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Abstract
Motivation: Summary statistics from genome-wide association studies enable many valuable downstream analyses that are more efficient than
individual-level data analysis while also reducing privacy concerns. As growing sample sizes enable better-powered analysis of gene–environment
interactions, there is a need for gene–environment interaction-specific methods that manipulate and use summary statistics.

Results: We introduce two tools to facilitate such analysis, with a focus on statistical models containing multiple gene–exposure and/or gene–covari-
ate interaction terms. REGEM (RE-analysis of GEM summary statistics) uses summary statistics from a single, multi-exposure genome-wide interac-
tion study to derive analogous sets of summary statistics with arbitrary sets of exposures and interaction covariate adjustments. METAGEM
(META-analysis of GEM summary statistics) extends current fixed-effects meta-analysis models to incorporate multiple exposures from multiple
studies. We demonstrate the value and efficiency of these tools by exploring alternative methods of accounting for ancestry-related population
stratification in genome-wide interaction study in the UK Biobank as well as by conducting a multi-exposure genome-wide interaction study meta-
analysis in cohorts from the diabetes-focused ProDiGY consortium. These programs help to maximize the value of summary statistics from diverse
and complex gene–environment interaction studies.

Availability and implementation: REGEM and METAGEM are open-source projects freely available at https://github.com/large-scale-gxe-meth
ods/REGEM and https://github.com/large-scale-gxe-methods/METAGEM.

1 Introduction

Gene–environment interaction (GEI) analysis is a key tool
for understanding genetic impacts on human traits, with
the potential to account for additional heritability, explain
differences in genetic effects across populations, and sup-
port personalized lifestyle and therapeutic decisions.
Historically, GEI studies have taken a hypothesis-driven
approach, but larger cohorts (Werme et al. 2021), and
new software programs have provided the necessary

statistical power and computational efficiency to study
GEIs genome-wide (Gauderman et al. 2013, Bi et al.
2019, Kerin and Marchini 2020, Mbatchou et al. 2021,
Westerman et al. 2021, Zhong et al. 2023). These
genome-wide interaction studies (GWISs) generate sum-
mary statistics, or variant-level regression results, which
have substantial value beyond locus mapping. For exam-
ple, summary statistics allow for heritability analysis (Shin
and Lee 2021), enrichment testing (Werme et al. 2021),
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and genome-wide polygenic score generation (Westerman
et al. 2020, Werme et al. 2021).

GEI analysis and interpretation are complicated by the
densely correlated set of possible exposures that may interact
with genotypes to influence human traits (the “exposome,”
defined here as including demographic and physiologic traits).
Two modeling implications are particularly pertinent. First,
multi-exposure GEI analysis can increase statistical power by
jointly testing genetic interactions with multiple exposures
(Moore et al. 2019, Kerin and Marchini 2020). This strategy
can pool signals across distinct exposures (e.g. smoking status
and pollution exposure for lung function) or incorporate mul-
tiple definitions of a single-exposure category (e.g. current
smoking status and pack-years of smoking). Second, proper
control of confounding for GEI interaction terms requires ad-
justment for not just the main effects of covariates, but also
their genetic interactions (Keller 2014). Inclusion of these
“interaction covariates” is thus necessary to produce inter-
pretable summary statistics.

Rigorous GEI analysis carries complexities stemming from
its place at the center of traditional and genetic epidemiology.
Sensitivity analyses, while commonplace in traditional epide-
miology, are computationally burdensome when conducted
across millions of variants genome-wide. Meanwhile, well-
established meta-analysis procedures for genome-wide associ-
ation study (GWAS) summary statistics become more difficult
in the context of multi-exposure GEI models. Software pro-
grams do not yet exist to perform efficient meta-analysis in
the context of these complex analytical designs.

We introduce methods and associated software programs
to advance the field of genome-wide GEI analysis based on
summary statistics. While the statistical results are general,
the associated software implementations build on the results
from our previously described software program for efficient
GWIS, GEM (Gene-Environment interaction analysis for
Millions of samples) (Westerman et al. 2021). Exploiting the
redundancy of statistical estimates across related GEI models,
we introduce the REGEM (RE-analysis of GEM summary sta-
tistics) program to derive genome-wide summary statistics
corresponding to arbitrary multi-exposure and interaction co-
variate adjustments based on results from a single, multi-
exposure GWIS. Expanding current fixed-effect meta-analysis
models, we further introduce the METAGEM (META-analy-
sis of GEM summary statistics) program to conduct efficient
meta-analysis of GEI effects under complex GEI analysis
models. We demonstrate the value and efficiency of these
tools by exploring alternative methods of accounting for pop-
ulation stratification in GWIS in the UK Biobank as well as
by conducting a multi-exposure GWIS meta-analysis in
cohorts from the Progress in Diabetes Genetics in Youth
(ProDiGY) consortium.

2 Materials and methods

2.1 GEM method

We developed two Cþþ software programs that use sum-
mary statistics from GEI studies. REGEM requires output
from a single GEI study, while METAGEM requires output
from multiple GEI studies. Both programs are designed for
easy integration with output from GEM, but can use sum-
mary statistics from any GEI testing program that can output
effect estimate covariances. For a single-variant test of N

unrelated individuals, GEM considers the generalized linear
model:

g lið Þ ¼ XibX þGibG þ CibC þ SibS; (1)

for individual i, where li ¼ EðYijXi;GiÞ is the conditional mean
of the phenotype Yi given p covariates Xi (including the inter-
cept), and the genotype Gi for a single genetic variant. The inter-
action terms Ci and Si are the products of Gi and c covariates
and q exposures (which are disjoint subsets of Xi), respectively
(Westerman et al. 2021). Let Y ¼ ðY1 Y2 � � � YNÞT be a length
N vector of phenotypes, X ¼ ðX1

T X2
T � � � XN

TÞT be an N �
p matrix of p covariates, G ¼ ðG1 G2 � � � GNÞT be a length N

vector of genotypes for this single genetic variant, C ¼
ðC1

T C2
T � � � CN

TÞT be an N � c matrix of c gene–covariate
interaction terms, and S ¼ ðS1

T S2
T � � � SN

TÞT be an N � q
matrix of q gene–environment (exposure) interaction terms, we
can fit a null model without any genetic effects g lið Þ ¼ XibX

and get a length N residual vector r. Let G
�
¼

G�XðXTWXÞ�1XTWG, C
�
¼ C�XðXTWXÞ�1XTWC; and

S
�
¼ S�XðXTWXÞ�1XTWS be covariate X adjusted G, C; and

S, respectively, where W is a diagonal weight matrix with
elements l̂ið1� l̂iÞ for logistic regressions (l̂i are fitted proba-
bilities of Yi ¼ 1 from the null model) and an identity matrix for
linear regressions, GEM computes a length ð1þ cþ qÞ score
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�

C
�

S
�
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�
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where D is a diagonal matrix of squared residuals.
For M variants in a genome-wide scan, we retrieve the dis-

persion parameter estimate, /̂ (which is fixed at 1 for logistic
regressions and the residual variance estimate from the null
model for linear regressions), the genetic main effect, gene–co-
variate interaction effects and gene–environment (exposure)
interaction effects, as well as both model-based and robust
standard errors and covariances for G, C; and S. The effect
estimates are computed as b̂G;C;S ¼ V�1U. The full ð1þ cþ
qÞ � ð1þ cþ qÞ model-based and robust variance–covariance
matrices are computed as Covðb̂G;C;SÞ ¼ /̂V�1 and
CovRðb̂G;C;SÞ ¼ V�1XV�1, respectively. In the full output,
GEM (version 1.3 and later) reports the model-based and ro-
bust standard errors of effect estimates, which are the square
root of the diagonal elements of Covðb̂G;C;SÞ and
CovRðb̂G;C;SÞ, as well as the model-based and robust cova-
riances for these effect estimates [the off-diagonal elements of
Covðb̂G;C;SÞ and CovRðb̂G;C;SÞ].

2.2 REGEM method

Given the full summary statistics output from GEM (version
1.3 and later), the score vector U and matrices V and X, can
be reconstructed without access to individual-level data.
Utilizing /̂ and the matrices Covðb̂G;C;SÞ and CovRðb̂G;C;SÞ de-
scribed above, it follows that V ¼ /̂Cov�1ðb̂G;C;SÞ and
X ¼ VCovRðb̂G;C;SÞV. The score vector can then be recom-
puted as U ¼ Vb̂G;C;S.

REGEM supports two scenarios for re-analysis of a single
GEI study. The first scenario involves the exclusion of one or
more gene-covariate or GEI terms from the original model.
This is achieved by filtering U to exclude the specified gene-
covariate or GEI terms, resulting in the modified score vector
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_U . Subsequently, the matrices V and X are reduced to exclude
the corresponding rows and columns of the specified gene-
covariate or GEI terms, denoted _V and _X. The GEM method
can then be applied to _U , _V ; and _X to obtain new summary
statistics. In the second scenario, re-analysis can be performed
by conditioning on one or more GEI terms in the original
GEM analysis as gene–covariate interactions or testing one or
more gene–covariate interaction terms in the original GEM
analysis as GEI terms of interest. In either case, the ordering
of U is rearranged, denoted as €U , to incorporate the original
GEI terms into C or the original gene–covariate interaction
terms into S. The rows and columns of the matrices V and X
are also reordered and denoted as €V and €X. The GEM
method follows for €U , €V , and €X. Both scenarios can be ap-
plied simultaneously.

2.3 METAGEM method

METAGEM combines summary statistics from K indepen-
dent studies using the inverse-variance-weighted approach.
For individual studies k ¼ 1; 2; � � � ; K, with effect estimates
b̂k and the variance–covariance matrix Covk from the GEM
output (model-based or robust), the summary effect estimates
are computed as b̂ ¼ ð

PK
k¼1 Covk

�1Þ�1ð
PK

k¼1 Covk
�1b̂kÞ,

with the model-based or robust variance–covariance matrix
Cov ¼ ð

PK
k¼1 Covk

�1Þ�1.

2.4 REGEM comparison and benchmark

To demonstrate the computational benefits of REGEM, we
test and compare four variations of the waist–hip ratio
(WHR) model originally described by Westerman et al.
(2021). The original model is defined as follows (excluding
the array covariate and PC6–PC10):

WHR � Gþ sexþ ageþ age2 þ BMIþ PC1þ � � �
þPC5þG� sexþG� BMI;

(2)

where WHR is the phenotype, sex is the primary exposure of
interest, BMI is the interaction covariate, and age, age2, and
PC1–PC5 are the covariates. Here, we retrieved PCs calcu-
lated as part of the Pan-UKBB project (Pan-UKB team 2020;
https://pan.ukbb.broadinstitute.org). All terms in the model
were centered. First, we performed a genome-wide analysis of
the original model using GEM (version 1.5) using 362 449
unrelated European-ancestry participants, and filtered var-
iants with minor allele frequency (MAF) <0.001, leaving
16 539 280 variants for re-analysis. Next, we derived associ-
ated genome-wide summary statistics corresponding to varia-
tions of the original model using REGEM, comparing their
results and runtimes to simply re-running that same model
genome-wide using GEM. Supplementary Table S1 summa-
rizes the variations of the original models, including the origi-
nal model. These variations involve the joint testing of G �
sex and G � BMI (M1), testing for G � BMI while adjusting
for G � sex (M2), testing for G � sex while removing the G �
BMI term (M3), and testing for G � BMI while removing the
G � sex term (M4). All analyses were performed on the
DNAnexus platform using the mem1_ssd1_v2_x16 instance
type, and we reported the runtime and memory usage of each
run. The GEM and REGEM summary statistic comparisons
were visualized using the scattermore and ggplot2 R
packages.

2.5 METAGEM comparison and benchmark

To evaluate the computational efficiency of METAGEM, we
conducted a simulation study using phenotype and genotype
data from the Pan-UKBB (Pan-UKB team 2020). We ran-
domly split the phenotype data, which comprised 362 449
samples, into 11 datasets: one with 100 000 samples, two
with 50 000 samples, seven with 10 000 samples, and one
with 92 449 samples. For each dataset, we conducted a
genome-wide gene–sex interaction test and filtered out var-
iants with a MAF< 0.001, resulting in 15.46 to 16.85 million
variants per dataset, and a total of 17 993 341 unique variants
across all datasets. We then performed a gene–sex interaction
meta-analysis using METAGEM and the METAL software
(version 2010-02-08) (Willer et al. 2010) with the joint meta-
analysis patch (Manning et al. 2012) and compared the
results. Additionally, we conducted a genome-wide joint
gene–sex and gene–BMI interaction test for each dataset and
performed a meta-analysis using METAGEM to evaluate its
performance in the presence of multiple interaction terms. All
analyses were conducted on the DNAnexus platform using a
single core and the mem1_ssd1_v2_x16 instance type. We
reported the CPU time and memory usage for each analysis.
We used the scattermore and ggplot2 R packages to visualize
the comparison of summary statistics between METAGEM
and METAL.

2.6 Multi-exposure interactions influencing WHR in

the UK Biobank

Expanding the WHR analyses described above, we performed
multiple GWIS, with downstream analysis using REGEM and
METAGEM, to investigate genetic interactions with sex and
BMI across multiple ancestries. The primary model, run using
GEM, was conducted in unrelated individuals from multiple
ancestries (N¼ 379 092) and followed Model (2) above with
the addition of gene–ancestry interaction covariates. Ancestry
labels (AFR, AMR, CSA, EAS, EUR, and MID) were retrieved
from the Pan-UKBB effort and were coded using five indicator
variables, with EUR as the reference group. Using REGEM,
we then derived summary statistics corresponding to equiva-
lent single-exposure GWIS in the pooled-ancestry sample
(testing only gene–sex or only gene–BMI interactions, while
adjusting for only the main effect of the other). Additionally,
we ran ancestry-stratified, multi-exposure analyses (using the
same model but removing all covariate and interaction covari-
ate terms containing ancestry labels). These ancestry-stratified
analyses were then combined using METAGEM to generate
meta-analyzed, multi-exposure interaction tests for compari-
son to the results from the ancestry-pooled analysis.

To compare locus discoveries across analysis strategies (e.g.
ancestry-pooled versus cross-ancestry meta-analysis), we first
independently clumped summary statistics from each analysis
using a distance-based method that grouped variants within
500 kb of each lead variant. We then concatenated the
clumped results from the two analyses and performed a sec-
ondary clumping using the same strategy, such that clumped
loci in this second stage were considered to represent the same
locus.

2.7 ProDiGY dataset

ProDiGY is a multi-ethnic resource including three studies:
Treatment Options for Type 2 Diabetes in Adolescents and
Youth (TODAY Study Group et al. 2007), SEARCH for
Diabetes in Youth (SEARCH Study Group 2004), and T2D-
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GENES. In total, the dataset contains 2820 youth and 4858
adult cases with T2D, and 656 diabetes-free youth and 4934
adult controls after removing individuals with maturity-onset
diabetes of the young and type I diabetes. Samples were geno-
typed on the Infinium GWAS array by the Genetic Analysis
Platform at the Broad Institute of MIT and Harvard. Details
on quality control procedures for the genotype data have
been previously described (Srinivasan et al. 2021). Genotype
data were imputed on the TOPMed Imputation Server using
the TOPMed v2 reference panel. Variants passing an imputa-
tion quality threshold (R2) of 0.5 were retained for analysis.
Genetic ancestry groups were assigned to ProDiGY samples
based on genetic principal components analysis after merging
with the 1000 Genomes dataset.

2.8 Application multi-interaction to T2D in ProDiGY

To show the performance of METAGEM in the multi-GEIs with
a real and genome-wide study, we first used GEM to conduct a
multi-exposure gene–sex and gene–age interaction analysis for
incident T2D, separately within each genetic ancestry group in
two different comparisons: youth cases versus youth controls
(youth group) and adult cases versus adult controls (adult
group). Sex and age were both used as exposures and tested
jointly for interaction using robust standard errors. Covariates
included age, sex, and 10 genetic principal components.

T2D � Gþ sexþ ageþ PC1þ � � � þ PC10
þG� sexþG� age:

(3)

Using the full output from GEM, we performed cross-
ancestry meta-analysis using METAGEM in both youth
group and adult group analyses. We also conducted equiva-
lent single-exposure GWIS with sex and age separately for
comparison with the multi-exposure scan. Meta-analysis for
these single-exposure tests was conducted using METAL, for
both the joint (genetic plus interaction effect) test (patched
version 2010-02-08; the only version for which the patch is
available) and marginal test (version 2011-03-25) to conduct
the marginal meta-analysis test across genetic ancestry
groups. A threshold of P< 5� 10�8 was used to define
genome-wide significance.

3 Results

Figure 1 shows the suite of software tools described here in
the context of an analysis workflow, along with an example
set of associated statistical models.

3.1 REGEM computational performance

We compared results obtained from genome-wide interactions
tests using the REGEM and GEM methods across four dis-
tinct GEI models. The benchmark results are presented in

Figure 1. Large-scale GEI methods software suite and connections in the context of an analysis workflow. GEM (previously published) conducts GWISs

for single datasets. Given multi-exposure summary statistics from GEM (version 1.3 or later) or an alternative GEI testing program, REGEM can estimate

genome-wide summary statistics from an associated model that re-partitions any subset of exposures into interaction covariates and simple main effect

adjustments without interaction. Given multiple sets of summary statistics from GEM or an alternative GEI testing program and/or REGEM, METAGEM

conducts meta-analysis for any number of jointly tested exposures and interaction covariates.
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Table 1. For each model, REGEM completed a genome-wide
run in <6 min, while GEM required several CPU days to
achieve the same outcome. Additionally, re-analyses for multi-
ple interactions (M1 and M2) using REGEM took only about
a minute of additional CPU time compared to single-exposure
re-analyses (M3 and M4). Overall, REGEM saved consider-
able time, ranging from hours to days of computation time.
Moreover, the memory requirements for REGEM were mini-
mal, primarily depending on the number of GEI terms, which
are usually small. Finally, the effect and variance estimates
from REGEM were consistent with those obtained from
GEM for each of the four models (M1–M4) as shown in
Supplementary Figs S1–S4.

3.2 METAGEM computational performance

Genome-wide meta-analysis runs of �17.99 million variants,
derived from 11 simulated UKB datasets, were carried out us-
ing the METAGEM and METAL methods with a single core.
Table 2 summarizes the CPU time and memory usage of the
runs. For a single-exposure meta-analysis, METAGEM
showed a modest improvement in performance compared to
METAL, completing the run �2 min faster and using �1 GB
less memory. We note that METAGEM meta-analyzed all
17 993 341 variants, while METAL skipped 25 670 multi-
allelic variants that contained duplicate variant identifiers.
However, the impact of the skipped variants on the bench-
mark results was negligible. Model-based and robust meta-
analysis results from METAGEM and METAL are compared
in Supplementary Fig. S5. As expected, the summary statistics
and joint P-values were consistent between the two methods.
To test the performance of METAGEM in conducting meta-
analysis with multiple interactions, we performed genome-
wide joint meta-analysis with gene–sex and gene–BMI as the
interactions using METAGEM. As shown in Table 2,
METAGEM efficiently completed the run in an additional
�6 min of CPU time and <1 GB of additional memory com-
pared to the single-exposure meta-analysis.

3.3 Accounting for ancestry in pooled analysis of

WHR

In order to test the functionality of REGEM and METAGEM
on real datasets, we further explored the expanded WHR GWIS
model used for benchmarking. The primary analysis tested

genetic interactions with two exposures (sex and BMI) in a
pooled dataset containing six ancestry groups. Without addi-
tional adjustments, this pooled dataset produced highly inflated
summary statistics (genomic inflation lambda¼ 5.35), but after
inclusion of interaction covariates (gene–ancestry and exposure–
ancestry interaction terms), this inflation was reduced to a level
identical to that of a European ancestry-only analysis
(lambda¼ 1.18 for both; Fig. 2a). This lambda value is reason-
able for a highly polygenic trait with known sex dimorphism,
comparable to our prior observations, and consistent with
expectations for analogous main effect GWAS after accounting
for differences in statistical power (Westerman et al. 2021). This
properly-adjusted pooled analysis uncovered 55 independent
loci using a standard genome-wide significance threshold of
5�10�8. Using REGEM to produce equivalent single-exposure
interaction tests (sex or BMI), we saw that the sex-only GWIS
revealed a highly overlapping set of loci (57 loci in total, 47 of
which overlapped loci from the multi-exposure test), while the
BMI-only GWIS revealed many fewer (six loci in total, five of
which overlapped loci from the multi-exposure test; Fig. 2b).

Using METAGEM, we then conducted a meta-analysis of
six ancestry-specific GWIS, finding 54 total loci, all of which
overlapped loci from the primary ancestry-pooled analysis
(Fig. 2c). This high concordance reinforces two conclusions.
First, proper adjustment for interaction covariates can allow
rigorous pooled-ancestry GWIS and avoid the need for strati-
fication. Second, in situations where pooled analysis is not
possible for logistical or analytical reasons, the ability to ad-
just for interaction covariates and possibly include multiple
exposures in conducting GWIS meta-analysis can be critical
for proper interpretation and control of inflation.

3.4 Sex and age interaction effects on T2D in the

ProDiGY dataset

We performed a genome-wide, multi-exposure test of sex and
age interactions affecting T2D analysis in the ProDiGY data-
set, separately in the youth (youth cases versus youth con-
trols) and adult (adult cases versus adult controls) subsets.
After cross-ancestry meta-analysis, we did not detect any sig-
nificant signals using the interaction test, but using the joint
test found eight independent loci passed the genome-wide sig-
nificance threshold in the youth group (Supplementary Table
S2) and three loci in the adult group (Supplementary Table
S3). Of the eight loci in the youth group, two were known
associations, at TCF7L2 (pjoint¼ 1.30� 10�9) and MC4R
(pjoint¼ 9.22� 10�9). Only one, rs7903146 at TCF7L2,
showed a significant effect in the marginal genetic effect test
(excluding interaction effects). Six of the eight signals were
not reported in previous T2D GWAS studies (as per the
Common Metabolic Disease Knowledge Portal). One variant,
rs114578532, upstream of FGF6, passed the genome-wide
significance threshold in the marginal test (pmarginal¼
2.18� 10�8), but not joint test (pjoint¼ 7.25�10�7). These

Table 1. Genome-wide re-analysis benchmark comparison between GEM and REGEM.

Benchmark GEM REGEM

M1 M2 M3 M4 M1 M2 M3 M4

CPU time (min) 13 972.17 13 618.44 10 959.33 10 994.26 5.22 5.20 4.43 4.06
Memory (MB) 2325.37 2342.48 2188.14 2188.14 13.66 13.64 11.43 11.63

Table 2. Genome-wide meta-analysis benchmark between METAL and

METAGEM for 17 993 341 variants using a single core.

Benchmark METAL METAGEM

1 � exposure 1 � exposure 2 � exposures

CPU time (min) 16.38 14.38 19.55
Memory (GB) 7.10 6.11 6.96
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signals, with the exception of TCF7L2, did not show strong
effects in the adult group analysis. In the adult cases versus
adult controls comparison, out of three signals, two were
known to be associated with T2D and also showed statistical
significance in the marginal test (rs35198068 at TCF7L2 and
rs2237892 at KCNQ1). The third locus, with lead variant
rs62287662 within an intron of KCNAB1, has not been pre-
viously associated with T2D (pjoint¼ 1.79� 10�8;
pinteraction¼ 6.27� 10�8). KCNAB1 encodes a protein in-
volved in diverse functions including heart rate and insulin se-
cretion. This locus did not show meaningful association in the
youth group analysis.

To evaluate the added value of multi-exposure analysis,
we ran analogous single-exposure meta-analyses, separately
for sex and age. Of eight multi-exposure signals in the youth
group joint test, we found that five reached significance in
the sex-only analysis (plus two additional signals) and three
in the age-only analysis (plus one additional signal) (Fig. 3).
In the adult group, two of three loci were found in all three
models, with the third found in both the multi-exposure and
age-only tests but not the sex-only test (Supplementary
Fig. S6).

4 Discussion

GEI studies are becoming increasingly challenging due to com-
plex structured models involving multiple interaction terms.
Here, we introduce two software programs, REGEM and
METAGEM, to enable further downstream analysis of such
studies using only summary statistics. They integrate easily with
the GEM program, but are designed to allow for input from
any alternative GEI testing program that can produce suffi-
ciently detailed summary statistics. We show that both pro-
grams are much more computationally efficient than the
corresponding individual-level data analyses and validate their
results in comparison to existing software options. Additionally,
we demonstrate how REGEM and METAGEM can be applied
to improve GEI studies related to anthropometric traits in the
UK Biobank and diabetes in the ProDiGY resource.

REGEM is a powerful tool that exploits the GEM methodol-
ogy to enable rapid estimation of genome-wide summary statis-
tics for any re-partition of a set of exposures and interaction
covariates. One potential application of REGEM is in sensitivity
analyses, a common epidemiological tool used to assess genetic
confounding. In our analysis, we demonstrate that proper

Figure 2. Results from multi-exposure, multi-ancestry GWIS for WHR. (a) Quantile–quantile plots display observed versus expected P-values for selected

analyses. (b) Results from REGEM-derived, single-exposure GWIS results for sex (top panel) and BMI (bottom panel). Scatter plots compare P-values

between single- and multi-exposure interaction tests and Venn diagrams display the overlap in independent loci discovered using single- and multi-

exposure interaction tests. (c) As in (b), but replacing REGEM-derived, single-exposure results with METAGEM-derived, multi-ancestry meta-analysis

results.
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adjustment for interaction covariates can significantly reduce
highly inflated summary statistics and increase the discovery of
genetic loci. Such discoveries could have been missed due to the
computational expense of repeated genome-wide calculations on
individual-level data. While recent algorithms have enabled
multi-threading capabilities (Chang et al. 2015, Westerman
et al. 2021), high-performance computing, and cloud environ-
ments enable parallel genome-wide analysis, the pre-processing
time required to set up these environments may add additional
computational time and financial cost to individual-level ge-
nome-wide analysis. In our REGEM benchmark study, we show
that by avoiding repeated computation on individual-level data,
a genome-wide re-analysis can be completed within minutes, re-
quiring minimal computation resources while still producing
valid summary statistic results. REGEM is lightweight and can
be run on local machines, greatly reducing runtime and cost
compared to an equivalent individual-level data analysis.

Additionally, REGEM can also serve as a valuable pre-
processing tool to harmonize summary statistics results from
multiple GEI studies for downstream meta-analysis. This is
particularly valuable in situations where different studies may
test different combinations of exposure and interaction cova-
riates. For instance, one study may jointly test G � sex and G
� BMI, while another may only test G � sex. By applying
REGEM to the first study, summary statistics from a model
testing only G � sex can be obtained without having to re-
analyze individual-level genotypes in that study. The resulting
summary statistics from both studies can then be combined
for meta-analysis without sharing individual-level data.
Traditionally, harmonizing data from multiple GEI studies
has been challenging due to lack of data sharing, privacy pro-
tection issues and logistics in data transportation and storage
of individual-level data (Reales and Wallace 2023). Summary
statistics-based algorithms help bypass such restrictions to fa-
cilitate collaborative research, and REGEM helps extend this
family of tools to the GEI space.

Various GEI software programs can fit models with multiple
interaction terms (Lin et al. 2014, Chang et al. 2015,
Westerman et al. 2021). However, limited statistical power
remains a challenge, requiring larger study cohorts, especially in
underrepresented populations (Laville et al. 2022). By enabling
more flexible summary statistic-based meta-analysis,
METAGEM provides an alternative strategy toward increasing
overall sample size and statistical power for such analyses. For a
single-exposure meta-analysis without gene-by-covariate interac-
tions, existing software options, such as the popular METAL
program, are adequate. However, a nuanced set of considera-
tions are required to determine whether it is appropriate to in-
clude additional terms in meta-analysis, whether related to
additional exposure terms, gene-by-covariate interactions (Keller
2014), or genetic main effects (Laville et al. 2022). For multiple
interaction meta-analysis, METAGEM demonstrated efficient
CPU time, though large memory space is required for larger
numbers of interaction terms and unique variants across studies.

By facilitating more comprehensive, genome-wide analyses
and meta-analyses involving interactions using only summary
statistics, REGEM and METAGEM enable researchers to
maximize the value of GWISs while minimizing computa-
tional time. A few limitations should be noted. Firstly, the
GEM model corrects for standard covariates by removing
them from the genotype and interaction matrices in a single
projection step. While this approach improves computational
performance of the primary GWIS considerably, it also takes
away the possibility of modifying covariate main effect adjust-
ments in subsequent re-analysis. Any such modification (e.g.
seeking an interaction effect while completely removing a co-
variate main effect from the statistical model) would require a
new analysis using individual-level data. Additionally, while
REGEM has been shown to produce results that are consis-
tent with those of GEM, improper GEI analysis using GEM,
particularly in the case of rare variants, can lead to spurious
summary statistics results, and may invalidate re-analysis

Figure 3. Results from multi-exposure GWIS for incident T2D in the ProDiGY youth cohort. Venn diagram displays overlap between loci discovered at

genome-wide significance using the joint test of genetic and interaction effects (pjoint¼ 5� 10�8), from each of: sex-only, age-only, and multi-exposure

(sex and age) analyses. Variants are labeled according to the closest gene, and colors correspond to the test(s) in which significance was achieved:

marginal genetic effect (light blue), joint genetic effect (dark blue), or both joint and marginal genetic effects (red).
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results. Therefore, researchers must ensure valid summary sta-
tistics (e.g. well-controlled genomic inflation) are generated
from GEI methods before performing a re-analysis. In this
vein, it is also important that study-specific interaction terms to
be meta-analyzed have equivalent interpretations; e.g.
METAGEM cannot conduct valid meta-analysis when there are
discrepant study-specific variable coding choices in terms of ex-
posure (and covariate) centering. Finally, the current
METAGEM implementation does not allow for extensions,
such as aggregate tests of rare variants. Meta-analysis of such
aggregate tests for GEI is available in the MAGEE tool (Wang
et al. 2022), and further power and computational efficiency
may be gained by leveraging genomic annotations and sparse
weighted linkage disequilibrium (LD) matrices, following
approaches, such as MetaSTAAR (Li et al. 2023) and using lat-
est LD references provided by TOP-LD (Huang et al. 2022).

In summary, we have introduced REGEM and
METAGEM for further complex downstream analysis of GEI
studies. REGEM and METAGEM, along with our GEM tool
for genome-wide interaction analysis and corresponding
workflows for reproducible and scalable deployment in cloud
computing environments, are publicly available at (https://
github.com/large-scale-gxe-methods). The suite of tools, in-
cluding GEM, REGEM, and METAGEM, provides key soft-
ware infrastructure for maximizing the utility of summary
statistics from diverse and complex GEI studies.
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