kernel is a scaled version of
431 the covariance matrix and, for this special case, the HSIC is related to the RV coefficient. We note that
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432 one can choose other options for a kernel function, such as a polynomial kernel, projection kernel, and
a3 a Gaussian radial-basis function that can capture non-linear relationships [34}35].

434 Once the similarity matrices K and L are constructed, we can express the HSIC test statistic as
1

435 T=—tr(KL), (5)
n

ss  Which follows a weighted sum of Chi-squared random variables under the null hypothesis, i.e., T |
37 Hy ~ ZZJ %)\Ki)\L,jv?j, where A\ ; and Az ; are the ordered non-zero eigenvalues of the respective
w8 matrices and v;; ~ Normal(0,1). Intuitively, the test statistic measures the ‘overlap’ between two
439 random matrices where large values of 7" imply the two matrices are similar (i.e., a latent genetic
a0 interactive effect) while small values of T" imply no evidence of similarity (i.e., no latent genetic interactive
s effects). We can approximate the null distribution of 7" using Davies’ method, which is computationally
a2 fast and accurate for large 7' [35,38,/60].

443 For the linear kernel considered here, we implement a simple strategy to substantially improve the
a4 computational speed of LIT. We first calculate the eigenvectors and eigenvalues of the SQ/CP and
a5 genotype matrices to construct the test statistic. Since the number of traits, r, is much smaller than the
a6 sample size, n, we can perform a singular value decomposition to estimate the subset of eigenvectors
a7 and eigenvalues in a computationally efficient manner [61-63]. This allows us to circumvent direct
as calculation and storage of large n x n similarity matrices. Let L = VLDLVLT and K = VKDKV,?
a9 be the singular value decomposition (SVD) of the similarity matrices where the matrix D is a diagonal
40 matrix of eigenvalues and V' is a matrix of eigenvectors of the respective kernel matrices. We can
st then express the test statistic in terms of the SVD components as 7' = %tr(DKRDLRT), where
w2 R= VI?VL is the outer product between the two eigenvectors. Thus, for a single SNP, the test statistic
w3 isT = Ltr(Dx Ry, XdQDLRggxdl), where d; = r + s is the rank of the SQ/CP matrix and ds = 1 is the
a4 rank of the genotype matrix such that dy, ds < n.

5 4.2.1 Aggregating different LIT implementations using the Cauchy combination test

s We explore an important aspect of the test statistic in Equation [5, namely, the role of the eigenvalues
ss7 - in determining statistical significance. The above equations suggest that the eigenvalues of the kernel
48 matrices are emphasizing the eigenvectors that explain the most variation in the test statistic. While this
459 may be reasonable in some settings, the interaction signal can be captured by eigenvectors that explain
a0 the least variation and this can be very difficult to ascertain beforehand [40]. In this case, the testing
st procedure will be underpowered. Thus, we also consider weighting the eigenvectors equally in LIT, i.e.,
w T = Ltr(RRT) = L+ 31| Df ,, where Dy are the eigenvalues of the outer product matrix. In this
a3 Work, we implement a linear kernel (scaled covariance matrix) and so, in this special case, weighting

a4 the eigenvectors equally is equivalent to the projection kernel.
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465 In summary, there are two implementations of the LIT framework. The residuals are first transformed
w6 1o calculate the SQ and CP to reveal any latent interactive effects. We then calculate the weighted and
467 Unweighted eigenvectors in the test statistic which we refer to as weighted LIT (wLIT) and unweighted
a8 LIT (uLIT), respectively. We also apply a Cauchy combination test (CCT) [41] to combine the p-values
a9 from the LIT implementations to maximize the number of discoveries and hedge for various (unknown)
a0 settings where one implementation may outperform the other. More specifically, let p. denote the p-
an value for the ¢ = 1,2 implementations. In this case, the CCT statistic is 7" = ; 23:1 tan {(0.5 — p.)7},
a2 Where m = 3.14 is a mathematical constant. A corresponding p-value is then calculated using the
473 standard Cauchy distribution. Importantly, when applying genome-wide significance levels, the CCT
a7+ p-value provides control of the type | error rate under arbitrary dependence structures. In the Results

475 section, we refer to the CCT p-value as aggregate LIT (aLIT).

a7s 4.2.2 Incorporating multiple loci in LIT

477 We can extend LIT to assess latent interactions within a genetic region (e.g., a gene) consisting of mul-
a8 tiple SNPs. In the first step, we regress out the joint additive effects from the multiple SNPs along with
479 any other covariates and population structure. In the second step, we calculate the squared residuals
a0 and cross products using the corresponding residual matrix. Finally, in the last step, we construct the
ss1 similarity matrices and perform inference using the HSIC: the linear similarity matrix for the n xmg geno-
w2 type matrix X is K;j = k(fj, )7]-/) = )A(/])?JT, and our test statisticis T = %tr(DKRdM@DLRdTQm)
a3 wWhere do = my is the rank of the genotype matrix.

484 Compared to the previous section, this extended version of LIT is a region-based test for interactive
a5 effects instead of a SNP-by-SNP test. A region-based test is advantageous to reduce the number of
a6 tests compared to a SNP-by-SNP approach. However, in this work, we demonstrate LIT on SNP-by-
a7 SNP genome-wide scan to demonstrate the scalability.

s 4.3 Simulation study

a9 We evaluated the performance of LIT using simulated data with the following assumptions. Let the
s90  individual-specific minor allele frequencies of ¢ = 1,2,...,m biallelic genotypes be denoted by ;.
a9r Of the m SNPs, m — 1 SNPs had no interacting partner and a minor allele frequency drawn from a
sz Uniform(0.1,0.4). The SNP with an interacting partner had a minor allele frequency of 0.25. We fixed
a3 this MAF to remove stochastic variation in the observed power induced by simulations differing only
a4 by the MAF of the interacting SNP. The genotypes were then drawn from a Binomial distribution with
w5 parameter mj, i.e., Xj; ~ Binomial(2, 7). In total, there were n = 300,000 individuals simulated to
a6 reflect biobank-sized GWAS.
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497 We simulated the trait expression value Y;;, for £ = 1,2, ..., r traits under the polygenic trait model
48 With two risk environmental variables M; and W;. Specifically, there were r = 5, 10 traits and m = 100
a99 genotypes simulated with an additive genetic, environmental, and GXE components:

m
500 Yir = ag + BipXj1 + ¢ Mj + v M; X1 + Z B Xt + W + €, (6)
=2

st Where the intercept, ay, follows a Normal distribution with a standard deviation of 5; the effect sizes
s2  Of the GXE interaction, ~;, interacting environment, ¢, and additive genetic component, 5, follow
s3 @ Normal distribution with mean zero and standard deviation of 0.01; the two environmental variables
so4 were generated from a standard Normal distribution where only one interacts with the risk allele; and
sos the error term was generated from a standard Normal distribution. Using the above model, we con-
s Sidered different types of pleiotropy. First, we assigned the effect size direction of the additive genetic
507 component, interacting environment, and the GxE interaction to be the same in each trait. We then
sos considered cases where the effect size for the shared GxE interaction is in the same direction (i.e.,
sos  |7Y%|) and random directions across traits. These settings represent positive pleiotropy and a mixture
sio  Of positive and negative pleiotropy, respectively. We also considered a variation of the above settings

st1 Where the direction of the effect size for the GxE interaction is opposite of the interacting environment.
T — g

~ I

which takes a

512 We transformed the components in the model using the function f(z) =
513 vector x and standardizes it by the estimated mean and standard deviation. We scaled each component
s14 10 set the baseline correlation between traits (ignoring the risk factor, interactive environment, and GxE
515 interaction) as 0.25, 0.50, and 0.75. In particular, the percent variance explained of the non-interactive
s environment was 15% and the additive genetic component (minus the risk factor) was 10%, 35%, and
st7 60%, which represents a 0.25, 0.50, and 0.75 baseline correlation between traits, respectively. We then
st assigned the percent variance explained for the additive genetic risk factor as 0.2%, the interactive
sis environment as a uniformly drawn value from 0.5% to 2.0%, the GxE interaction as a uniformly drawn
s20 value from 0.1% to 0.15%, and the remaining variation as noise.

521 In our simulation study, we also varied the proportion of traits with an interaction term. For r traits,

s22  let 7. denote the proportion of traits with a shared GxE interaction signal. We varied this proportion as
1 2

;,;7..

s24  null traits, we generated data from the above polygenic trait model 500 times for each pleiotropy setting.

53 Tp = . % At each combination of baseline trait correlation, number of traits, and proportion of
s2s  We calculated the empirical power by averaging the total number of times the p-values were below a
s26  significance threshold of a« = 5 x 10~8. Under the null hypothesis of no GxE interaction, we assessed
sz the type | error rate at a = 1 x 10~ using 50 simulated datasets with 10,000 SNPs where the traits do
s2s  not have a GxE interaction. We also considered cases where the random error follows a Chi-squared
s29  distribution with five degrees of freedom and a t-distribution with three degrees of freedom under the
s null hypothesis.
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s 4.4 UK Biobank

s2 The UK Biobank is a collaborative research effort to gather environmental and genetic information from
s33  half a million volunteers 40—69 years old in the United Kingdom. The data was collected across 22
s34 assessment centers from 2006 to 2010 where participants were given a general lifestyle and health
535 questionnaire, a physical examination, and a blood test that provided genetic data [64,65]. See ref. [66,
s |67] for detailed information on the study design.

537 We applied LIT to four obesity-related traits, namely, waist circumference, hip circumference, body
s mass index, and body fat percentage. We restricted our analysis to unrelated individuals with British
s3e ancestry and removed any individuals with a sex chromosome aneuploidy. Using the imputed geno-
s types (autosomes only), SNPs were filtered in PLINK [68] with the following thresholds: a MAF of >0.05,
s¢1 @ genotype missingness rate of <0.05, Hardy-Weinberg equilibrium (defined as >107°), and an INFO
s¢2  score of >0.9. The traits were adjusted for age and the top 20 principal components provided by the UK
s43  Biobank to account for ancestry. We removed individuals with measurements that were four standard
s« deviations above the average and then standardized the traits by sex. After filtering, there were 329,146
s4s  individuals and 6,186,503 SNPs in our analysis.

s 4.5 Challenges for latent interaction tests

sz In the Results section, we addressed a couple of challenges for interaction tests that do not require
s¢¢  Observing the interactive variable(s). The first is that false positives are possible due to linkage dis-
s49  equilibrium (LD) with a SNP that has a large additive effect (see, e.g., [23]). Intuitively, an imperfect
sso  correction of the additive effects creates heteroskedasticity which can be detected after transforming
ss1 the residuals. Ideally, the SNP(s) in LD with additive effects are regressed out from the traits to avoid
ss2  false positives. Therefore, we first identified SNPs that were in LD (within 1 Mb and correlation >0.1)
ss3 - with the lead SNPs. We then applied a multivariate testing procedure, GAMuT [35], on the selected
ssa« - SNPs to detect additive effects across traits. Note that GAMuT performs an association test between a
ss5.  SNP and the traits using the same test statistic as LIT. The significant SNPs detected were regressed
sss  out from the traits and then these adjusted traits were used in LIT.

557 The second challenge is that an incorrect scaling of the trait, or a scaling where the polygenic
sss - assumption does not hold, will induce a variance effect [17,24]. This complicates underlying inferences
sso  because the latent variables may contain non-interactive genetic effects that will be detected as a non-
seo additive effect; for example, the latent variables may capture non-linear effects such as X]?. However,
st such effects are indistinguishable from a loci with a dominant effect. To be conservative, we addressed
se2  the extent of dominance/scaling issues by fitting a two degree of freedom genotypic model to each trait.
ses This allows us to flexibly capture and estimate non-linear genetic variation as a function of genotype.
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We regressed these effects out from each trait and then applied LIT to the adjusted traits to test whether
a SNP remained statistically significant. Under the assumption that a majority of loci act additively, if the
significance results across many loci are driven by non-linear genetic effects then it may be suggestive
of trait scaling issues.

Software and data

LIT is publicly available in the R package 1it. The package can be downloaded at https://github.
com/ajbass/1litl The code to reproduce the results in this work can be found at https://github.
com/ajbass/lit_manuscript|/and access to the UK Biobank data can be requested athttps://www.

ukbiobank.ac.uk/enable-your-research/apply-for-access.
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= 5 Appendix

772 5.1 Testing for latent genetic interactions

77z To review the regression model from the Results section, suppose Y}, depends on a biallelic locus
77+ With genotype X, an unobserved (or latent) environmental variable )/;, and a latent genotype-by-
75 environment (GxE) interaction X ;M for j = 1,2,...,n unrelated individuals with £ = 1,2,...r mea-
776 surable traits. The regression model is expressed as

777 Y = 81X + o Mj + v X; M + €, (S1)

778 The left side of the equation are the trait values which are observable random variables. The right side
779 contains four components: the observable genotype X; with effect size 3;; an unobservable variable
70 M with effect size ¢;; an unobservable interaction X; M; with effect size +;; and an unobservable
761 random error €, with mean zero and variance a,%. Without loss of generality, we assume that M is
782 mean zero with unit variance. Our inference goal is it to test whether 4, = 0 for k = 1,2, ..., r without
7s having to observe the latent environmental variable M.

784 The following sections are outlined as follows. We first show that a latent genetic interaction induces
785 trait variance and covariance patterns under the above model assumptions. We then review the distri-
786 butional theory behind the individual-level trait central cross moments. Using these results, we briefly
7s7 - show how latent interactive effects can be detected within a regression model framework.

s  5.1.1 Latent interactions induce differential variance and covariance patterns

s We show in the main text that a latent interaction can be detected based on calculating the individual-
790 specific trait variances (ITV) and covariances (ITC). To construct these quantities, let ej;, = Y, —
71 (3 X; denote the trait residuals after removing the additive genetic effect. For simplicity, assume the
792 effect sizes are known. For the jth individual, given the genotype X ;, the r x r individual-specific trait

73 covariance matrix is

E[eﬁ ’ Xj} Elejiejo | X5] -+ Elejiejr | Xj]

E[€'2€‘1‘X'} E[ez )X} E[ege» |X]
794 Y| X = J ] J ]2- J | j ‘7.7‘ j 7

Blejren | X;] Elejrej | Xj] -+ E[e, | X;]

7 Where the ITV are the  diagonal elements and ITC are the s = (3) off-diagonal elements.
796 The presence of a latent interaction shared by multiple traits induces differential ITV and ITC pat-
797 terns as a function of genotype. More specifically, given our model assumptions, the ITC between the
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796 kth and k'th trait is

Cov[Yj, ik

Xl =

le X;]

(DM + 9 X5 Mj + €ji) (9 My + i X My + ) | X;]

(D M5 + (drr + i) Xg M + o ye XM | X

[rMjejn + Ve X; M€ + o M€, + v X;Mjein + ejrpee | X;] (S2)
= E[@row M3 + (i + Oy ) X5 M3 + v X7 M7 | X;]
= (¢rdw + (Do + S ) X + e X;) E[M | X;]

= Ak + b Xj + G X7,

Elejrejr
=E
=FE
E

799

+

soo  Where agp = drdur, by = OV + drvE, and Cpr = VY- Note that the fourth line follows from
st our assumption that the random errors of each trait are independent of each other, the genotype, and
X;] = E[Mjeji | X;] = Elejrejw | X;] = 0. The fifth
sz line follows from the assumption that the environmental variable M; is mean zero with unit variance
s+ and independent of the genotype, and so E[M; | X;| = E[M;] = 0 implying that E[M'2 } =
ss  Var[M; | X;]+E[M; | X;]* = Var[M; | X;] = Var[M;] = 1. Following similar steps as above, the ITV

8oe IS

sz the environmental variable, and so E[Mejj

Var[Vji | X;] = E[e;, | X;]
807 (S3)
= ap + by X; + ckXJZ,

s Where ap, = ¢7 + o2, b, = 2¢vk, and ¢ = 2. Thus, we have shown that a latent GXE interaction
sos  Will create differential trait variance and covariance patterns that depend on genotype. In particular,
st0 a latent GxE interaction in trait £ (v, # 0) will induce a variance pattern that depends on genotype
s11 (Equation [S3), and also induce a covariance pattern between traits k and k' when there is a shared
sz interaction (v, # 0) or a shared interacting variable (¢ # 0; Equation[S2).

813 Even though we limit our discussion to a single latent environmental effect and genotype, our re-
s14 sults hold more generally under the polygenic trait model. Furthermore, while we consider a simple
s1s interaction effect, it is straightforward to show that other complex latent signals involving the genotype
ste induce differential variance and covariance patterns. Although, the exact functional form may be more
s17  complicated than above.

sts  5.1.2 Distribution of the cross products

ste  Following the above discussion, we describe the distribution for the cross product of two random vari-
s20 ables that follow a Normal distribution. We then use this result to describe the sampling variability of

s21  the cross product and squared residual terms within a regression model framework in the next section.

31


https://doi.org/10.1101/2023.09.11.557155
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.09.11.557155; this version posted September 13, 2023. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY 4.0 International license.

s22 10 simplify notation, let Y1 = Yj; and Y2 = Y}, denote the first two traits of the jth individual. With-
g3 out loss of generality, suppose these traits are normally distributed with mean zero, unit variance, and
s« correlation coefficient p. The cross product term is denoted by Z = Y1Ys.

825 The relationship between traits can be expressed as

826 Yy = pY1 + /1 — p2U, (S4)
g2z Where U ~ N(0,1). The cross product term is then

Z =Y1(pY1 + V1 - p?U)

828 (85)
= pYZ + /1 - iU,

20 where Y2 ~ x? and Y,U ~ By where By is the modified Bessel distribution of the second kind of order

830 zero. For perfectly correlated variables, Z is distributed as a Chi-squared distribution with one degree of

s31  freedom. Alternatively, for uncorrelated variables, Z follows a modified Bessel distribution of the second

g2 kind of order zero. See ref. [69,70] for the distribution of the product of two normal random variables.

833 The first two moments are
ElZl=p
834 ] (S6)
Var[Z] = 1+ p?,
s3s and, more generally, for mean centered traits with variances (02, 03), the first two moments are
E[Z] = o109p
836 (87)

Var[Z] = oio3(1 + p).

sz We use this result in the next section to describe the heteroskedasticity in a regression model that treats
s the cross products or squared residuals as outcome variables.

ss  5.1.3 Regression model for the cross products and squared residuals

a0 Using the central moments result, we first describe the regression model for the cross product terms.
sa1 Let P ={(1,2),(1,3),...,(2,3),(2,4),...,(r — 1,r)} denote the set of cross product pairs such that
sz |P| = s. The first and second element of the gth cross product is P,; and P2, respectively, and the
a3 Cross product between traits is Z5,” = ¢; p,, ¢ p,,. The regression model is
CP CP
Z; | X; =E[Z5 | Xj] + ¢€jq

844 op T s (S8)
qu ’ X]’ = CLq + quj + Cqu + €jq,

a5 Where E[chqp ‘ XJ} = Covle;j p,, € P, | X;]is expressedin Equation The results in Section|[5.1.2
ss  Can be used to describe the random error in the model: The error term ¢, is independent for j =
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sz 1,2,...,n observations, but in general, is not normally distributed or identically distributed. Under the
sss  null hypothesis of no interactive effects, the errors are identically distributed.

849 We note that the above regression model differs from typical regression models in two ways. First,
sso  the random error does not follow a Normal distribution, although for typical large GWAS sample sizes,
sst  this should not impact inference. Second, under the alternative hypothesis where interactions exists,
sz heteroskedasticity arises in the model. To see why, using the results from the previous section, the

ss3s  variance of the error term can be expressed as
, 1_ 2 2 CcP 12
854 Varlejq | X;] = 0y, x5 vp,1x, + ElZj | X] (S9)

sss  Where U%fql\&' = (¢p, +7PuXj)? + o’%ql and zeg,pq2|Xj = (dpy, + TP Xj)* + Uz%qz' Under the null
sss  hypothesis, if the heteroskedasticity is uncorrelated with the explanatory variables then there is type |
ss7  error rate control. Therefore, controlling for sources of variation such as population structure and nearby
sss  SNPs with strong additive effects is important to avoid an inflated type | error rate. Finally, in addition to
sso  these sources of variation, an incorrect trait scaling will likely induce heteroskedasticity and also impact
seo type | error rate control.

861 We briefly state the regression model using the ITV. For the ITV, we are modeling the change in
sz variance of trait k as a function of Xj:

B 231 X; =B[22 | x;] + e s10)

Z53 | Xj = ap + X + o XP + €y,

s« Where Var [egk ‘ X]} = 20§1Gk‘Xj. The ITVs are a special case of the ITCs when p = 1.

865 Thus far, we assumed that the effect sizes of the additive genetic term is known to simplify the
ses theory. However, in practice, we use the residuals so the above theory does not exactly hold: while the
s studentized residuals are unbiased estimates, they follow a ¢-distribution and so the squared residuals
ses follow an F'-distribution (similar adjustments with the cross products). This nuance did not impact any
seo inferences in our simulation study.

870 There are a few important details with the above regression model approach. First, a test for
e differential ITV patterns is related to the Breusch-Pagan test [21]. In addition, a regression model
sz on the correlation scale has been discussed elsewhere (see, e.g., [71]) and, more recently, is related to
s73 one studied by Lea et al. (2019) [30]. Second, the quadratic relationship between the cross products (or
s74 squared residuals) and genotypes only holds for simple interactions, and the underlying (and unknown)
75 functional form is expected to be more complicated. Regardless, for GWAS data where interactions are
e76  difficult to detect, ¢, (or ¢) is likely much smaller than b, (or b;) and so it is reasonable to assume that
s77  the linear term will dominate the signal compared to higher order terms.
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ss 5.2 Supplementary figures
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Figure S1: General strategy to detect latent genetic interactions when there are two unobserved environ-
ments denoted by ‘A’ and ‘B.’ (a) The additive genetic effect is removed and any heteroskedasticity correlated
with genotype implies a latent genetic interaction. (b) When there are two traits measured, the pairwise prod-
ucts between the residuals (cross products) can be used to test for latent genetic effects.
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Remove the additive genetic effects

k=1,2,...,r traits

e.=Y, —FX.
i = Yie = Ak, j=12,...,n individuals

v

Calculate the squared residuals and cross products

E[eﬁlxj] Elejiep|X] -+ Eleje;, | X

(X = | o lX] Blezlx) - Elepe,IX]
j 1% . . .
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Figure S2: Revealing latent interactive effects using multiple traits. The first step is to remove the additive
genetic signal to ensure that the covariance between traits is not caused by the main (additive) effects of
the SNP. The individual-specific covariance matrix can then be estimated by calculating the corresponding
squared residuals (estimate of the diagonal elements) and the cross products (estimate of the off-diagonal
elements). These quantities can be used to infer latent interactive effects.
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Figure S3: False positive rate of the LIT implementations under the null hypothesis of no interaction. Our
simulation study varied the number of traits (rows), baseline trait correlation (0.25 (green), 0.50 (blue), and
0.75 (orange)), and error distribution (columns). For each configuration, there are 50 replicates at a sample
size of 300,000. The empirical false positive rate at a type | error rate of 1 x 10~ (red dashed line).
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Figure S4: Q-Q plot of the LIT implementations under the null hypothesis of no interaction. Similar to
Figure our simulation study varied the number of traits (rows), baseline trait correlation (0.25 (green),
0.50 (blue), and 0.75 (orange)), and error distribution (columns). At each configuration, we simulated 50
datasets of 10,000 SNPs and then combined the p-values for a total of 500,000 p-values per configuration.
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Figure S5: The empirical power of the principal components (rows) for the squared residual and cross
product matrix at various baseline correlations (x-axis). In total, there was 10 traits simulated and the propor-
tion of traits with shared interaction effects (columns) was varied. Each point represents the average power
across 500 simulations at a significance threshold of 5 x 1073.
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Figure S6: A similar simulation setting to Figure with the direction of the effect size for the interaction
term is opposite of the interacting environmental variable under (A) positive pleiotropy and (B) a mixture of

positive and negative pleiotropy.
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Figure S7: A similar simulation setting to Figurewith the direction of the effect size for the interaction term
is opposite of the interacting environmental variable under (A) positive pleiotropy and (B) a mixture of positive

and negative pleiotropy.
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Figure S8: Quantile-Quantile plot of the uLIT, wLIT, and aLIT p-values from the UK Biobank. (a) The unad-
justed p-values and (b) adjusted p-values using the genomic inflation factor. The figure removes significant
p-values and those in strong linkage disequilibrium.
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Figure S9: The genomic inflation factor from the UK Biobank analysis using uLIT, wLIT, and aLIT at different
minor allele frequency quantiles.
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Figure S10: Comparison of the significance results using the marginal testing procedure and aLIT. The
genome-wide significance threshold is 5 x 1078.
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Figure S11: Comparison of aLIT p-values after adjusting for additive genetic effects (y-axis) and domi-

nance/scaling effects (x-axis). The dark red points are SNPs that are above the genome-wide significance
threshold of 5 x 10~8. The p-values are transformed to be on a logarithmic scale similar to Figure
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Figure S12: The average computational time to run aLIT on a SNP as a function of sample size and number
of traits. Data were simulated the same way in the simulation study and each point is the average time
across 500 replicates. Note that only a single core is used and that aLIT can distribute across multiple cores
to substantially reduce the computational time.
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