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Abstract
Detecting gene by environment interaction (GxE) on diseases enriches the ontology of genetic effect and provides environmental targets of intervention for better health. However, the combined dimension of genome and exposome poses a challenge on both computational and statistical powers.
Recently, the variance quantitative trait loci (vQTL) analysis, based on a double linear model (DLM) or double generalized linear model (DGLM), gained attention due to the ability to track down GxE SNPs without the need for actual environmental exposome profiling. The rationale is that GxE unaccounted by a GWAS can result in the residual variance of a quantitative phenotype changing across allele dosages – a non-uniformity capturable by a second GWAS treating squared residual as a new phenotype.
We propose variance loci analysis (VLA) based on a DLM augmented by squared SNP dosage. We show that VLA maintained superior power to detect GxE candidates when the direct environmental effect on phenotype is weak; we also show that DGLM is either too generic with squared dosage or too restrictive without it. More importantly, we demonstrate that, by appropriately adjusting covariates, VLA overcome the inability of DLM/DGLM to analyze thousands of non-quantitative phenotypes.
We performed VLA for 3,273 health and disease-related phenotypes derived from the UK Biobank and ranked the potential of each SNP involving in GxE. With environmental exposome collected by the Personalized Environmental Genetic Study (PEGS), we show that high-ranking genome variants selected by the VLA indeed enriched the detection of genome-exposome-wide significant GxE for cardiovascular disease (CVD), type 2 diabetes (T2D), and BMI.
Introduction
Epidemiology and genetics have long noted the interplay of environmental and genetic factors affecting health. For example, the cardio-respiratory benefits due to physical exercises are more similar between family members than between unrelated individuals, supporting the theory that genotypes modulate the effect of lifestyle [1]. For examples, the efficacy of the Mediterranean diet in lowering the risk of cardiovascular disease is modified by the genetic predisposition score summarized from 11 single nucleotide polymorphism (SNP) [2]. The APOE genotype modified the prognosis of Alzheimer’s disease (AD) cases under dietary and physical activity intervention and the association between levels of pesticides/air pollutants and the odds of AD [3]. There are mixed reports on the risk of type 2 diabetes (T2D) attributed to the interaction between diet and polymorphism of gene PPARG and TCF7L2 [4].
These past experiences compel us to consider environmental exposure a potential regulator of biological processes leading to multifactorial diseases [5, 6]. Unaccounted gene by environment interactions (GxE) has been recognized as part of "missed" heritability due to the GWAS (genome wide association study) fixating on marginal genetic effects alone [7, 8]. Therefore, identifying the two-dimensional GxE variants associated with health outcomes will complement the biology behind complex diseases. Significant GxE variants can suggest intervention strategy at a personal level according to the specific environment a person experiences and at a population level for measures designed to alter the environment.
Contemporary prospective cohorts usually collect exposure profiles through questionnaires on life, work, and the local environment surrounding members of the study population. As an analogy of "genome," the array of phenotypes and exposures can be dubbed "phenome" and "exposome," respectively. One example is the UK Biobank (UKBB) - a longitudinal study with more than 500,000 baseline samples recruited between 2006 and 2010, with near-complete micro-array genotyping and a questionnaire of a few dozen items on the exposome [9]. Another example is the NIEHS Personalized Gene and Environment Study (PEGS), based in North Carolina, with more than 10,000 active participants, nearly half of which with whole-genome sequencing (WGS), and a comprehensive exposome of more than 600 items collected [10].
Despite the prospect of enriching the knowledge of GxE interaction and diseases, the response rate to an exposome questionnaire is typically lower than disease events which are easier to recall or passively collected as hospital records and cancer registry, and the streamlined genotyping. Therefore, the number of data points with complete phenome, genome, and exposome profiles are limited, even if the size of a study is substantial.
Nonetheless, when all three profiles are available, a straightforward approach is to exhaust the 3-way combinations of phenome, genome, and exposome while testing the significance of the coefficient on the GxE term. Compare to a GWAS that attacks the 2-way combinations between phenome and genome, the 3-way GxE scan, in the worst case, increases the effective number of hypothesis testing by the number of exposome items. Therefore, significant criteria more stringent than GWAS (i.e., p-value < 1 x 10-8) are required to control the false positives as exposome profiling improves. For example, the PEGS cohort has more than 620 after collapsing the questionnaire into main items, and it is thus ill-advised to directly attack the GxE search space with brute force.
Variance quantitative trait loci (vQTL)
For each trait, a countermeasure to the curse of dimensionality and inflated type 1 error is to limit the genome variants to candidates most likely to interact with the environment before introducing the exposome. A common practice is only to retain GWAS significant variants, assuming strong interaction is likely to exert a marginal effect [11, 12, 13]. Recently, attention has been given to a new approach called "variance quantitative trait loci (vQTL)." The vQTL scan put forward variants associated with conditional phenotypic variance (hence the prefix "v"). Significant vQTL prioritizes interactive variants since the interaction effect unaccounted by a GWAS linear model would flood into the residual, resulting in uneven variation around the regression line across the genotypes. The unevenness, in essence, is the lack of fit of the GWAS linear model, which is detectable by a second linear model regressing squared residual on the genotype. We illustrate the phenomenon of vQTL in Figure 1 The vQTL scan is essentially a double linear model (DLM) since two-stage linear regressions are used, where the first stage is de-facto a GWAS, and the second stage treats the squared residual as a new phenotype.
Figure 1: variance trait quantitative loci (vQTL) suggest GxE
(a) in the absence of GxE (left), residual variations are even across genotypes (right), variant A/a is not a vQTL; (b) in the presence of GxE (left), residual variations are uneven across genotype (right), and variant A/a is a vQTL. teal/red dashed: environment specific effect; blue solid: marginal effect.
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Before DLM and the notion of vQTL, the idea of modeling both the mean and variance of a dependent variable with the same predictors (i.e., SNPs) has long been realized as double generalized linear models (DGLM) [14] and double hierarchical generalized linear models (DHGLM) [13] that allows random effects. DGLM, in essence, is also a 2-stage model, yet allows standard link functions to accommodate non-normal, non-continuous outcomes, and realizes that the squared deviance (i.e., residual) of stage-1 model does not follow Gaussian, but Gamma distribution, therefore by default, uses log linked Gamma regression for stage-2. However, DGLM and DHGLM were initially introduced by breeding analysis to prioritize variants with allele effects resistant to environmental changes, that is, to select non-interaction candidates [15]. Nonetheless, DGLM is now widely suggested as a robust and statistically powerful approach to identity vQTLs as GxE candidates [16,17].
For those interested in gene-by-environment interaction, vQTL or GWAS-based pre-screening have the advantage of not requiring the exposome collected, thus enable the reuse of existing cohort rich in genome and phenome to select GxE candidates. For example, one can prioritize top variants ranked by the significance in vQTL or GWAS analysis based on the UKBB, then perform a limited GxE scan between candidate variants and a rich exposome collected by a cohort specialized in environmental exposures, such as the PEGS.
Compare to GWAS-based selection, vQTL is more specific in targeting GxE candidates. Indeed, both DLM and DGLM based vQTL scans have seen some success. Guillaume et al. explained the DLM in detail, though it did not rely on the typical t-test come with stage-2 linear regression coefficients but used Levene’s test for equality of variance to identity vQTL [18]. The method was applied to Women’s Genome Health Study to select SNPs, which included three novel GxE interactions involving body mass index (BMI) and smoking and were significantly associated with C-reactive protein level and soluble ICAM-1 levels on a whole-genome scale.
Andrew et al. proposed a modified DLM called "deviation regression model (DRM).[19]”. Typically, variation within each genotype group is measured by the squared distance between phenotype values
and the group mean, that is, the squared residuals of the stage-1 linear model. The DRM, however, replaced it with the absolute distance between phenotype values and the group medium. In the simulation, DRM was statistically more powerful than Levene’s test in general and more potent than DGLM in selecting actual GxE candidates when the phenotype is skewed. When applied to the UK Biobank genotype and BMI phenotype, variants picked up by DRM demonstrably improved the chance to detect genome wide significant GxE with age, gender, smoking, drinking, physical activity, sedentary behavior, and diet. The study also reported that vQTL selected according to BMI enriched GxE detection for binary phenotypes such as diabetes.
Huanwei et al. conducted a comprehensive simulation to compare the performance of popular vQTL test statistics, including Bartlett’s test, Levene’s test, Fligner-Killeen test, and DGLM, with a wide variety of phenotypes, such as heavy-tailed, skewed, chi-square, and count numbers [17]. The study suggested DGLM as the optimal choice for vQTL modeling and applied DGLM to 13 quantitative traits in a UK-Biobank training dataset. By comparing the enrichment of genome-wide discovery on significant GxE in the validation dataset with an exposome composed of gender-age groups, physical activity, sedentary behavior, and smoking, the study showed that candidates selected by DGLM vQTL scan significantly out-perform variants selected by GWAS.
Figure 2: issues with variance quantitative loci (vQTL)
(a) with strong GxE but weak environmental main effect (left), DLM gives flat regression line, variant A/a fail to become a vQTL. (b) with binary phenotype and strong main effect (left), DLM gives non-flat regression line (blue solid), the variant become a false vQTL in the absence of GxE.
the VLA gives downwards regression curve (green solid), the type 1 error is controlled.
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Issues with vQTL
We will show in the method section that DLM is powerless when the marginal environment effect is small, even in the substantial presence of GxE interaction. In other words, a vQTL scan is incapable of detecting a pure GxE. A severe limitation of vQTL lies with the term "quantitative," meaning that vQTL scan is only suitable for quantitative traits such as blood pressure and body mass index (BMI) but not able to handle binary case/control outcomes such as type 2 diabetes (T2D) and cardiovascular diseases (CVD). The DLM/DGLM essentially models the heteroscedasticity of phenotype variances across allele carriage. When proposing the DLM, Guillaume et al. also argued that "heteroscedasticity depends on the assumption of homogeneity of variances within a genotype, which could be violated if variances tend to be proportional to means" [19]. This assumption is violated for binary phenotypes since the mean - and variance v for individuals carrying a particular allele count are related by v = 2µ (1 - µ). In other words, the mean and variance for individuals in each genotype group are mutually predictive. As a result, the statistics (i.e., p-values) of stage-1 and stage-2 in a DLM are highly collinear. In other words, a significant QTL is also a significant vQTL, regardless of the GxE, which leads to out-of-control type 1 error when it comes to case/control phenotypes. We illustrate the above issues in Figure 2. This issue is not resolved by simply replacing DLM with DGLM/HDGLM despite the generalized linear models supposedly accommodate non-Gaussian phenotypes. As the simulation studies from Huanwei et al. and Andrew et al. conclude, both advised against attempted vQTL scan on binary phenotype [19, 17]. Some suggested using surrogates, assuming that significant vQTLs of a quantitative mediator are likely GxE candidates of a downstream binary phenotype. For example, more significant GxE on type 2 diabetes is likely found among vQTLs of body mass index [19]. The use of surrogate vQTL, however, is not widely explored. We report the evaluation of such a strategy in the later section.
Figure 3: Recover innate risk score using covariates
(a) without any knowledge, the four persons are assigned medium innate risk score; (b) given their disease status, cases are given higher innate risks; (c) given their age, elderly people’s innate risks are adjusted downwards. The VLA gives downwards regression curve (green solid), the type 1 error is controlled.

Variance loci analysis (VLA)
We propose variance loci analysis (VLA) to select GxE candidates in the genome quantitative and binary phenotypes alike and overcome vQTL’s lack of power with a low marginal environment effect. Instead of testing the non-zero slope of the stage-2 regression line, we fit a curve and test its upwardness; this would first and foremost control the type 1 error for binary phenotypes, illustrated by the solid green line in Figure (2.b).
While controlling the type 1 error, the upwardness test lacks the power to detect a candidate knowingly involved in a GxE (Figure 4.a) because the binary event glossed over the underlying risk leading up to that event.
We can reconstruct the underlying risk to some extent with covariates. Taking cardiovascular disease (CVD) as a hypothetical example, given four men A, B, C, and D, without any further information, it is reasonable to assign an innate risk score of 50 to all four, right in the middle of a 1 to 100 scale. We saw records that A and B had had CVD events, we raise their innate risk score to 100; later, we learned that A was in his 60s, and B was in his 40s, thus lower the innate risk score to 75 for A, while keeping B at 100, since an older person does not require a high innate risk to develop CVD. For C and D who have never had CVD incidents so far, it is appropriate to maintain their innate risk scores at the default 50, but when we learn that C is in his 60s and D in the 40s, we lower the risk score for C to 25, since he needs a lower inherent risk to remain healthy given his older age. At this point, we have recovered the innate risk scores of CVD that are distinct between the cases and controls and distinct within each group. The innate risk score so recovered has four levels, which is smoother and more informative than the original, two-level phenotype, shown in Figure (3). The risk score is the residual of CVD fitted by age, which is the combined effect of the genome, exposome, and noise reduced due to the removal of the age effect. With more such covariates, the risk score can resemble a smooth Gaussian variable. The best covariates are non-confounding predictors, such as age and sex, which are not determined by genome or exposome (non-confounding) yet determine the risk of major diseases (predictors). Confounding covariates can still carve out of the raw, black/raw white disease traits a smooth gradient of risk score but also biases the genome and exposome effects [20]. Non-predictive covariates cannot extract helpful information from the original phenotype if not adding useless noise.
After replacing the binary phenotype with an innate risk score so recovered, the upward curve based VLA can select variance loci involved in GxE. We show this in Figure (4.b).
Figure 4: variance loci analysis (VLA) with innate risk score
(a) variant A/a is strong in GxE, but the VLA curve upwardness (green solid) test is as powerless as the slop (blue) based vQTL; (b) replace binary phenotype with innate risk score as covariate residual, the VLA curve upwardness (green solid) detects the variance loci A/a.
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We implemented the variance loci analysis (VLA) as a self-contained purely R package "vla" that simultaneously scans many phenotypes and genome variants, given adequate system memory. Being self-contained and pure R means "vla" is platform and compiler independent as long as R-base is installed. It turned out to be more efficient than genome-wide analysis routine implemented in C/C++ such as PLINK [21, 22], as the number of phenotypes grew. We created another self-contained R package, "plinkFile," to help to traverse out-of-memory allele count genotype data condensed in PLINK 1 binary biallelic genotype tables [23]. We used these two packages together to run analysis based on UKBB and PEGS data, detailed in the later sections.
We perform the whole genome VLA scan on British Whites in the UKBB for a selected phenom using the software packages. We intend to validate that more significant variance loci can see more significant GxE detected in other populations, such as the White non-British (i.e., mainly Irish) in the UKBB with a dozen exposure related questionnaire items or the North Carolinian PEGS population with hundreds of such items. We also investigate if the variance loci are over-represented in a specific genome type (i.e., intronic and intergenic), just like GWAS loci being more concentrated in or near gene regions. We detail the findings in the results. The preparation of phenome, genome, and exposome is in the method section.
Since the variance loci analysis (VLA) can select GxE candidates for binary and quantitative traits alike, we can create a catalog of VLA statistics for the entire genome and phenome of UK Biobank, similar to the Pan-UK Biobank GWAS catalog at pan.ukbb.broadinstitute.org. The original UKBB phenome was expanded with compounded phenotypes derived from hospital diagnoses recorded in ICD9/10 format (international code of diseases), based on the latest PHECODE mapping table (v1.2) handcrafted by experts [24, 25]. The catalog summarizes the potential of interaction affecting any phenotype of interest for each variant, so future research in GxE could prioritize top-ranking candidates. We host the VLA catalog on the NIEHS (URL here).
Results
We ran variance loci analysis (VLA) on 35,3605 UKBB White British with 11,841,786 variants across the entire genome and ranked the variants from the least to the most significant. The phenome includes two binary traits, Coronary Artery Disease (CAD) and Type 2 Diabetes (T2D), and two quantitative traits, Body Mass Index (BMI) and Fasting Glucose. The covariates include age, sex, age2, age _ sex, age 2_ sex, the first 20 genetic principal components, and the genotyping array. We rank the genome variants according to their VLA significance (i.e., 1 - p-value). For comparison, we performed GWAS and vQTL scans, then ranked the genome variants accordingly.
benchmark GxE enrichment
The GxE enrichment measures the likelihood of significant variance loci invoking significant GxE (gene by environment) interaction. A positive enrichment means a criterion such as VLA helps to select GxE.
We screen for GxE with White, non-British in the UKBB who are mainly Irish, and the same choices of phenome, genome, and covariates used for VLA. The exposome we gathered from UKBB contains lifestyle (alcohol, smoking, physical activities, inactivity), neighborhood environment (garden space, water, coast, noise, nitrite oxide, nitrite dioxide, PM10, PM2.5, traffics), and family structure (siblings). For each variant, we count the number of significant GxE tests given a series of p-value thresholds from 10-2. 10-3 to 10-9.
We then regress the counts on the variant ranking according to 1 - p-values of VLA. Should VLA truly enriches GxE, a higher-ranking variant should appear more frequently among significant GxE tests, that is, the regression coefficient being significantly positive. For compression, we also regress the counts on variant rankings according to GWAS and vQTL, summarized from White British in the UKBB. We show the GxE enrichment regression coefficient for VLA, GWAS, and vQTL at several p-value thresholds in Figure (5), where the higher a curve climbs (or descends slower), the better GxE selection criteria it represents. VLA, in general, boosted the detection of significant GxE for type 2 diabetes (T2D), which is shown by the positive mean enrichment coefficients for thresholds stricter than 10-6. For CAD, GWAS and vQTL enriched the detection of GxE when p-value cut-offs were less strict but did the opposite under more stringent thresholds. For body mass index (BMI), VLA achieved mean positive enrichment of GxE, when GWAS and vQTL did the opposite - significantly deplete the selection. VLA outperformed the other two criteria for fasting glucose level by a significant margin on all p-value thresholds. Also, notice that GWAS and vQTL were nearly tied for the two binary traits, T2D and CAD.Figure 5: GxE enrichment on UKBB White non-British
Given a p-value cut-off, the enrichment analysis counts the number of significant GxE tests each genome variant scores in the UKBB White non-British (up to 16 exposome items) and regress the count on variant rankings according to GWAS (red), VLA (green), or vQTL (blue) on British Whites in the UKBB. The regression coefficient (y-axis) at several p-value cut-offs (x-axis) is shown here - higher means better enrichment. The error bar shows2 × standard error.

Next, we screen for GxE on T2D, BMI, and cardiovascular disease (CVD) in the PEGS. The cohort provides whole-genome sequencing (WGS) profiles for 4,603 out of 19,673 of its current participants. The PEGS exposome survey covers 365 parent items concerning daily life, neighborhood, and workplace hazards. Of the four UKBB White British phenotypes we put through VLA, GWAS, or vQTL, we use the variant rankings to enrich the detection of the GxE on T2D and BMI - the two phenotypes directly available in PEGS. We let the variant rankings for CAD in the UKBB to enrich the detection of GxE on CVD in the PEGS since CAD is a major component of CVD. Lastly, we use the variant rankings for fasting glucose level in the UKBB to enrich the T2D in the PEGS, considering glucose level a strong indicator of T2D. We counted the significant GxE in the PEGS (up to 365 exposome items) at several p-value thresholds. We show the enrichment regression coefficient in Figure (6). For binary outcomes T2D and CVD in the PEGS matched byT2D and CAD in UKBB, respectively, VLA outperformed GWAS and vQTL in terms of enriching GxE detection at various thresholds; again, the pattern of vQTL mostly overlaps with GWAS, so vQTL does not provide additional information over GWAS if the trait severing variant ranking is binary. For well-behaved continuous variables such as BMI, vQTL selected better GxE candidates in the PEGS, although the three criteria converge under stricter thresholds of significant GxE. When using the ranking based on fasting glucose level in UKBB to enrich GxE on T2D, the performance of three criteria are indistinguishable beyond thresholds stricter than 10−5.
Figure 6: GxE enrichment on PEGS
Given a p-value cut-off, the enrichment analysis counts the number of significant GxE tests each genomevariant scores in the PEGS (up to 365 exposome items), and regress the count on variant rankings according toGWAS (red), VLA (green), or vQTL (blue) based on British Whites in the UKBB. The regression coefficient(y-axis) at several p-value cut-offs (x-axis) is shown here - higher means better enrichment. The error barshows2×standard error.

Investigate functional enrichment
If VLA, GWAS, or vQTL loci are linked to genome functions, significant variants should reside unevenly in regions of different classes. For example, the loci may be more abundant within or near genes than those in between genes. We use package ANNOVAR [26] to assign a functional class of each variant, such as intergenic or intronic variants. We also calculated the CADD score (Combined Annotation Dependent Depletion) [27] for each variant as a continuous measure of pathogenic tendency. We regressed the function class memberships and CADD scores on the variant rankings given by VLA, GWAS, and vQTL. If the loci are enriched in certain regions, the corresponding regression coefficients should be positive, and conversely, if the loci are depleted, the coefficient should be negative. We show the functional enrichment coefficient for BMI and T2D in table (1). Obviously, for BMI and T2D, variance loci (by VLA) are highly enriched in intergenic regions, while GWAS and vQTL loci are highly concentrated near or inside genes. As with the CADD scores, variance loci are depleted in high CADD score regions - regions of high pathogenic tendency. Although more GWAS and vQTL loci are near or within genes, they are more concentrated in non-protein coding segments (i.e., upstream, intronic, and downstream). For the fewer variance loci that are near or in genes, the distribution is relatively flat. Overall, variance loci are likely to take indirect, regulatory roles in genome molecule biology, while GWAS and vQTL loci are more directly involved in producing protein molecules. For a binary trait such as T2D, the functional distribution of GWAS and vQTL loci are nearly identical due to the high correlation between the rankings given by GWAS and vQTL, which is also why the overlapping performance in GxE enrichment benchmarks shown previously. When it comes to a continuous outcome such as BMI, where GWAS and vQTL rank the variants differently, the concentration of GWAS and vQTL loci differ regarding the CADD scores. In either case, the pattern of variance loci is distinct from GWAS and vQTL loci, providing a new perspective on the relative importance of each variant in terms of the potential in interaction.
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	Table 1: Variant Function Enrichment
the functional enrichment analysis regresses the region type and CADD score of each variant on rankings given by GWAS (red), VLA (green), or vQTL (blue) based on UKBB British Whites. A significant positive or negative regression coefficient are shown as "+" or "-" symbol, respectively; the number of repetitive symbols denote the level of significance. Insignificant coefficients are displayed as blanks.


UKBB variance loci catalog
Inspired by the Pan-UK Biobank GWAS catalog at pan.ukbb.broadinstitute.org, we aim to catalog variance loci statistics for all health and disease phenotypes and variants in the UKBB. The catalog serves as a public reference for the researcher interested in gene-by-environment interaction who could query the catalog by the name of a phenotype and prioritize candidate variants most likely to invoke significant GxE interactions. We illustrate this workflow in Figure (7).
Figure 7: UKBB variance loci catalog

We summarize the UKBB phenome that includes 1,580 health-relevant phenotypes picked from the UKBB data fields accessible to the NIEHS plus another 1,693 diseases derived from hospital records in ICD9/10 format. Among those 1,580UKBBdata fields picked, we distinguished binomial, multinomial, ordinal, and continuous variables, re-coded and normalized accordingly (detailed in method). The derivation of 1,693 diseases was based on PHECODE - a codebook manually crafted by groups that excelled in extrapolating diseases from ICD9/10 records, currently hosted on www.phewascatalog.org [24, 25]. The implementation of the codebook to transform NIEHS’s copy of ICD9/10 fields was done by Thomas et al. (cite Thomas’ paper). In total, the phenome contains 3,273 items. As for the genome, we limited the variants to those with an overall MAF (minor allele frequency) no less than 0.005, making a final number of 11,841,785 after other quality control measures.
For each of the four main racial, ethnic groups (British White, White non-British, Blacks, and Asians), we performed variance loci analysis (VLA) for the whole phenom and genome to archive variant statistics. We rely on two R-packages specialized in traversing genome data and testing variance loci between thousands of phenotypes and variants. By dividing the genome into nearly 1,200 chunks of 1,000 variants each, we can summarize the VLA statistics for British Whites – the largest group by far with a working sample size of 384,000, in less than 12 hours, utilizing the computational resources of the NIH HPC Biowulf cluster (hpc.nih.gov). The variance loci catalog provides compressed files for all four groups and 3,273 phenotypes on (URL). A manifest of phenotypes and links to the files is available at (URL).
Methods
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