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Abstract 

A polygenic risk score (PRS) is used to quantify the combined disease risk of many genetic 

variants.  For complex human traits there is interest in determining whether the PRS modifies, 

i.e. interacts with, important environmental (E) risk factors.  Detection of a PRS by environment 

(PRS x E) interaction may provide clues to underlying biology and can be useful in developing 

targeted prevention strategies for modifiable risk factors. The standard PRS may include a 

subset of variants that interact with E but a much larger subset of variants that affect disease 

without regard to E.  This latter subset will ‘water down’ the underlying signal in former subset, 

leading to reduced power to detect PRS x E interaction.  We explore the use of pathway-defined 

PRS (pPRS) scores, using state of the art tools to annotate subsets of variants to genomic 

pathways.  We demonstrate via simulation that testing targeted pPRS x E interaction can yield 

substantially greater power than testing overall PRS x E interaction.  We also analyze a large 

study (N=78,253) of colorectal cancer (CRC) where E = non-steroidal anti-inflammatory drugs 

(NSAIDs), a well-established protective exposure.  While no evidence of overall PRS x NSAIDs 

interaction (p=0.41) is observed, a significant pPRS x NSAIDs interaction (p=0.0003) is 

identified based on SNPs within the TGF- / gonadotropin releasing hormone receptor (GRHR) 

pathway.  NSAIDS is protective (OR=0.84) for those at the 5th percentile of the TGF-GRHR 

pPRS (low genetic risk, OR), but significantly more protective (OR=0.70) for those at the 95th 

percentile (high genetic risk). From a biological perspective, this suggests that NSAIDs may act 

to reduce CRC risk specifically through genes in these pathways.  From a population health 

perspective, our result suggests that focusing on genes within these pathways may be effective 

at identifying those for whom NSAIDs-based CRC-prevention efforts may be most effective.   

 
Author Summary 

The identification of polygenic risk score (PRS) by environment (PRSxE) interactions may 

provide clues to underlying biology and facilitate targeted disease prevention strategies.  The 
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standard approach to computing a PRS likely includes many variants that affect disease without 

regard to E, reducing power to detect PRS x E interactions.  We utilize gene annotation tools to 

develop pathway-based PRS (pPRS) scores and show by simulation studies that testing pPRS 

x E interaction can yield substantially greater power than testing PRS x E, while also integrating 

biological knowledge into the analysis.  We apply our method to a large study of colorectal 

cancer to identify a significant pPRS x NSAIDs interaction (p=0.0003) based on SNPs within the 

TGF- / gonadotropin releasing hormone receptor (GRHR) pathway.  Our findings suggest that 

focusing on genetic susceptibility within biologically informed pathways may be more sensitive 

for identifying exposures that can be considered as part of a precision prevention approach. 
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Introduction 

Gene-environment (GxE) interactions likely play an important role in the etiology of most 

complex human traits1.  A GxE analysis aims to identify genetically defined subsets of the 

population that may be more sensitive to adverse or protective effects of an exposure on 

disease risk.  Alternatively, one can view G x E interaction as investigating whether a particular 

exposure stimulates or suppresses the effect of a gene on disease risk.  The power to detect 

GxE interactions, particularly in the context of a genomewide scan, is lower than the power to 

detect similarly-sized genetic or environmental main effects2.  Identification of actionable GxE 

interactions is essential to precision medicine approaches that are expected to transform the 

future of medicine, particularly for primary prevention of diseases. 

 

A polygenic risk score (PRS) is commonly used to summarize the overall effect of a collection of 

identified genetic variants on a particular trait.  The variants used to construct the PRS can be 

focused on a relatively small set identified by a prior GWAS or a much larger set that captures 

genome-wide genetic variation.  The PRS can be used to characterize the total trait variance 

attributable to discovered variants or to identify specific subsets of the population likely to be at 

highest risk for disease3.  PRS can also be used in Mendelian randomization analysis when the 

disease risk factor of interest is itself predictable based on prior GWAS-discovered variants4.   

 

Recently, many investigators have utilized PRS x E analysis to study gene-environment 

interactions for a wide range of traits, including lung cancer5, diabetes6, ADHD7, and 

cardiovascular disease8.  Compared to single-variant GxE analysis, PRS x E analysis may 

provide increased power because it focuses on known disease-related variants and it integrates 

the signals across those variants into a potentially more informative single measure of genetic 

susceptibility9.  Detecting a PRS x E interaction will allow us to answer questions such as:  Does 

the effect of a particular exposure on disease risk vary depending on overall genetic 
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susceptibility?  Do we need to consider specific exposures when making PRS-based risk 

predictions?  Is there a particularly high-risk subgroup, defined by both genetic susceptibility and 

exposure, for whom targeted prevention (e.g. early screening) may be indicated?   

 

Despite these advantages, a potential difficulty in identifying PRS x E is that standard 

construction of the PRS includes all GWAS-significant variants or a very large set of  

genomewide variants.  Environmental factors likely work to affect disease risk by altering the 

functioning or expression of genes within specific pathways.  Examples include smoking 

affecting DNA repair pathways to alter lung cancer risk10 and red meat affecting inflammatory 

response pathways to affect colorectal cancer risk11.  While a standard PRS may include 

several variants within an exposure-relevant pathway, its standard construction will tend to 

‘water down’ the specific signals most important for identifying the interaction(s).   

 

To overcome this challenge, we propose the use of pathway polygenic risk scores (pPRS) in 

gene-environment interaction analyses.  Relative to a PRS, a pPRS may include a greater 

proportion of disease-related SNPs that individually or in combination interact with a particular 

exposure, and which in turn should provide greater power for detecting pPRS x E compared to 

PRS x E.  We will describe the use of available functional annotation databases to define 

subsets of PRS SNPs according to their known pathway affiliation.  Multiple pPRS can be 

constructed, each corresponding to a particular pathway and utilizing a subset of the overall 

collection of PRS SNPs.  The use of pathway-specific PRS has been described for classifying 

disease subtypes12-14 and enhancing drug target discovery15, but to our knowledge not for 

identifying pPRS x E interactions. To illustrate our approach, we analyze PRS x E and pPRS x E 

interactions in a large study of colorectal cancer, focusing on over 200 GWAS-identified SNPs 

and a well-established protective exposure, non-steroidal anti-inflammatory drug (NSAID) use.   
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Results   

Simulations 

We designed a simulation study to determine whether power to detect pPRS x E interaction 

may be higher than for PRS x E interaction, and if so, under what conditions one may expect 

greater power.  Briefly, we simulated 1,000 SNPs, of which 20 were assumed to affect disease 

(D) risk and 980 to have no effect on D.  We also simulated a binary exposure (E) and 

generated 5 of the 20 SNPs to also have a GxE effect on D. We assumed 5 of the 1,000 SNPs 

fell within a pathway and varied how many of those 5 pathway SNPs overlapped with the 5 GxE 

SNPs, the 15 other disease-causing SNPs, and the remaining 980 null SNPs.  We replicated 

the simulation 1,000 times and estimated power based on the proportion of replicates in which 

we detected interaction based on analysis of PRS x E vs. pPRS x E.  Additional details of the 

simulation design, as well as demonstration that Type I error is preserved, are provided in 

Materials and Methods.   

 

Across a wide range of simulated scenarios, power to detect interaction is greater for pPRSxE 

than for PRSxE (Table 1).  With 20 simulated disease-causing SNPs, there was a cross-

replicate average of 18.2 SNPs identified by GWAS and used for constructing the overall PRS, 

including an average of 4.7 of those 5 SNPs simulated to have a GxE interaction.  Power to 

detect PRSxE interaction using the overall PRS ranged between 41% and 45% across multiple 

scenarios.  When the 5 SNPs simulated to have a GxE effect were synonymous with the 5 

SNPs in the pathway, power of the pPRSxE test was substantially higher (90%, scenario 1).  

This demonstrates the increased efficiency in focusing on a well-chosen subset of SNPs and 

corresponding pPRSxE test rather than attenuating the interaction signal in an overall PRSxE 

test.   

 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 20, 2024. ; https://doi.org/10.1101/2024.12.16.628610doi: bioRxiv preprint 

https://doi.org/10.1101/2024.12.16.628610
http://creativecommons.org/licenses/by/4.0/


8 
 

We also considered simulation scenarios in which only a subset of the 5 pathway SNPs 

overlapped with the 5 GxE SNPs.  These included scenarios in which the pathway SNPs 

without a GxE effect either did (Table 1, Scenarios 2-5) or did not (Scenarios 6-9) have a main 

(G only) effect on the trait.  When the 5 pathway SNPs include 4 with true GxE and 1 G-only 

(scenario 2) or 3 GxE and 2 G-only (scenario 3), power of the pPRSxE test was still greater 

(74%, 47%, respectively) than the PRSxE test.  However, with 2 GxE and 3 G-only (scenario 4) 

or 1 GxE and 4 G-only (scenario 5), power of the pPRSxE was lower (23%, 7%, respectively).  

By comparison, when the 5 pathway SNPs included 4 with true GxE and 1 with no effect on the 

trait (scenario 6), power was 84%, larger than the 74% when the non-GxE SNP had a G-only 

effect (scenario 2).  This is because in scenario 6 the non-GxE SNP likely is not discovered in 

the initial GWAS and thus is not used in forming the pPRS (or PRS) score, and therefore is not 

attenuating the signal in the remaining GxE SNPs.  This trend is further exemplified by the 

corresponding higher powers in scenarios 7, 8, and 9 compared to scenarios 3, 4, and 5, 

respectively.    
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Colorectal Cancer (CRC) Application 

The most recent and largest GWAS of CRC described a total of 204 previously identified and 

novel autosomal SNPs that reached genome-wide significance16.  We investigated whether PRS 

and pPRS formed from these SNPs interact with use of aspirin or non-steroidal anti-

inflammatory drugs (NSAIDs) use, a factor well-established to reduce CRC risk17-19.  We used 

data from the Functionally Informed Gene-environment Interaction (FIGI) study, a consortium of 

45 studies that includes 78,253 subjects (33,937 cases, 44,316 controls) with complete data on 

NSAIDs, genotypes, and covariate data19. Adjusting for covariates, the NSAIDs main effect on 

CRC is OR=0.76 (95% C.I. 0.74, 0.79).  Although NSAIDs is a protective factor on average, 

there are risks associated with regular use, such as gastrointestinal bleeding, that necessitate a 

precision prevention approach. This is one motivation for exploring a precision prevention 

approach for NSAIDs based on possible modification by genetic susceptibility.   

 

We constructed an overall PRS by first applying logistic regression within the FIGI sample to 

model CRC as a function of the 204 GWAS SNPs, with adjustment for study, sex, age, and 

three global ancestry PCs (see Materials and Methods). The SNP-specific log-odds ratios 

estimated from this model were used as the weights [w] to construct a PRSi, i=1, …, N for each 

study subject.  To construct pPRS, we first used ANNOQ20 which successfully annotated 189 of 

the 204 SNPs to 265 protein-coding genes.  The remaining 15 SNPs were mapped to non-

coding genes and are ignored in this analysis. Application of PANTHER21 annotated 66 of the 

265 genes to a total of 50 pathways (Figure 1), with pathways for the remaining 199 genes not 

identified. Among the 50 pathways, four of them included more genes than expected by chance 

alone at a false discovery rate (FDR) of 5%, identified by a Fisher’s Exact test in PANTHER 

(Table 2).  These included the TGF- signaling pathway (raw p=5.8x10-6), Alzheimer disease 

presenilin pathway (p=5.8x10-5), Gonadotropin-releasing hormone receptor pathway (p=4.8x10-

5), and the Cadherin signaling pathway (p=1.38x10-3).  A total of 30 of the 204 SNPs were 
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annotated to genes in these pathways.  Subsets of the above PRS weights were utilized to 

construct the corresponding four pPRS scores.  Annotated genes in the TGF- signaling (TGF-

) pathway and Gonadotropin-releasing hormone receptor (GRHR) pathways are highly 

overlapped (Figure 2A), as are genes in the Cadherin signaling (CADH) and Alzheimer’s 

disease presenilin(ALZ) pathways (Figure 2B). These overlaps lead to significant correlations 

between the computed pPRS scores for TGF- and GRHR (R2=0.58) and for CADH and ALZ 

(R2=0.71).  Given this, we also constructed two additional pPRS scores based on SNPs within 

the combined subsets of TGF-/GRHR genes and CADH/ALZ genes, respectively.  

 

The estimated GxE odds ratio (ORGxE) for the overall PRS x NSAIDs interaction is 0.99 and is 

not statistically significant (p=0.41, Table 3).  We also did not observe significant pPRS x E 

interactions for the CADH and ALZ pathways.  However, the pPRS x NSAIDs interaction was 

significant for both the TGF- (ORGxE=0.96, p=0.0069) and GRHR (ORGxE=0.96, p=0.016) 

pathways.  The TGF- and GRHR pathways combined include 20 of the 204 SNPs (Figure 2A).  

The pPRS x NSAIDs interaction is more pronounced (ORGxE=0.94, p=0.0003) based on the 

pPRS formed from this joint set of TGF- and GRHR SNPs (Table 3).  This estimate can be 

interpreted as an additional 0.94 protective effect of NSAIDs on CRC risk per increase of 1 

standard deviation in the combined TGF-/GRHR pPRS.  To further explore this interaction, we 

used the model to predict the NSAIDs effect on CRC at various percentiles of the TGF-/GRHR 

pPRS (Figure 3).  For those at the 5th percentile of the pPRS (low risk), the estimated NSAIDs 

OR is 0.84 (0.79, 0.89) while at the 95th percentile (high risk), it is 0.70 (0.65, 0.74). Put another 

way, regular NSAIDs use is predicted to reduce CRC risk by 16% for those at low risk based on 

the TGF-/GRHR pPRS and by 30% for those at high TGF-/GRHR pPRS risk.    
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Figure 1:  Number of genes and pathways represented among the 204 CRC-associated SNPs.  
Arrows indicate the four pathways with significant over-representation compared to expected 
(Table 2). 

   

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 20, 2024. ; https://doi.org/10.1101/2024.12.16.628610doi: bioRxiv preprint 

https://doi.org/10.1101/2024.12.16.628610
http://creativecommons.org/licenses/by/4.0/


12 
 

 

  

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted December 20, 2024. ; https://doi.org/10.1101/2024.12.16.628610doi: bioRxiv preprint 

https://doi.org/10.1101/2024.12.16.628610
http://creativecommons.org/licenses/by/4.0/


13 
 

 

      A 

 

 

 

 

 

 

      B 

 

 

 

 

 

 

Figure 2: A. Subset of 204 CRC-associated SNPs annotated to genes within the TGF- and/or 
the Gonadotropin releasing hormone receptor (GRHR) pathways. B. Subset of 204 CRC-
associated SNPs annotated to genes within the Cadherin signaling (CADH) and/or the 
Alzheimer’s disease-presenilin (ALZ) pathways.     
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Figure 3: NSAIDs odds ratio for CRC by quantile of the joint TGF- / GRHR pPRS quantile. 
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We repeated these analyses utilizing PRS weights obtained from the PGS catalog for the same 

set of SNPs (PGS-ID 003850).  This was done to further evaluate how use of our own data to 

estimate PRS weights (as above) compared to the more standard approach of using catalog-

derived, published weights.  Applying the two sets of weights to our analysis sample yielded 

PRS scores that were very highly correlated for the overall PRS (R2=0.9) as well as for the   

TGF- (0.98), GRHR (0.97), CADH (0.97), and ALZ (0.89) pPRS.  Not surprisingly, then, results 

based on PGS catalog weights (Table 4) were very similar to those reported above (Table 3), 

with similar interaction estimates and levels of significance for TGF-GRHR and the joint TGF-

GRHR pPRS x NSAIDs effects, and non-significant results for the other pathway and overall 

PRS x NSAIDs tests.   
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Discussion 

We have demonstrated by simulation and application to data that forming a PRS based only on 

a subset of GWAS significant SNPs, specifically a subset defined a priori based on pathway 

information, has the potential to better identify novel PRS x E interactions.  We also 

demonstrate that power may be reduced using the standard practice of testing PRS x E 

interaction based only on an overall PRS.  This power reduction is likely due to ‘watering down’ 

the interaction signal with the inclusion of most of the SNPs in the PRS construction that do not 

have any role in modifying the effect of E on disease.  By contrast, the use of external pathway 

information to form a pPRS has the potential to improve power by focusing on genetic variation 

within a particular pathway that modifies the E effect.  Examination of E effects across quantiles 

of the pPRS can identify those genetically-defined subsets that are most affected, or protected, 

by exposure.  For example, our analysis of CRC suggests that although NSAIDs use is 

generally beneficial for all, those with the highest TGF-/GRHR pathway PRS experience a 

significantly greater reduction in CRC relative risk with regular NSAIDs use.  This result both 

adds to the overall preventive evidence for NSAIDs on CRC risk and suggests possible 

biological pathways that are involved in this action.   

 

The use of pPRS in interaction testing relies on external information to identify the pathways 

corresponding to a particular set of SNPs.  In this paper, we focused on the set of GWAS 

significant SNPs, but one could relax the criteria to include SNPs that have GWAS p-value that 

achieves a lesser threshold (e.g. 5x10-5) or to a wider collection without regard to GWAS 

significance.  As has been previously shown, a GxE interaction typically induces a direct 

disease-gene (DG) association22-25, and so requiring some level of DG association to be 

included in PRSxE or pPRSxE analysis is reasonable.  In our application to CRC, we created a 

workflow that utilized AnnoQ to annotate SNPs to genes and PANTHER to annotate genes to 

pathways.  We recognize that there are alternative tools/databases that could be employed, for 
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example Reactome (reactome.org)  or Gene Ontology (geneontology.org), and that different 

workflows would likely result in pathway assignments that do not fully overlap.  A particular 

application of pPRS x E analysis could consider the use of multiple workflows, each using 

different tools/databases, to evaluate the sensitivity of findings to specific pathway definitions 

and corresponding SNP/gene assignments.  

 

An ancillary finding in this paper is the demonstration that one can construct a PRS or pPRS in 

three different ways if the ultimate focus is a valid test of interaction.  Approach #1 (Methods), 

i.e. to obtain existing PRS weights from the PGS catalog, is the one most often used.  This has 

the advantages that the weights are typically estimated using a large and independent dataset, 

and that one can apply the weights to their data to estimate both PRS main and interactive 

effects.  A potential disadvantage, however, is that the data used to generate the PGS weights 

may come from a population(s) that do not represent the sample used for PRS x E analysis.  It 

is well known that cross-population application of PRS for main effects can lead to poor 

estimation, and the same will hold for analysis of PRS x E interactions.  The advantage of 

Approach #2 (Methods) is that it leverages the discovery of SNPs in a larger, independent 

population, but tailors the weights used in PRS construction to the specific population being 

studied for interaction.  Of course, this is also not free of cross-population issues if the 

discovered SNPs in the independent population are not representative of the SNPs/genes 

affecting the trait in the study population.  Approach #3, in which the study sample is used to 

discover SNPs and estimate weights, is perhaps the cleanest from the standpoint of population 

heterogeneity but may suffer from reduced power to discover SNPs relative to larger 

independent studies.  As we demonstrated in our CRC analysis, the flexibility to use any of 

these approaches for valid interaction testing provides the opportunity to evaluate the 

robustness of PRSxE and/or pPRSxE findings to the choice of PRS SNPs and weights.   
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Our results highlight that pPRSxE can identify pathways with functional relevance to the 

exposure’s putative mechanisms of action. In this case, we provide evidence that the protective 

effect of NSAIDs on CRC risk is modified by variation in the TGF-β and GRHR pathways. While 

aspirin and other NSAIDs primary inhibitory activity on PTGS1/2 (or COX1/2) have long been 

hypothesized as central mechanisms of for their anticancer effects, the overall mode of action is 

still not yet clear. Several lines of functional evidence have supported a role for the TGF-β 

superfamily in mediating aspirin/NSAIDs protective effects against CRC26, particularly in models 

of mismatch repair deficient CRC27. Long-term follow-up of the CAPP2 randomized, placebo-

controlled trial conclusively demonstrated that aspirin is protective against CRC among patients 

with Lynch syndrome28, also known as hereditary non-polyposis colon cancer resulting from 

pathogenic variants within DNA mismatch repair genes, suggesting that NSAID protection may 

also extend to those with sporadic mismatch repair deficient tumors. TGF-β has also been 

demonstrated to induce HPGD27, a prostaglandin-degrading enzyme with tumor suppressor 

activity that works as a catabolic antagonist for PTGS-2 activity29. Moreover, HPGD mucosal 

gene expression has been demonstrated to stratify individuals that may be more likely to 

experience a preventive benefit from aspirin use30.  While other TGF-β superfamily members 

like GDF15 have been proposed as potential markers for precision prevention of CRC with 

NSAIDs18, the role for bone morphogenetic proteins (BMPs) and SMAD family proteins in 

NSAID chemoprotection are less well established than they are for other agents, like 

metformin31, or other physiologic processes, like osteogenic differentiation32,33. Similarly, 

functional evidence is limited for a specific role of Gonadotropin-receptor pathway overall in 

NSAIDs mechanisms of action.  However, of those genes included in the pPRS score, prior 

evidence links NSAID anti-cancer activity with β-catenin (CTNNB134-37), GNAS38, and 

PTGER419, the extracellular receptor for PGE2, the major downstream prostanoid produced by 

PTGS-2. Combined, these results highlight that a pPRSxE approach may identify additional 

network nodes with potential functional relevance for future mechanistic interrogation. 
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We have shown that leveraging prior GWAS results combined with biological information to 

construct subsets of SNPs in pPRS x E tests has the potential to improve power compared to 

SNPxE or overall PRSxE tests.  An additional advantage of the pPRS x E analysis is that it may 

strengthen the evidence for a potential biological mechanism, via the involved pathway, by 

which E affects the outcome.  Although we have focused on SNP subsets based on pathway 

information, we recognize there are other sources of information that could be used to create 

subsets.  For example, subsets could be formed based on information on SNP-expression in a 

relevant tissue or cell type, or based on SNP associations with traits related to the trait of 

interest.  Future research is needed to examine the robustness of pPRSxE analyses to the 

choice of annotation workflow, to the approach to creating subsets, and to demonstrate whether 

pPRS can be used to successfully identify novel gene-environment interactions for other 

complex traits.   
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Materials and Methods 

Notation and Standard GxE Analysis 

Let Di denote a disease indicator for subject i, i=1, …, N, Ei an exposure of interest, and Zi a 

vector of adjustment covariates (e.g. age, sex, ancestry principal components).  Assume one or 

more GWAS has been conducted, yielding a set G=[G1, G2, …, GM] of trait associated SNPs, for 

example those with p<5x10-8 for the test of SNP vs. D association.  Assume further that a case-

control sample has been obtained, with complete data for D, E, Z, and G  n each subject.  For 

analysis of  GൈE  interaction with a single SNP, we assume logistic regression model of the form: 

 

logitሾPrሺ𝐷|𝐺, 𝐸, 𝒁ሻሿ ൌ 𝛽଴ ൅ 𝛽௚𝐺 ൅  𝛽௘𝐸 ൅  𝛽௚௘𝐺 ൈ 𝐸 ൅  𝜷𝒛𝒁 (1) 

 

Here 𝛽௚ denotes the genetic ‘main’ effect quantifying the association between G and D  when E 

=0, 𝛽௘ is the corresponding environmental main effect, and 𝛽௚௘ parameterizes the GൈE 

interaction effect of primary interest.   G is typically coded as the number of minor alleles, 0, 1, or 

2 if it is measured or the corresponding expected number if imputed.  In practice, we often 

center both  G and E  on their respective sample means yielding 

 

logitሾPrሺ𝐷|𝐺, 𝐸, 𝒁ሻሿ ൌ 𝛽̅଴ ൅ 𝛽̅௚ሺ𝐺 െ 𝐺̅ሻ ൅ 𝛽̅௘ሺ𝐸 െ 𝐸തሻ ൅ 𝛽௚௘ሺ𝐺 െ 𝐺̅ሻ ൈ ሺ𝐸 െ 𝐸തሻ ൅  𝜷𝒛𝒁 (2) 

 

Here 𝛽̅௚ parameterizes the G  to D  association at the mean of E  and similarly for 𝛽̅௘.  An 

advantage of this centering is that 𝛽̅௚ and 𝛽̅௘ approximate the ‘marginal’ effects of G and E, for 

example the direct effect of G on D (𝛾௚) that is obtained in a GWAS using the model:  

  

logitሾPrሺ𝐷|𝐺 𝒁ሻሿ ൌ 𝛾଴ ൅ 𝛾௚𝐺 ൅  𝜸𝒛𝒁   (3) 
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The test of  GൈE interaction evaluates the null hypothesis H0: 𝛽௚௘= 0 and can be based on a 

Wald, Score, or likelihood-ratio test from either model 1 or model 2, with proper adjustment to 

the significance level to achieve the desired family-wise error rate. If each of S SNP is tested, 

the significance level for each SNP is /S, i.e. based on a Bonferroni correction for S tests 

subject to overall significance level .   

 

Formation of the PRS 

For a collection of M SNPs, e.g. those previously identified as GWAS significant, the following 

logistic model is used to estimate the SNP effects in the context of a single joint model: 

 

logitሾPrሺ𝐷|𝐺 𝒁ሻሿ ൌ 𝛼଴ ൅ ∑ 𝛼௞𝐺௞
ெ
௞ୀଵ        (4) 

 

We define weights [wk] to be the estimates [𝛼ො] from Model 4.  The equation for generating a 

PRS for the ith individual is 

 

PRS௜ ൌ ∑ 𝑤௞𝐺௜௞
ெ
௞ୀଵ          (5) 

 

Replacing G  in Equation 1 by the PRS yields the following model which can be used to estimate 

and test for PRS x E interaction:   

 

logitሾPrሺ𝐷|𝑃𝑅𝑆, 𝐸, 𝒁ሻሿ ൌ 𝛽଴ ൅ 𝛽௚𝑃𝑅𝑆 ൅  𝛽௘𝐸 ൅  𝛽௚௘𝑃𝑅𝑆 ൈ 𝐸 ൅  𝜷𝒛𝒁  (6) 

 

PRS Weights 

The PRS weights are typically derived from a separate resource. For example, the PGS 

catalog39 provides weights for over 650 traits, including multiple sets of weights for many of the 
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traits.  It is important that the weights come from independent data resources if the PRS will be 

used to examine direct risk effects on the disease of interest in the N subjects under study.  In 

other words, if the weights are generated based on the N subjects under study, applying the 

resulting PRS to the same subjects will result in biased inference of the PRS effect on disease 

risk.  However, we will demonstrate that the same dataset can be used to generate the PRS 

weights if the focus is on PRS x E interaction. The ability to ‘double use’ the same data to 

generate and apply the weights relies on the independence between the marginal genetic 

effects (estimated via Model 3) and the interaction effects (estimated via Model 2).  This 

independence has been shown for tests of single SNPs40 and is the basis for several 2-step 

genomewide GxE scan methods that screen on marginal G effects in Step 1 and use the 

information to prioritize SNPs for GxE testing in Step 222,24,25,41.  We provide simulations in this 

paper demonstrating that this independence holds for use of the weights [wk] derived from Eq. 4 

for downstream PRS x E interaction analysis. 

 

Given this independence, there are three Approaches one might consider for generating the [wk] 

and corresponding PRS: 

 

1. Obtain [wk] from prior studies based on one or more independent datasets.  As noted above, 

these could come from the PGS catalog or a specific previous GWAS of the trait of interest.  

This will provide weights that can be applied to the N subjects under study for use in 

estimating PRS main and PRS x E interaction effects on D.  One must be prepared to 

assume, however, that the weights generated from the previous population(s) are applicable 

to the current study population, which may not be reasonable if there are differences in 

ancestry42. 
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2. Obtain M SNPs from prior GWAS but estimate [wk] in the current sample that will be used for 

PRS x E analysis.  Again the list of previously identified SNPs could come from the PGS 

catalog or a specific prior GWAS, but rather than use existing weights, model 5 is applied to 

the M SNPs in the current data to generate [wk].  The corresponding PRSi, i=1, …, N, would 

not provide valid estimates of the PRS main effect but are valid for estimating and testing 

PRS x E effects.  An advantage of this approach is that the weights are computed based on 

the demographic (e.g. sex, age, ancestry) composition of the current study.  The discovery 

of the set of M SNPs, however, may have been based on different populations with different 

exposure histories and thus may not fully represent the genetic and GxE contributions in the 

current sample. 

   

3. Conduct a GWAS on the current sample to both identify M SNPs and compute 

corresponding [wk].  Compared to approaches 1 and 2, this has the advantage that both the 

selection of M SNPs and calculation of weights reflect the population structure and exposure 

characteristics of the current sample.  On the other hand, the current sample may be smaller 

than prior studies and thus have less power to identify important SNPs in the GWAS 

discovery step.  

 

We will demonstrate the third approach in our simulation and the first two approaches in our 

application to colorectal cancer.   

 

Pathway PRS 

Human genes and their products typically function together within biological pathways to 

maintain proper cellular functions. SNPs located within or near gene regions have the potential 

to influence the pathways in which these genes are involved. We assume that the collection of 

M SNPs used to form the PRS include subsets of SNPs falling within different biological 
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pathways.  To assign each SNP to a pathway, we first use the Annotation Query (AnnoQ) 

platform20 to derive annotations to Ensembl43 and RefSeq44 genes using inferences from 

ANNOVAR45, SnpEff46 and VEP47. SNPs residing in enhancer regions were linked to their target 

genes via PEREGRINE48. The resulting genes were annotated to pathways using the 

PANTHER21 Classification System (v.18.0)49. The set of genes falling within the same pathway 

were tested for overrepresentation relative to the PANTHER Pathway annotation sets50. Each 

pathway that is significantly over-represented is the focus of pPRS computation and pPRS x E 

interaction testing.   

Assuming that K pathways are identified by the above approach, we define pPRS1, pPRS2, …, 

pPRSK to be PRS including only those SNPs within the corresponding pathway.  We also let 

pPRS0 denote the PRS that includes the subset of M SNPs not annotated to any of the K 

pathways.  Let Sk, k=0,…,K denote the subset of M SNPs included in the kth subset.  The pPRS 

for pathway k is then defined as: 

 

𝑝𝑃𝑅𝑆௞ ൌ ∑ 𝑤௝𝐺௝௝∈ௌೖ
      (7) 

 

where weights are obtained by one of the three approaches described above.  Note that this 

approach to computing pPRS implicitly assumes that the weights are generated from the full 

model of D  that includes all M SNPs, which has the advantage that the weights are mutually 

adjusted for one another.  To investigate a particular pPRS, Equation 6 can be modified to: 

 

logitሾPrሺ𝐷|𝑝𝑃𝑅𝑆௞, 𝐸, 𝒁ሻሿ ൌ 𝛽଴ ൅ 𝛽௚𝑝𝑃𝑅𝑆௞  ൅  𝛽௘𝐸 ൅  𝛽௚௘𝑝𝑃𝑅𝑆௞ ൈ 𝐸 ൅  𝜷𝒛𝒁  (8) 

 

Alternatively, one can also use a model that includes all pPRS, with form: 
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logitሾPrሺ𝐷|𝑝𝑃𝑅𝑆௞, 𝐸, 𝒁ሻሿ ൌ 𝛽଴ ൅  𝛽௘𝐸 ൅  𝜷𝒛𝒁 ൅ ∑ ሺ𝛽௚ೖ
𝑝𝑃𝑅𝑆௞ ൅  𝛽௚௘ೖ

௄
௞ୀ଴ 𝑝𝑃𝑅𝑆௞ ൈ 𝐸ሻ (9) 

 

Additional interactions between pPRS and Z and/or between E and Z can also be included to 

account for potential confounding at the level of the pPRS x E effects51.  We note that it is 

possible for a particular SNP to be annotated to two or more pathways.  In this situation, there 

will be correlation between two pPRS that include the same SNP(s), which will require care in 

interpreting the resulting effect estimates.    

 

Simulation Studies 

We conducted simulation studies to: 1) evaluate the claim that the same dataset can be used to 

estimate the PRS weights [w], construct a PRS, and obtain valid estimates and tests of PRS x E 

interaction, and 2) to compare the power of pPRS x E to PRS x E analysis.  

 

We generate a dataset that includes 5,000 cases and 5,000 controls, with a binary exposure E 

and 1,000 randomly and independently generated SNPs per subject.  We designate Q=20 of the 

SNPs to affect disease risk, with QG having only a main G to D effect and QGxE having both a 

main and GxE effect.  We further assume that QP = 5 of the 1,000 SNPs fall within a particular 

pathway and that QPG of the pathway SNPs have only main effect and QPGxE have a GxE effect.  

We vary QPG and QPGxE across simulation scenarios.  For each simulation scenario, we generate 

1,000 replicate datasets and use these to evaluate Type I error and power  We generate each G 

as a binary variable with 35% population prevalence and E as binary with population prevalence 

50%.  Conditional on simulated G and E, disease status for each subject was generated 

according to a random Bernoulli distribution with probability of disease (PD) given by:  

 

𝑃஽ ൌ expitሺ𝛿଴ ൅ 𝛿ா𝐸 ൅  ∑ 𝛿ீೖ௞∈ொಸ
𝐺௞ ൅ ∑ 𝛿ீ௫ாೖ௞∈ொಸൈಶ

𝐺௞ ൈ 𝐸ሻ   (10) 
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The values of [𝛿ீೖ
] were determined using Quanto52 to achieve an expected power of at least 

90% to detect each of the Q SNPs in a GWAS with adjustment for 1,000 tests.  The [𝛿ீ௫ாೖ
] 

values were set to achieve approximately 10% power to detect GxE interaction for each of the 

QGxE SNPs, assuming 20 SNPs are evaluated for SNP x E interaction post-GWAS.  

 

For each simulated dataset, we conducted a GWAS of the 1,000 SNPs to identify the M that 

were significant at the 0.05/1,000 = 5×10-5 level.  These M SNPs were used in a model of the 

form in Equation 4 to generate weights [wk].  We computed the standard PRS based on these M 

weights using Equation 5, the pathway PRS (pPRS) based on Equation 7 for the subset of M 

within QP, and the non-pathway PRS (npPRS) based on Equation 7 for the subset of M not 

within QP.  Each simulation scenario was replicated 1,000 times and we tallied the proportion of 

replicates in which the null hypothesis of no interaction was rejected for likelihood ratio tests of 

PRSxE, pPRSxE, and npPRSxE based on Equation 8. This proportion estimated Type 1 error in 

simulations with QGxE=0 and power when QGxE > 0.  

 

Our first set of simulations shows that use of the same data set to run a GWAS, generate PRS 

weights, and test PRS x E interaction (approach #3, see above) preserves the desired Type I 

error rate for the interaction test (Table S1).  We simulate 20 disease-causing SNPs (𝛿ீೖ
് 0 for 

𝑘 ∈ 𝑄ீ) and set 𝛿ீೖൈா ൌ 0, for all 𝑘 (Eq. 11).  We tested five methods to identify the SNPs to 

generate PRS weights: 1) Identify the M SNPs  that were significant at the 0.05/1,000 = 5×10-5 

level; 2) identify the M that were significant at the 0.05/10 = 5×10-3 level; 3) identify the M that 

were significant at the 0.05 level; 4) include the 20 disease-causing SNPs; and 5) randomly 

select 10 of the 20 disease-causing SNPs and 10 from the 980 null SNPs. Across all these 

scenarios, the estimated Type I error rate was within simulation variability of the desired 0.05 
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level.  Since approaches #1 and #2 for generating PRS (see above) are subsets of approach 

#3, we conclude that their corresponding Type I error rates for PRSxE testing are also 

preserved. 
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Data Application: Colorectal Cancer 

We compare the above approaches in an analysis of GxE interactions for colorectal cancer 

(CRC).  We use data from the Functionally Informed Gene-environment Interaction (FIGI) study, 

a consortium that includes 108,649 subjects (51,350 CRC cases and 57,299 controls) drawn 

from 45 contributing studies. We focus on E=regular use of aspirin/NSAIDs (denoted NSAIDs 

from hereon), an exposure that has been repeatedly shown to reduce the risk of CRC17-19.  A 

total of 78,253 subjects (33,937 cases, 44,316 controls) have complete data on NSAIDs use 

and are included in the analyses.  Additional details of the study sample and definition of 

exposure are provided in Drew et al.19   

 

The most recent and largest GWAS of CRC identified 204 SNPs that reached genomewide 

significance16.  We apply the approaches described above to assess evidence that the PRS 

constructed from these SNPs interacts with NSAIDs to affect CRC risk.  The overall PRS was 

constructed by first applying logistic regression within the FIGI sample to the 204 GWAS SNPs, 

with adjustment for study, sex, age, and three ancestry PCs (approach #2 described above).  

The log-odds ratios (“betas”) estimated from this model were used as the weights [w] to 

construct a PRSi, i=1, …, N for each study subject.  To construct pPRS, we first used AnnoQ 

which successfully annotated 189 of the 204 SNPs to 265 protein-coding genes.  The remaining 

15 SNPs were mapped to non-coding genes and are ignored in this analysis. Application of 

PANTHER annotated 66 of the 265 genes to a total of 50 pathways (Figure 1), with pathways 

for the remaining 199 genes not identified. Among the 50 pathways, four of them included more 

genes than expected by chance alone at a false discovery rate (FDR) of 5%, identified by a 

Fisher’s Exact test in PANTHER (Table 2).  These included the TGF-/ signaling pathway (raw 

p=5.8x10-6), Alzheimer disease presenilin pathway (p=5.8x10-5), Gonadotropin-releasing 

hormone receptor pathway (p=4.8x10-5), and Cadherin signaling pathway (p=1.38x10-3).  A total 

of 30 of the 204 SNPs were annotated to genes in these pathways.  Subsets of the above PRS 
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weights were utilized to construct the corresponding four pPRS scores.  Logistic regression was 

used to estimate and test interactions, with adjustment for study, sex, age, and three principal 

components of ancestry.  For each of the four pPRS x E tests, we report p-values unadjusted for 

multiple comparisons, with the rationale that each pathway-based PRS was constructed in 

advance using auxiliary information.  The subsets of genes in the TGF- signaling (TGF-) 

pathway and Gonadotropin-releasing hormone receptor (GRHR) pathways are highly 

overlapped (Figure 2), as are genes in the Cadherin signaling (CADH) and Alzheimer’s disease 

presenilin(ALZ) pathways (Figure 3). These overlaps lead to significant correlations between the 

computed pPRS scores for TGF- and GRHR (R2=0.58) and for CADH and ALZ (R2=0.71). 

Given these overlaps, we also constructed two additional pPRS scores based on SNPs within 

the combined subsets of TGF-/GRHR genes and CADH/ALZ genes, respectively, and used 

analogous logistic regression models to test the corresponding pPRS x NSAIDs interactions.  
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