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Abstract
Detecting gene by environment interactions (GxEs) in diseases enriches the ontology of genetic effects and helps identify environmental targets for interventions with the goal of improving health outcomes. However, combining the dimensions of the genome and exposome poses challenges in terms of both computational and statistical power.
Variance quantitative trait loci (vQTL) analysis, which is based on a double linear model (DLM) or double generalized linear model (DGLM), has recently received attention for its ability to find candidate single nucleotide polymorphisms (SNPs) for GxEs without actual environmental exposome profiling. The rationale is that GxEs unaccounted for by a genome-wide association study (GWAS) can bring about the residual variance of a quantitative phenotype that changes across allele dosages—a non-uniformity that can be captured by a second GWAS treating the 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 maintains superior power to detect GxE candidates with weak direct environmental effects on the phenotype. We also demonstrate that DGLM is overly generic with squared dosage and overly restrictive when the squared dosage is not used. More importantly, we demonstrate that by appropriately adjusting covariates, VLA can 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 involvement of each SNP in GxEs. Using environmental exposome data collected in the Personalized Environmental Genetic Study (PEGS), we found that high-ranking genome variants selected by VLA enriched the detection of genome-exposome-wide significant GxE SNPs for cardiovascular disease (CVD), type 2 diabetes (T2D), and body mass index (BMI).
Introduction
Most human traits have a complex etiology and are affected by both genetic and environmental factors and their interactions. The genotype has been found to modulate the effects of lifestyle factors such as exercise and diet on traits such as disease status. For example, family members receive more similar cardio-respiratory benefits of exercise compared to unrelated individuals1. Further, the risk-lowering effects of diet on diseases that include cardiovascular disease (CVD), and type 2 diabetes are modified by the presence of certain SNPs2,3. For Alzheimer’s disease, the genotype has been shown to affect the prognosis of diagnosed individuals undergoing diet- and exercise-related interventions as well as the association between pesticide and air pollutant levels and risk of the disease4.
Because environmental exposures can regulate the biological processes underlying a phenotype1,2,5,6, unaccounted-for GxE effects are recognized as part of the heritability “missed” by variants selected by genome-wide association studies (GWAS)7,8. Research in agricultural genetics, model organisms, and cell culture has consistently found that genetic effects are context-dependent (9-13). However, there has been limited success in identifying GxEs in humans for several reasons. First, many environmental exposures are unknown or difficult to record. Second, due to the polygenic nature of most human traits (9-11), GxE effect sizes are small, (9–11), and the sample sizes of most previous studies have not been large enough to detect small GxE effects.
Within larger cohorts for which environmental exposure items are comprehensively surveyed and termed “exposome” along with the commonly seen whole genome data, a 2-way GxEWAS (genome exposome wide association study) can be conducted to test all possible SNP-by-environment interactions. However, the burden of multiple testing and computation due to the overwhelming number of 2-way crossovers between the exposome items and whole genome variants limits the power of this approach (REFS), and an unbiased genome-wide interrogation restricts hypothesis generation. More commonly, instead of the whole genome, candidate genes for testing GxE interactions are selected based on previous biological knowledge or results from other GWAS, assuming strong interactions are likely to exert strong marginal effects9,10. While this approach increases power, candidate gene selection is limited by existing biological knowledge, and GWAS significance does not necessarily suggest GxEs since significant SNP main effect can coexist with weak GxE. The limitations of using prior knowledge and GWAS results to identify candidate SNPs motivated the development of alternative methods. There is a growing appreciation of the observation that GxEs with large effect sizes can be revealed as  heterogeneity in the variance of a quantitative trait among groups of individuals with different variant genotypes11–14. As a result, a promising strategy is to screen for the so called “Variance Quantitative Trait Loci (vQTL)” in a selection cohort rich in genome data, then treat the most significant vQTLs as candidate SNPs to conducted GxE studies in a discovery cohort rich in exposome data. Unlike classical QTL, which tests the allelic substitution effect of a variant on the phenotypic mean, variance QTL (vQTL) tests the allelic substitution effect on the phenotypic variance. Therefore, vQTLs are superior GxE candidates in comparison to GWAS QTLs due to the link between GxEs and changes in the phenotypic variance. On the other hand, vQTLs retain the benefit of GWAS QTLs that the selection cohort does not require an exposome, as long as it shares the phenotype of interest with the discovery cohort. In turn, the vQTL based candidate SNPs should mitigate the multiple testing burden without requiring prior biological knowledge.
Because existing methods have modest power to detect GxEs in large human cohorts, efficiently identifying these interactions remains an important statistical and computational challenge. A benefit of this approach is its ability to account for all interacting environmental variables without their direct observation. 
Within cohorts for which exposure data are available, GWAS can be conducted to test all possible SNP-by-environment interactions. However, the multiple testing burden limits the power of this approach (REFS), and unbiased genome-wide interrogation restricts hypothesis generation. More commonly, candidate genes for testing GxE interactions are selected based on previous biological knowledge or results from other GWAS. While this approach increases power, candidate gene selection is limited by existing biological knowledge. The limitations of using GWAS results to identify candidate SNPs motivated our development of alternative methods. A promising strategy is using vQTL to screen variants for GxE analysis in a cohort with rich genome and phenome data and following up the results in other cohorts for which exposure data are available. The approach addresses the multiple testing burden issue without requiring prior biological knowledge.
Variance quantitative trait loci (vQTL)
To begin, we adopt the common perspective that a phenotype, aside from noise and covariate effects (i.e., age and sex), is the sum of genotype main effect, environmental main effect, and the GxE interaction effect, where the GxE interaction is express by the product between genotype and environmental exposure. A vQTL can be induced by a GxE A vQTL scan identifies variants associated with conditional phenotypic variance (hence the “v”). The vQTL approach prioritizes variants with interactions since the interaction effect unaccounted for in a GWAS linear model, affects the residua l, resulting in uneven variation when fittingaround a the mean regression line across genotypesgenotypes. This unevenness is due to the lack of fit of the GWAS linear model,. Therefore, an intuitive approach to capture such a vQTL is to fit  which is detectable by a second linear model regressing the phenotypic squared residual variance on with the same genotype via a second linear model. Figure 1 conceptually illustrates the genesis of vQTL and its capturethe vQTL approach. In this figure, the vQTL scan is essentially a double linear model (DLM) since two-stage linear regressions are used, where the first stage is a de facto GWAS, and the second stage treats the squared residual as a new phenotype. When the variant is not involved in GxE (Figure 1a), the second stage results in a flat regression line because the phenotypic variation, measured by squared residuals, are nearly uniform across the genotypes; otherwise, (Figure 1b), the regression line has a non-zero slope due to the monotonic increase of phenotypic variation across the genotypes.
Figure 1: Variance trait quantitative loci (vQTL) to suggest GxE
[bookmark: _Hlk85850606](a) In the absence of GxE (left), residual variations are even across genotypes (right), and variant A/a is not a vQTL; by GWAS significance, the variant will be erroneously seen as a GxE candidate; (b) In the presence of GxE (left), residual variations are uneven across genotypes (right), and variant A/a is a vQTL. Teal/red dashes: environment- specific effect; blue solid lines: marginal effect.
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Thus, the DLM can detect vQTLs by checking the slope of the second linear model, for example, by a t-test. Also obvious is that GWAS, by design, is not meant to select GxE candidates, which is illustrated in the left panel in Figure 1a, where, by GWAS significance, the variant not involved in GxE would be erroneously classified as a GxE candidate.
Here, we must emphasize the vQTLs included by missed GxE interaction are additive vQTLs, because each allele directly adds its effect to the phenotypic variance in linear scale. The DLM is one way to capture additive vQTLs. In contrast, there is also the so called multiplicative vQTLs where each allele multiplies the phenotypic variance by a factor, in other words, adds its effect to the phenotypic the variance in log scale. 
Before the development of DLM and additive vQTL, the modeling both the mean and variance dispersion of a dependent quantitative phenotype variable with the sameshared genotype  predictors (i.e., SNPs) were modeled have been achieved using via double generalized linear models (DGLM)15 and double hierarchical generalized linear models (DHGLM)16, which allows random effects. Like DLM, DGLM is also a two-stage model but allows standard link functions to accommodate non-normal, non-continuous outcomes and assumes that the squared residual deviance (i.e., squared residual generalized) of a stage-1 model follows not Gaussian, but Gamma, distribution. Therefore, by default, DGLM uses log-linked Gamma regression for stage-2 models. When the phenotype is Gaussian, the log linked Gamma regression in stage-2 essentially models the phenotypic variance in log scale, thus the DGLM is one way to capture multiplicative vQTLs. The intent of DGLM and DHGLM were was developed by combining analyses to prioritize genome variants with allele effects that are resistant to environmental changes, allowing the selection of non-interaction candidates17. DGLM is a common widely recommended as a benchmark robust and statistically powerful approach to compare the power to identify GxE candidatesidentity vQTLs as GxE candidates18,19.
Indeed, methods that capture either additive or multiplicative Compared to GWAS-based selection, vQTL can more specifically target GxE candidates. Indeed, both DLM- and DGLM-based vQTLs scans have seen some success, but also seen confusions when comparing the power performance due to the difference in the two perspectives. Guillaume et al. explained in DLM in detail how the second stage of a DLM fits the heterogeneous residual variance with the allele dosage, which is an additive vQTL, yet the proposed method relying relied not on the typical linear regression and t-test come with in stage-2 linear regression coefficients, but rather Levene’s test20,21 for equality of variance across genotype groups, to identity vQTLswhich captures multiplicative vQTLs22. Nonetheless, the The DLM-based method was applied to the 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.
Recently, Andrew et al. proposed the deviation regression model (DRM), a modified DLM23. 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, replaces this with the absolute distance between phenotype values and the group median. We notice that Thethe results of simulation experiments experiments generated normal phenotype as the sum of covariate, genotype main, environmental main, and GxE interaction. The vQTLs were induced by the GWAS under the presence of GxE effect and were thus additive vQTLs. indicate that The DRM is statistically more powerful than Levene’s test20,2118.  in general and When the quantitative phenotype was made non-Gaussian and the genotype main effect is non-zero, the DRM managed to controlled the type 1 error while DGLM and TSSR (two-step squared residual, essentially the DLM) failed tomore potent than DGLM for selecting actual GxE candidates when the phenotype is skewed. When DRM was then applied to UKBB genotype and BMI phenotype data, variants identified by DRM demonstrably improved the likelihood of detecting genome-wide significant GxE interactions with age, sex, 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.	Comment by Author: Is this correct? The original was ‘medium’.	Comment by Tong, Xiaoran (NIH/NIEHS) [F]: media is the correct term.
In a comprehensive simulation, Huanwei et al.18 compared the performance of popular vQTL test statistics, including Bartlett’s test, robust Levene’s test, Fligner-Killeen test, and DGLM, challenged by with a wide variety of quantitative phenotypes, such as heavy-tailed, skewed, chi-square, and count numbers [17]. In this study, the basic phenotype was drawn from a normal distribution with the variance being a linear combination of allele dosages passed to the exponential function, that is, the genotype determined the phenotypic variance in log scale, and the vQTLs thus created were multiplicative vQTL. In this case, The the study suggested found DGLM Levene’s robust astest being the optimal choice for both power and type 1 error control when the phenotype was transformed into quantitative non-Gaussian. The study then applied Levene’s test vQTL modeling and applied the method to scan vQTLs for 13 quantitative traits in a UKBB training dataset . Forfor the enrichment of genome-wide discovery of significant GxE in a validation dataset with exposome groups based on sex, and age, physical activity, sedentary behavior, and smoking, .DGLM vQTL significantly outperformed GWAS for candidate variant selection.
To summarize, it is recommended to use Levene’s test to capture multiplicative vQTL, and DRM to capture additive vQTL; although DGLM and DLM are motivated by multiplicative and additive vQTLs, respectively, but they cannot control the type 1 errors when the quantitative phenotype is not close to Gaussian.
Figure 2: Issues with variance quantitative loci (vQTL)
(a) With strong GxE but weak environmental main effects (left), DLM results in a flat regression line, and variant A/a fails to become a vQTL. (b) With a binary phenotype and strong main effect (left), DLM results in a non-flat regression line (blue solid), and 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
While these methods have discovered exciting results, there are important limitations that we address in the current study.  
The most A severe limitation is that that a vQTL approaches scan isare not suitable only for binary case/control outcomes such as type 2 diabetes (T2D) and cardiovascular disease (CVD). Both additive and multiplicative DLM and DGLM essentiallyvQTL try to capture model the heterogeneity of phenotypic variance between individuals of different genotypes.  while assuming homogeneous variance among individuals of the same genotype. When the phenotype is non-Gaussian, the phenotypic mean and variance within a group is related, so a significant QTL affecting the phenotypic mean is likely to affect the variance as well, which violates the assumption of within group homogeneous variance bias the vQTL test towards positive. If the  phenotype is quantitative, false positives are still somewhat, if not completely, countered by DRM23 and Levene’s test18,21 while maintaining the power to detect true vQTL. DLM was developed based on the proposition that heteroscedasticity relies on the assumption of the homogeneity of variances within the genotype, which may not occur if variances are proportional to means [19]. This assumption is violated fFor binary phenotypes however, this issue has become extreme not only since due to the the binary mean µ and variance v being related by is v = 2µ (1 - µ), but also because the binary phenotype concealing the gradient of underlying risk. In other words, the mean and variance for individuals in each genotype group are mutually predictive. As a result, the the statistics (i.e., p-values) of stage-1 and stage-2 models in a DLM are highly collinear. Hence, a significant QTL is also a significant vQTL, regardless of the GxE, which leads to out-of-control type 1 errors is out of control for both vQTL tests. Figure 2a illustrates the false positive vQTL when we fit a DLM for binary phenotype, where the GxE is null (parallel slopes for two environments, red and teal, figure 2b left), yet the stage-2 linear regression still fits , aa non-zero slope is through the squared residual (2b right).
Figure 2: Issues with variance quantitative loci (vQTL)
The red and teal points represent samples experiencing two environments.
(a) left: a binary phenotype with non-null marginal genotype main effect, shown by the blue sloid slope, but null GxE effect, shown by dashed red and teal slope in paralleled (a) right: the squared residuals changes with genotype, shown by the blue solid slope, the variant thus become a false vQTL; the VLA fits a downwards curve, shown as green solid, thus control the type 1 error.
(b) left: a Gaussian phenotype with strong GxE effect but weak environmental main effect (i.e., pure GxE), shown by the dashed red and teal with distinct slopes but cross the center. (b) right: the squared residuals changes with genotype but non-linearly, the linear model misses the true GxE candidate (i.e., DLM and DRM), shown by the flat regression line.
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The type 1 error regarding binary phenotypesis not controlled by simplify replacing DLM with DRM or Levene’s test. . Simply replacing DGLM becomes overly conservative for binary phenotypes, which is different from the uncontrolled type 1 error reported by Andrew et al. and and Huanwei et al. for non-Gaussian but quantitative phenotypes.DLM with DGLM/HDGLM does not resolve this issue despite the supposed ability of generalized linear models to accommodate non-Gaussian phenotypes. Figure 2 illustrates the above issues.
From the results of simulation studies, Huanwei et al.18 and Andrew et al. 23 advised against attempting a vQTL scan on binary phenotypes. The later also Some studies have suggested using surrogates, assuming that significant vQTLs of a quantitative mediator are likely GxE candidates of a downstream binary phenotype. For example, significant GxE interactions for type 2 diabetes would likely be found among vQTLs of BMI [19]23. However, The the use of surrogate vQTL has not been widely explored, and we report the evaluation of such a strategy later in the paper. Additionally, as discussed in detail in the methods section, DLM additive vQTL methods such as DLM and DRM lacks the power to detect a true GxE candidate with when small marginalthe environment main effect is weak, even if the phenotype is Gaussians, even in the substantial presence of GxEs. In other words, a vQTL scan is incapable of detecting a pure GxE.  Figure 2a illustrate This issue is 	Comment by Author: Citations?


Figure 3: Recover Assigning innate risk scores using covariates
(a) wWithout any prior knowledge, the four persons people are assigned a medium median innate risk score; (b) given Given their disease status, an individual may be cases are given assigned a higher innate risk score; (c) given Given their age, elderly people’sthe innate risk score may be are adjusted decreased for older individualsdownwards. The VLA gives results in a downwards regression curve (green solid line), and controls the type 1 error iserrors controlled.

Variance loci analysis (VLA)
We propose variance locusi analysis (VLA) to select GxE candidates from for both quantitative Gaussian and binary phenotypes. First, between additive and multiplicative perspective on the genesis of variance locus, we choose the additive perspective as the basis for improvement, because the GxE effect will eventually be discovered with the most common additive model, that is, phenotype being the sum of genotype main effect, covariate main effect, environmental main effect, GxE interaction main effect, plus some noise. 
 This approach overcomes additive vQTL’s vQTL scanner’s lack of power with under low and marginal environmental main effects. In VLA, instead of testing the non-zero slope of the stage-2 regression line, a curve is fit and its upwardness is tested; importantly, this controls the type 1 errors for binary phenotypes, as illustrated by the solid green line in Figure 2b. 
While it controls the type 1 error, the upwardness test results in a lack of power to detect GxE candidates (Figure 4a) because the binary event glosses over the underlying risk leading up to the event.
However, the underlying risk can be reconstructed to some extent with covariates. Figure 3 demonstrates this process with a hypothetical situation. Given four individuals–A, B, C, and D–without any additional information, it is reasonable to assign all four an innate risk score of 50, which is the median of a 100-point scale. If A and B have been diagnosed with the disease, their innate risk scores are increased to 100. Because A is in his 60s, his innate risk score is lowered to 75; because B is in his 40s, his innate risk score remains at 100. The logic behind this adjustment is that for an older person, a high innate risk score is not required to develop the disease. Because C and D have not been diagnosed with the disease, their innate risk scores remain at the default 50. However, because C is in his 60s, his risk score is lowered to 25. The logic behind this adjustment is that since he has not been diagnosed with the disease, given his age, he has a lower inherent risk score. 
Through this process, innate risk scores for a disease can be assigned that are distinct for those with and without the condition and as well as within each group. In this scenario, the innate risk score 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 the disease fitted by age, which is the combined effect of the genome and exposome, in other words, a finer gradient of risk is revealed by removing the effect of age. and noise is reduced due to the removal of the age effect. 
With additional covariates, the risk score can resemble a smooth Gaussian variable. After replacing the binary phenotype with the recovered innate risk score, upward curve-based VLA can be used to select variance loci involved in GxE. Figure 4b conceptually demonstrates this. The best covariates are non-confounding predictors, such as age and sex, which are not heritable and not determined by the genome or exposome (non-confounding) yet determine the risk of major diseases (predictors). UsingConfounding covariates  can still carve out of the raw, blackcase/control/raw white disease traits to carve out 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 withoutnot  adding useless noise.	Comment by Author: Add statement that they cannot be heritable, so PCs, age, etc. are good	Comment by Author: Revised this text accordingly
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 slope-based vQTL(blue); (b) If the binary phenotype is replaced by the innate risk score as a covariate residual, the upwardness of the VLA curve (green solid) detects the variance loci A/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.	Comment by Author: Move this to results	Comment by Author: Moved to the results section.
Application in the UK Biobank
Because data from large biobank-based GWAS (26, 27) is available, the genome can be examined using VLA for a range of phenotypes in cohorts with unprecedented sample sizes. In this work, we conducted whole-genome VLA scans across all relevant phenotypes in the UK Biobank (UKBB).  
VLA can select GxE candidates for both binary and quantitative traits, enabling the creation of a catalog of VLA statistics for the entire genome and phenome of the UKBB, similar to the Pan-UK Biobank GWAS catalog at pan.ukbb.broadinstitute.org or the EBI GWAS catalog. The original UKBB phenome was expanded with compound phenotypes derived from hospital diagnoses recorded in ICD9/10 format, based on the most recent PHECODE mapping table (v1.2) [24,25]. The catalog summarizes the interaction potential for phenotypes of interest for each variant and can be used in future GxE research to prioritize top-ranking candidates. The VLA catalog is hosted by NIEHS (https://genelist.niehs.nih.gov/vla).
Validation
We demonstrate our method through simulation and application in the UK Biobank, focusing on three traits for which genomics mapping has been successfully conducted. The UK Biobank is an excellent source for discovery but contains limited data on clinical and lifestyle external environmental exposures.
We used UK Biobank data to prescreen candidates for GxE testing in the independent , NIEHS Personalized Gene and Environment Study (PEGS) cohort. The results provide excellent proof of principle.  The PEGS is 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].
Now add back the brief description of PEGS and how top VLA results from UKBB were used to test for GXE in PEGS with its extensive exposome data for LIST TRAITS.
Much is known about the functional characteristics of GWAS signals (over-represented for eQTLs, etc.)  Performed a similar assessment of annotation details of VLA results.  Compare it to GWAS results.  on UKBB British Whites for a selected phenome using the plinkFile and vla R packages to determine whether variance loci with greater significance can identify more significant GxEs detected in other populations, such as UKBB non-British Whites (i.e., mainly Irish). We also investigated whether variance loci are over-represented in specific genome types (i.e., intronic and intergenic), just as GWAS loci are more concentrated within or near certain gene regions. The results section details the findings, and the methods section outlines the preparation of phenome, genome, and exposome data.
Also, we demonstrate that the VLA analysis can identify/enrich for previously known GXEs.  CardioGXE is a manually curated resource cataloging gene-environment interactions from the literaturer on blood lipids, glycemic traits, obesity anthropometrics, vascular measures, inflammation, and metabolic syndrome, and introduce CardioGxE, a gene-environment interaction resource.  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
 NEED TO ADD IN A BRIEF DISCUSSION OF THE SIMULATION AND METHODS COMPARISON WORK HERE.
We implemented VLA as a self-contained “vla” pure R package that simultaneously scans multiple phenotypes and genome variants, given adequate system memory. Because it is self-contained and pure R means that “vla” is platform- and compiler-independent as long as the R Base package is installed. As the number of phenotypes increases, the vla R package is more efficient than routine genome-wide analysis implemented in C/C++, such as PLINK [21, 22]. To traverse out-of-memory allele-count genotype data condensed in PLINK 1 binary biallelic genotype tables, we created “plinkFile”, another self-contained R package [23]. We used these two packages to run analysis based on UKBB and PEGS data, as detailed in later sections.	Comment by Author: Move this to results
Simulation
We present the performances for normal phenotypes with covariate effect in Fig.8a. We omit the results with null covariate effect because the change of performances is hardly noticeable.
In scenario 1 and 2 where GxE effect and environmental main effect are both non-zero, and the expected effect of allele, VLA attained the best performance, especially in scenario 1 where GxE and environmental main effect (ENV) took the opposite sign, causing all methods to be less efficient due to the mutual attenuation between  and  under low MAF. In scenario 4 where a pure GxE effect exists with null environmental main effect, VLA out-perform DLM as expected since the former supposedly capturing  with squared dosage  is unaffected, while the latter capturing  with linear dosage  is nullified as , however, all methods still achieved substantial power because, again,  and  cannot perfectly separate. In scenario 1, 2, and 4 with non-zero GxE, linear DGLM (DG1) and Levene’s Test (LVT) fell behind DLM and VLA as expected because we simulated additive variance loci according to (4), while DGLM and LVT are going after multiplicative variance loci. Augmented DGLM (DG2) not only fell behind in terms of power despite being more flexible but was also the only method inflated false discovery rate (FDR) above the expected 0.05 in scenario 3 and 5, which may be the result of exploring solutions of  in unreal space.
To simulate binary phenotype , we convert Gaussian phenotype  to probabilities with logistic function, then draw 1 = case and 0 = control status from that probability, such that
	.	(?)

In Figure 8b we show the performance on binary phenotype with null covariate effect. The false discovery rate of DLM, Levene’t Test, and DRM went far beyond the expected 0.05 in scenario 3 and 5. The two DGLM methods with correctly specified logit link binomial model became overly conservative. VLA was also conservative, resulting in rates lower than 0.05 in scenario 3 and 5, and was powerless in scenario 1, 2, and 4 where GxE exists. 
In Figure 8c we show the performance on binary phenotype with strong covariate effect. The results changed drastically because a non-confounding predictive covariate can recover the innate risk score (IRS) underlying the binary phenotype as a numeric variable, which is crucial in restoring the power to detect variance loci. In fact, the performances resemble the Gaussian phenotype shown in Fig.8a, except the two DGLM methods, which had been shown to be overly conservative in scenario 3 and 5 with null GxE, so their power are at greater disadvantages in scenario 1, 2, and 4 when GxE does exists.
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Figure 8: Performance for normal phenotypes
Top to bottom: (a) Gaussian phenotype with covariate effect (CVR>0); (b) Binary phenotype without covariate effect (CVR=0); (c) Binary phenotype with covariate effect (CVR>0)
Left to right: simulation scenario 1 – 5.
1. ENV – GXE: GxE effect b and environmental main effect c took opposite sign, thus the linear and square dosage terms in model (4) mutually attenuate under low MAF. Since GxE is non-zero, higher discovery rate is better. 
2. ENV + GXE: GxE effect b and environmental main effect c took the same sign, thus the linear and square dosage terms in model (4) stacks under low MAF. Since GxE is non-zero, higher discovery rate is better. 
3. ENV + NUL: pure environmental main effect without GxE, a false discovery rate of 0.05 is good.
4. NUL + GXE: pure GxE without environmental main effect, higher discovery rate is better.
5. NUL + NUL, null environmental main effect, null GxE, a false discovery rate of 0.05 is good.
X-axis: competing methods. DLM=double linear model vQTL test; VLA = proposed variance locus / curve upwardness test; DG1=double generalized linear model (DGLM); DG2=augmented DGLM, with quadratic term; LVT=Levene’s test; DRM=Deviation Regression Model, the modified DLM. 
Y-axis: GxE discovery rate. In panel 1,2, and 4, where GxE does exists, higher rates mean better, otherwise, the rates are false discovery rates expected to be 0.05, a rate higher than 0.05 means inflated type 1 error, lower than 0.05 means conservative. The red dash line marks the discovery rate of 0.05.

Pilot VLA scan on UKBB
We ran variance loci analysis (VLA) on 35,3605 UKBB British Whites 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—, Ccoronary artery disease (CAD) and type 2 diabetes (T2D)—, and two quantitative traits—, BMIbody 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 and, then ranked the genome variants accordingly.
benchmark Benchmark GxE enrichment
The GxE enrichment measures the likelihood of significant variance loci invoking a significant GxE (gene by environment) interaction. A pPositive enrichment means enables the use of a criterion such as VLA to helps to select GxE candidates. 
We screened for GxE with in UKBB non-British Whites, non-British in the UKBB who are mainly Irish, and the same choices of phenome and, genome data, and covariates used for VLA. The UKBB includes exposome data on we gathered from UKBB contains lifestyle factors (alcohol use, smoking, physical activityies, inactivitysedentary lifestyle), neighborhood environment (garden green space, water, coast, noise, nitrite oxide, nitrite dioxide, PM10, PM2.5, traffics), and family structure (siblings). For each variant, we counted the number of significant GxEs tests given a series of p-value thresholds from 10-2. 10-3 to 10-9.	Comment by Author: These should be described in more detail here or elsewhere in the paper. For example, what data is available on green space – proximity to, area within a radius of home, access, etc.)
We then regressed the counts on the variant ranking according to 1– - p-values of VLA. Should If VLA truly enriches GxE, a higher-ranking variant should appear more frequently among significant GxE tests, that is,with the a significantly positive regression coefficient being significantly positive. For compression, we also regressed the counts on variant rankings according fromto GWAS and vQTL, summarized from UKBB White British Whites in the UKBB. Figure 5 We shows the GxE enrichment regression coefficients for VLA, GWAS, and vQTL at several p-value thresholds in Figure (5), where the higher the value higher a curve climbs (or descends slower), the better the GxE selection criteria it represents. In general, VLA, in general, boosted the detection of significant GxEs 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 theGxE detection of GxE whenfor less strict p-value cut-offs; the  were less strict but did the opposite was true for under more stringent thresholds. For body mass index (BMI), VLA achieved mean positive enrichment of GxE while, when GWAS and vQTL did the opposite— - significantly deplete degraded the selection. VLA outperformed the other two criteria for fasting glucose level by a significant margin on for all p-value thresholds. Notably,Also, notice that GWAS and vQTL had similar performance were nearly tied for the two binary traits, T2D and CAD.	Comment by Author: Need more expanded detail hereFigure 5: GxE enrichment on for UKBB White non-British Whites
Given a p-value cut-off, the enrichment analysis counts the number of significant GxE tests for each genome variant for UKBB non-British Whites (up to 16 exposome items) and regresses the count on variant rankings according to GWAS (red), VLA (green), and vQTL (blue) for UKBB British Whites. The regression coefficients (y-axis) at several p-value cut-offs (x-axis) are shown here, with higher coefficients indicating better enrichment. The error bar shows 2 × standard error.

Next, wWe next screened for GxEs on for T2D, BMI, and cardiovascular disease (CVD) in the the PEGS . The cohort, which 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, neighborhoodhousehold exposures, and workplace hazards. We used the variant rankings ofOf the four UKBB British White British phenotypes we put throughanalyzed with VLA, GWAS, or vQTL , we use the variant rankings to enrich the GxE detection of the GxE on for T2D and BMI— - the two phenotypes directly available in PEGS. Because CAD is a major component of CVD, wWe let used the variant rankings for CAD in the UKBB to enrich theGxE detection of GxE onfor CVD in the PEGS since CAD is a major component of CVD. Lastly Because glucose level is a strong indicator of T2D, w, we used 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 interactions in the PEGS (up to 365 exposome items) at several p-value thresholds. Figure 6 We shows the enrichment regression coefficients in Figure (6). For the binary outcomes, T2D and CVD in the PEGS matched bywith T2D and CAD in UKBB, respectively, VLA outperformed GWAS and vQTL in terms ofat enriching GxE detection at various thresholds. ; aAgain, the pattern results forof vQTL mostly substantially overlappeds with those for GWAS. Accordingly, so vQTL does not provided no additional information over compared to GWAS if the trait severing variant ranking is binary. For well-behaved continuous variables with predictable behavior, such as BMI, vQTL is better at selectinged better GxE candidates in the PEGS, although the three criteria approaches converge under stricter significance thresholds of for significant GxE candidates. When using the ranking based onfor fasting glucose level in UKBB to enrich GxE on for T2D, the performance of the three criteria are was indistinguishable beyond thresholds stricter than 10−5.	Comment by Author: Unclear what the intended meaning is here.
Figure 6: GxE enrichment on PEGS
Given a p-value cut-off, the enrichment analysis counts the number of significant GxEs and tests each genome variant scores in the PEGS (up to 365 exposome items). It also , and regresses the count on variant rankings according to GWAS (red), VLA (green), or and vQTL (blue) based on British Whites in the UKBB. The regression coefficients (y-axis) at several p-value cut-offs (x-axis) is are shown here, with a - higher coefficient value indicating means better enrichment. The error bar sshows 2×standard error.

Investigation ofe functional enrichment
If VLA, GWAS, or vQTL loci are linked to genome functions, significant variants should reside unevenly in different regions of different classes. For example, the loci may be more abundant within or near genes may be more abundant than those in between genes. We used the package ANNOVAR package [26] to assign a functional class of to each variant, such as intergenic or intronic variants. We also calculated the CADD score (combined annotation dependent depletion (CADD) score [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 from 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. Table 1 We shows the functional enrichment coefficients for BMI and T2D in table (1). Obviously, fFor BMI and T2D, variance loci (by from VLA) are were highly enriched in intergenic regions, while GWAS and vQTL loci are were highly concentrated within or nnear or inside genes. As with the CADD scores, variance loci are were depleted in regions with high CADD scores regions, indicating  - regions oftheir high pathogenic tendency. Although there were more GWAS and vQTL loci are within or near or within genes, they are were more concentrated in non-protein coding segments (i.e., upstream, intronic, and downstream). For the fewer variance loci that are located within or near or in genes, the distribution is was relatively flat. Overall, the results indicate that variance loci are likely to take indirect, regulatory roles in genome molecule biology, while GWAS and vQTL loci are likely to be more directly involved in producing protein molecules. 
For a binary trait such as T2D, the functional distribution of GWAS and vQTL loci are was nearly identical due to the high correlation between the rankings given byfrom GWAS and vQTL. This, which is also the reason for the why the overlapping performance of GWAS and vQTL regarding in GxE enrichment benchmarks shown previously.  When it comes to aFor the continuous outcome  such asof BMI, where GWAS and vQTL ranked the variants differently. T, the concentration of GWAS and vQTL loci also differs regarding forthe CADD scores.  In either caseFor both binary and continuous outcomes, the pattern of variance loci is distinct from the pattern of 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
Tthe functional enrichment analysis regresses the region type and CADD score of each variant on rankings given by GWAS (red), VLA (green), or and vQTL (blue) based on UKBB British Whites. A sSignificant positive or and negative regression coefficients are shown as by "+" or "-" symbol, respectively; the number of repetitive symbols denotes the level of significance. Non-Insignificant coefficients are displayed as blank space.


UKBB variance loci catalog
Inspired by the Pan-UK Biobank GWAS catalog at pan.ukbb.broadinstitute.org, one of our research aims is we aim to catalog variance loci statistics for all the health and disease phenotypes and variants in the UKBB. The catalog will serves as a public reference for that the researchers interested in gene-by-environmentGxEs can  interaction who could query the catalog by the name of a phenotype, enabling them to  and prioritize the candidate variants most likely to invoke significant GxEs interactions. Figure  7 We illustrates this the workflow of the cataloging process in Figure (7).
Figure 7: UKBB variance loci catalog

We summarized the UKBB phenome that includes 1,580 health-relevant phenotypes chosenpicked from the UKBB data fields accessible to the NIEHS plus another 1,693 diseases derived from hospital records in ICD9/10 format. Among We distinguished those selected1,580 UKBB data fieldsphenotypes picked, we distinguished  into binomial, multinomial, ordinal, and continuous variables and subsequently , re-coded and normalized accordingly them. The methods section provides (details of this processed in method). The We derived athe tion of 1,693 diseases was based onusing PHECODE,  - a codebook used to manually crafted by groups that excelled in extrapolatinge diseases from using ICD9/10 records. PHECODE is , currently hostedavailable at  on www.phewascatalog.org [24, 25]. Thomas et al. (cite paper) The implementedation 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 data contains comprise 3,273 items. As fFor the genome, we limited the variants to those with an overall MAF (minor allele frequency) of no less at leastthan 0.005, making for a final number of 11,841,785 after other quality control measures.	Comment by Microsoft Office User: This is all unclear.  There wont be a paper on Thomas’s work – it will go into this.  Need to describe the manual QC for variables that were human phenotypes, and not just variables in the data set.  The genotype QC can be discussed in more detail in the methods.  Just mention the number of variants analyzed.	Comment by Author: Number of variants?
For each of the four main racial/, ethnic groups in the UKBB (British White, White non-British White, Blacks, and Asians), we performed variance loci analysis (VLA ) for the whole phenome and genome to archive variant statistics. We rely usedon two R -packages specialized in traversing genome data and testing variance loci between thousands of phenotypes and variants. By We divideding the genome into nearly approximately 1,200 chunks groups of 1,000 variants each and , we can summarized the VLA statistics for British Whites, s – 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 the four main racial/ethnic groups groups and 3,273 phenotypes on (URL). A manifest list of phenotypes and links to the files is available at (URL).
Methods
In this section we first review the two types of vQTL, the additive vQTL captured by DLM/DRM, and the multiplicative vQTL captured by DGLM and Levene’s test. The two are related yet represent different view on the origin of GxE effect. 
In a discovery cohort where both exposome variable  and genome variant   are visible, we typically represent the GxE interaction effect by the 2-way product term  in a linear model, that is,
	,	(1)
where  is a size  Gaussian noise, and  is a non-confounding covariate. For now, we let the phenotype  remain Gaussian, the environment  be a centered variable with variance , and . The model (1) is frequently considered the ground truth of GxE interaction effect.
In an ideal selection cohort where the joint distribution of all variables is identical to the discovery cohort and the sample size is sufficient, except the environment  is either unobserved or ignored, one can conduct the typical GWAS as
	   or    .	(2)
The unattended part, , would become the GWAS residual . As a result, the squared residual  is also associated with the genotype , because,
	,	(3)
and	.	(4)
From (4) we see variant  is in fact modeling the phenotypic variance, hence the notion of   being a “variance QTL”, or “vQTL”. This phenomenon had been shown in Figure 1. Since each additional allele adds  to the variance in linear space, we call it an additive vQTL, and because such property relies on the premises of GxE interaction in (1), we may also call it an GxE induced vQTL.
On the other hand, one may directly state that the allele affects the phenotypic variance, that is,
	   or    	(5)
The exponential ensures variance will never be negative for real valued . The variant  is a vQTL already since each additional allele multiplies the variance by a factor of , and we call it a multiplicative vQTL. Unlike the additive vQTL in (4), the multiplicative vQTL does not depends on a specific construct of GxE interaction like (1).
The most straightforward way to capture additive vQTLs is via double linear model (DLM), where the stage-1 model is (2) exactly, that is, the orthodox GWAS; the stage-2 model treats squared residual  as a “phenotype” and fit it with the allele dosage, as if conducting another GWAS, 
	,	(6)
The DLM approximates the full additive vQTL model in (4), omitting the second order term , essentially fitting a straight line through the squared GWAS residual  across allele dosage . In an ideal situation where  holds, the estimated DLM coefficient  identifies the first order coefficient  in the full vQTL model (4) and rejecting  reveals a GxE candidate since  implies the true GxE effect . In reality,  and  are correlated, especially when the MAF of  is low, therefore, the estimated DLM coefficient  in (5) is a mixture of  and  in (4) and runs the risk of mutual attenuation when the true GxE effect  and environmental main effect  take opposite signs. Nonetheless, when  and  is an additive vQTL, the estimated  is likely to be non-zero and is detectable via a t-test.
When the phenotype  deviates from Gaussian, DLM may inflate type 1 errors when the variant is a GWAS QTL, because a non-Gaussian distribution’s mean and variance are related, therefore, a QTL affecting the phenotypic mean is also a vQTL affecting the variance. Realize that the squared residual  in stage-2 models (5) and (6) is in fact a measurement of sample variation per genotype group, replacing it with the absolute distance from the group median results in DRM. The DRM method is more robust than DLM under non-Gaussian but limited to discrete genotypes, since a continues genotype value does not offer a clear definition of “group”.
To capture a multiplicative vQTL, we can use the double generalized linear model (DGLM). DGLM is also a 2-stage model that fit both the mean and variance of a phenotype by genotype, that is,
	.	(7)
Here,  is the dispersion determined by allele dosage; function  relates the phenotypic mean  and the variance to some extent, for example,  for a binary phenotype;  and  are the inverse link function of the mean and dispersion, respectively. The stage-1 of DGML fits the phenotypic mean with allele dosage, where the phenotype is the response variable, and the link function is chosen according to perceived phenotypic distribution. The stage-2 models the dispersion, where the unit deviance of stage-1 is treated as the response variable following a Gamma distribution of fixed shape and a scale equals to the log-linked dispersion, 
	,  ,  or  .	(8)
When the phenotype is Gaussian, the variance function degenerates to a constant  and the unit deviance is the residual square . In such a special case, the stage-2 of DGLM is in fact fitting the logged phenotypic variance with the allele dosage, that is,
	,	(9)
which approximates the multiplicative vQTL model in (5), omitting the second order term . We also consider Levene’s test a multiplicative vQTL scanner, because the formation of Levene’s test statistics does not depend on any specific parameterization of GxE.
In this study, we prefer the additive perspective (4) over the multiplicative perspective (5) as the basis of improvement, because, eventually, we will be relying on model (1) to capture significant GxE in a discovery dataset, and the construct of additive vQTL is a nature consequence of unaccounted GxE effect in model (1), thus, the additive vQTLs are selecting GxE candidates specifically to model (1). The multiplicative vQTLs on the other hand, do not depend on a parameterization of environment and GxE, therefore, the multiplicative vQTL does not necessarily select a GxE in model (1). To demonstrate the lack of specificity of a multiplicative vQTL on the GxE for a Gaussian phenotype, shown in model (5), we forcibly see it from an additive vQTL perspective, that is
	,
where the left-hand side is the multiplicative vQTL model for Gaussian (5), the right-hand side is the full additive vQTL model (4);  and  are latent noise and environment with variance  and , respectively;  and  are the effect sizes of latent GxE interaction and environmental main effects, respectively. By Taylor expanding the left-hand side at , we acquire an approximated additive vQTL model,
	,   ,    .
We see  is the part of phenotypic variance not affected by allele dosage. Because the construct of Gaussian multiplicative vQTL in (5) only requires , it is possible to encounter a situation that , that is, the latent GxE interaction effect  being non-real, so is the latent environmental main effect  since  must produce the real value . The multiplicative vQTL captures a broader class of GxE effect not representable by the common discovery model (1) in real space, which would inflate the type 1 errors if we try to select GxE candidates for (1) with multiplicative vQTL in (5). In practice, multiplicative modeling typically omits the second order term  (i.e., DGLM), in this case, we fix , as a result,
	,
which avoid unreal GxE effect size , but we see
	    or   .
An implicit constraint is in effect, that the ratio between latent GxE and environmental main effect must be  -- the coefficient of the first order multiplicative vQTL effect, which means we cannot fully account for the solution space of  in the common GxE discovery model (1), and we would loss power if we try to select GxE candidate for model (1) with restricted multiplicative vQTL model (9).
We choose the DLM as the basis for improvement. Under the idea circumstance of , the allele dosage term  in stage-2 of the DLM (6) maps to the equivalent term  in the full additive vQTL model (4). The DLM can sense , that is, a GxE candidate, when  is rejected. We replace the allele dosage term with squared allele dosage, that is,
	.	(10)
The term  maps to the equivalent term  in the full additive vQTL model (4), and we detect a GxE candidate when  is rejected. A single tailed test is used here, since  should be non-negative. We call the proposed method “variance locus analysis (VLA)”. Immediately noticeable is that the VLA test statistics  relies on the actual GxE effect size  alone, but the DLM test statistics  is determined by both GxE effect  and environmental main effect . As a result, DLM is powerless under weak environmental main effect, that is,  when , but VLA is unaffected. In other words, VLA is more sensitive to pure GxE effect. The model (10) essentially fits a curve through the squared GWAS residual  across allele dosage , and the null  tests the upwardness of that curve (Figure 2), this can be seen by taking the derivative on both sides of (10) with respect to allele dosage,
	.	(10)
Rejecting  means the curve fit through squared GWAS residual  is bending upwards with each additional allele. 
In practice, the allele dosage  is rarely perpendicular to the squared dosage , in extreme cases of low MAF,  and  can even be co-linear. As a result, the expected DLM coefficient  and the expected VLA coefficient  blends into each other, either boosting or diminishing the power to detect  when  and  take the same or the opposite signs. The DLM can still have power to select GxE candidate when the environmental main effect is null (). To ensure the reliability of VLA, we limit the analysis to variants with MAF > 0.01.
When the phenotype is not quantitative but binary, a locus of phenotypic mean is automatically a locus of phenotypic variance, because the mean  and variance  of a binary variable are related by . Thus, a GWAS significant variant would turn out to be a DLM significant variant in the absence of interaction, causing uncontrolled type 1 error if we select GxE candidate via variance loci. The type 1 error is not resolved by using DRM, nor by any multiplicative models such as DGLM, despite the DGLM supposedly handles binary phenotype with the logit link. Therefore, the current variance heterogeneity-based approaches are limited to quantitative traits locus, hence the name vQTL.
The VLA counters the inflated type 1 error under the null GxE, because the curve fit by the stage-2 model (10) through the squared residual of stage-1 (i.e., the GWAS) is either flat, when the variant has no effect on the phenotypic mean, or bends downwards, when the variant has effect on the mean. However, VLA is conservative because the curve would not bend upwards in the presence of GxE. We emphasize the importance of well-chosen covariates that recovers the innate risk scores. With covariates that are non-heritable (i.e., non-confounding) but highly predictive of the binary phenotype, the recovered risk scores, that is, the covariate residuals, can act as a numerical phenotype that enables the power for VLA to detect GxE candidate while controlling the type 1 errors. The recovered risk scores also improve the performance of DLM, DRM, and multiplicative vQTL methods with binary phenotypes, since the scores can be seen as quantitative traits, however, these methods do not guarantee the full control of type 1 error.
Material
UK Biobank (UKBB)
We use the UKBB to evaluate the performance of VLA in comparison with other methods in selecting GxE candidates. The UKBB is a national scale prospective cohort study funded by UK Medical17
Research Council and Welcome Trust [9]. Between 2006 to 2010, the study recruited more than half million individuals in the UK aged from 40 to 70. The UKBB collected health related information from all aspects of life, including demographics, physical measure, medication, lift-style, disease, and high-dimensional genotype profile [28].By the time of our study, the NIEHS is able to access 502,505 individuals in total, among which488,366 (97.2%) were genotyped with either UK BiLEVE or Axiom micro-array covering 805,426autosomal, X/Y, and Mitochondrial variants; 487,411 (97.0%) have imputed whole-genome sequencing (WGS) genotype covering 97,059,328 autosomal and X variants, based on the Haplotype Reference Consortium (HRC) panel [29] for mixed ancestry.
Genotype
We prefer the imputed genotype for a comprehensive catalog of the whole genome. Beginning with 97,059,328 imputed variants, we applied the basic quality control to the entirety of 87,411 individuals
· drop variants imputation information score lower than 0.3.
· drop variants with overall minor allele frequency less than 0.005.
· drop variants with duplicated ID, that is, multi-allele variants.
The quality control retained 11,939,376 (12.8%) variants without excluding any individual so far. The imputation information score and minor allele frequency were pre-calculated meta-data downloadable as UKBB resource 1671. The imputation information score between 0 and 1 is the posterior probability of observing imputed genotype, so a score closer to 1 means higher certainty. The removal of 87.2% of variants was mainly attributed to low MAF. Although a more stringent lower bound MAF≥0.01 is recommended to ensure the validity of VLA, a more relaxed MAF≥0.005helps to buffer the fluctuation of MAF due to the subsequent removal of samples and the variation of working sample sizes from analysis to analysis. We drop individuals classified as poor genotyping due to heterozygosity abnormally and high missing rates, listed by UKBB field 22027, we then remove one from each pair of related individuals to breakup kinship pairs. The kinship pairs were identified from the micro-array genotypes, available as a table to download using UKBB’s "gfetch" tool (resource 668) with parameter "rel". Also see UKBB category 263 for more details. Out of 487,411 individuals with imputed genotype, 405,432 (83.2%,80.1% out of 502,505 in total) remained, who are of high-quality microarray genotyping and are unrelated.
The UKBB is multi-ethical, thus we divided the remaining samples into 4 major ancestry groups based on data field 21000 and coding 1001, summarized below,
· afr: African (3,100, code 4002)
· asi: Asian (8,668, code 3001, 3002, 3003, and 3004, not including the Chinese)
· bri: British (35,3605, code 1001)
· iri: Irish (10,619, code 4002)
The ancestry division removed another 29,440 individuals who either belongs to ethnic groups of too few samples (e.g., the 1,574 Chinese coded by 5), or those with unclear background, which left us with 375,992 individuals (77.1% out of 487,411 imputed, 74.8 out of 502,505 in total). In this study we use actual phenotypes and genotype data in the UKBB to compare the performance variance locus analysis (VLA).
Notes to ourselves:
· Compare our vQTLs to those found by Visscher for 13 traits?
· https://advances.sciencemag.org/content/5/8/eaaw3538
· Functional categories/annotations
· Clinical genomic catalogue?
· GWAS catalogue (SNPs in LD to things in the GWAS catalogue?)
· PheGenI phenotype-genotype integrator?
· Test for GxE variants under positive selection

· Comparisons of risk allele frequencies across diverse populations have established appreciable directional differentiation for blood lipid and T2DM risk allele frequencies [55,56]. The decreasing frequencies of some T2DM risk alleles seen along an eastward arc from Africa to eastern Asia supplement disparities in predicted genetic risk, such that a portion of T2DM genetic risk is consistently elevated for individuals in African populations and lower in Asian populations [56], but this is somewhat controversial [57]. Accordingly, and considering that geography and climate strongly influence available foodstuffs, seasonally directed energy expenditures and other nutrition-centric human activity [13], we sought to identify those GxE SNPs that show evidence for positive selection.
· Three resources were used to investigate relationships between cardiometabolic GxEs and adaptation to climate and geography. First, two genome-wide studies have examined associations between genetic variants and climatic and geographical characteristics, including latitude, seasonality, precipitation, solar radiation and temperature [58,59]. Second, a collection of genes was identified as under selection in different human populations with roles in cultural practices, often with rationales pertinent to agriculture, diet and societal behaviors [60]. Third, a number of other studies have assessed adaptation at candidate loci for specific phenotypes and we chose to examine those germane to cardiometabolic traits. From these reports, we found that 25 of 189 different genes supporting cardiometabolic GxE interactions show adaptation to climatic and geographical characteristics (Table 1). Just 23 of 453 loci participating in main effect associations for these cardiometabolic traits, as mined from the GWAS catalog [45], show adaptation to climate and geography features, indicating significant enrichment in the GxE dataset (p <0.001, two sample z-test).
· How does the level of over-representation across any category compare to overrepresentation of that category from results from mQTL GWAS (either our own, or the GWAS catelogue)
· Tissue based e-QTLs
· Epigenetics: how many vQTLs create or destroy a CpG dinucleotide, compared to random SNPs
· Compare to CardioGXE, CTD as manually curated vs computationally driven, SNPXE from GWAS catalogue
· Check for phantom vQTL effects like in the Visscher paper

Points for Discussion:
While it certainly may be stated that a person’s ‘genometype’ could indeed prove the most useful for individualized medicine (including individualized nutrition) and personal genetics [89], the impact of environmental interactions on a person’s panel of alleles cannot be overstated. In this regard, an interaction between an obesity genetic risk score based on 63 variants and saturated fat intake has been demonstrated in two distinct populations [90]. We have not in this analysis coalesced the genetic variants cataloged in CardioGxE around a given phenotype-environmental factor pair and processed data for a global or genometype GxE interaction, but such research could proceed with the aid of this GxE resource. Indeed, the lack of overlap between our CardioGxE dataset and published GWAS for comparable phenotypes makes evident the utility of incorporating GxEs into assessment of disease risk in two important ways. One, a GxE catalog provides the means to develop a better strategy of intervention because genetic and environmental factors combined can equip the physician for more accurate prediction of future disease risk and hence disease prevention. Two, genetic variation alone is not just diagnostic of disease risk, but is a component of and should be considered in epistatic and GxE interactions to better inform the individual of potential disease risk. Altogether, the numerous examples presented here add to the emerging view that GxEs are widespread and significant contributors to phenotypic variance [91]. Although we have highlighted instances for which more data are needed, especially taken under conditions mimicking the environmental factor of the GxE equation, the insight thus far garnered from analysis of a large GxE catalog emphasizes the influential roles of environmental factors in the genetics of complex traits, particularly those of a metabolic nature.	Comment by Author: This is taken from another paper.  Important points on the use of GXE to make sure we make in the discussion
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