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Accounting for genetic effect heterogeneity
in fine-mapping and improving power to
detect gene-environment interactions with
SharePro

Wenmin Zhang 1,2 , Robert Sladek1,3,4, Yue Li 1,5, Hamed Najafabadi 1,3,4 &
Josée Dupuis 1,6

Classical gene-by-environment interaction (GxE) analysis can be used to char-
acterize genetic effect heterogeneity but has a high multiple testing burden in
the context of genome-wide association studies (GWAS). We adapt a colocali-
zation method, SharePro, to account for effect heterogeneity in fine-mapping
and identify candidates for GxE analysis with reduced multiple testing burden.
SharePro demonstrates improved power for both fine-mapping and GxE ana-
lysis compared to existingmethods aswell aswell-controlled false type I error in
simulations. Using smoking status stratified GWAS summary statistics, we
identify genetic effects on lung function modulated by smoking status that are
not identified by existing methods. Additionally, using sex stratified GWAS
summary statistics, we characterize sex differentiated genetic effects on fat
distribution. In summary, we have developed an analytical framework to
account for effect heterogeneity in fine-mapping and subsequently improve
power for GxE analysis. The SharePro software for GxE analysis is openly
available at https://github.com/zhwm/SharePro_gxe.

Genome-wide association studies (GWAS) have led to the identifi-
cation of numerous genetic loci significantly associated with com-
plex traits and diseases1–4. Some genetic loci demonstrate different
associations with traits and diseases in subpopulations defined
by sex, environmental or lifestyle exposure status5. For example,
the associations between variants in the NAT2 locus and
bladder cancer have different magnitudes in smokers and never
smokers6. Characterizing such genetic effect heterogeneity can
be useful in understanding biological mechanisms underlying
disease heterogeneity within a population and further pinpointing
modifiable risk factors for prevention and management of complex
diseases7.

Genetic effect heterogeneity can be characterized through gene-
by-environment interaction (GxE) analysis. GxE analysis is often per-
formed by including both main effects of a genetic variant and the
exposure, as well as a variant-by-exposure interaction term, one var-
iant at a time, in a regressionmodel. Alternatively, in themeta-analysis
context, if exposure-stratified GWAS summary statistics are available,
the heterogeneity test may also be performed to detect GxE8. How-
ever, due to a high multiple-testing burden, a large sample size is
usually required to achieve sufficient power to detect GxE in the con-
text of GWAS.

A promising approach for reducing multiple testing burdens in
the context ofGWAS is fine-mapping, a statistical procedure to identify

Received: 27 July 2023

Accepted: 21 October 2024

Check for updates

1Quantitative Life Sciences Program, McGill University, Montréal, Canada. 2Montreal Heart Institute, Montréal, Canada. 3Department of Human Genetics,
McGill University, Montréal, Canada. 4Dahdaleh Institute of Genomic Medicine, McGill University, Montréal, Canada. 5School of Computer Science, McGill
University, Montréal, Canada. 6Department of Epidemiology, Biostatistics and Occupational Health, McGill University, Montréal, Canada.

e-mail: wenmin.zhang@mail.mcgill.ca; josee.dupuis3@mcgill.ca

Nature Communications |         (2024) 15:9374 1

12
34

56
78

9
0
()
:,;

12
34

56
78

9
0
()
:,;

http://orcid.org/0000-0002-4472-8859
http://orcid.org/0000-0002-4472-8859
http://orcid.org/0000-0002-4472-8859
http://orcid.org/0000-0002-4472-8859
http://orcid.org/0000-0002-4472-8859
http://orcid.org/0000-0003-3844-4865
http://orcid.org/0000-0003-3844-4865
http://orcid.org/0000-0003-3844-4865
http://orcid.org/0000-0003-3844-4865
http://orcid.org/0000-0003-3844-4865
http://orcid.org/0000-0003-2735-4231
http://orcid.org/0000-0003-2735-4231
http://orcid.org/0000-0003-2735-4231
http://orcid.org/0000-0003-2735-4231
http://orcid.org/0000-0003-2735-4231
http://orcid.org/0000-0003-2871-3603
http://orcid.org/0000-0003-2871-3603
http://orcid.org/0000-0003-2871-3603
http://orcid.org/0000-0003-2871-3603
http://orcid.org/0000-0003-2871-3603
https://github.com/zhwm/SharePro_gxe
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-53818-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-53818-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-53818-w&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-024-53818-w&domain=pdf
mailto:wenmin.zhang@mail.mcgill.ca
mailto:josee.dupuis3@mcgill.ca
www.nature.com/naturecommunications


causal variants from GWAS summary statistics and linkage dis-
equilibrium (LD) information9–11. With fine-mapped variants, we can
effectively reduce the number of tests required in GxE analysis. How-
ever, fine-mapping methods usually focus on the inference of causal
configurations and do not assess or account for genetic effect het-
erogeneity, which limits their utility in GxE analysis.

In this work, we adapt SharePro, an accurate and efficient
colocalization method that we recently developed12, to account
for effect heterogeneity in fine-mapping and subsequently improve
power for GxE analysis. We evaluate the performance of SharePro
for fine-mapping in different settings of effect heterogeneity
through simulations and compare SharePro with classical methods
for GxE analysis in terms of power and empirical false discovery
rate (FDR). Furthermore, we examine the utility of SharePro
in identifying genetic effects on lung function modulated
by smoking status using smoking status stratified GWAS summary
statistics. Moreover, we use SharePro to characterize genetic effect
heterogeneity in fat distribution with sex stratified GWAS summary
statistics.

Results
SharePro for GxE analysis
SharePro (Fig. 1) takes exposure-stratified GWAS summary statistics
as input. By integrating statistical evidence from subpopulations
with different exposure statuses, SharePro can effectively identify
causal variants that are either shared or specific to different expo-
sure categories, reducing the multiple testing burden in GxE
analysis.

Specifically, similar to the original SharePro method for colo-
calization analysis12, we use effect groups to align causal signal
across exposure stratified GWAS summary statistics, thereby
accounting for the uncertainty associated with identifying causal

variants due to LD. We assume that there are up to K causal
signals for a phenotype y across subpopulations with different
exposure categories within a locus containing G variants. For the kth

causal signal, we use an effect group indicator sk to represent the
causal variant and other variants that are highly correlated with it:

sk � Multinomial 1, 1G× 1 ×
1
G

� �

We use cke to represent the causal status of the kth effect group in the
subpopulation with the eth exposure category:

cke � BernoulliðσÞ

Additionally, we use βke to represent the effect size of the kth effect
group in the eth exposure category:

βke � N ð0, τ�1
β Þ

With the genotype matrix and the phenotype in the subpopulation
with the eth exposure category denoted as Xe and ye, we have:

ye � N Xe

X
k

skβkecke, τ
�1
y I

 !

Here, τβ, τy and σ are hyperparameters in the model. We use similar
strategies for estimating hyperparameters as in our previous work11,12

detailed in Supplementary Notes. Using an efficient variational infer-
ence algorithm adapted for GWAS summary statistics11–14, we can
obtain variant-level fine-mapping results (posterior inclusion prob-
abilities, PIP) and identify effect groups for GxE analysis as detailed in
Supplementary Notes.

Fig. 1 | SharePro for GxE analysis.We showcase three settings of effect hetero-
geneity in a population with three environmental exposure statuses. In setting 1,
with similar effect sizes across three exposure categories, this genetic effect can be
well-characterized through combined GWAS and fine-mapping of the combined
GWAS summary statistics. The stratified approaches might not be well-powered
due the relatively small sample sizes in each category. Nevertheless, with SharePro,
we can fine-map this genetic effect from exposure stratified GWAS summary sta-
tistics and assess its effect heterogeneity. In setting 2, with moderate effect size
discrepancy, this genetic effect may be characterized through the combined

approaches but the joint approaches will have a higher power. Classical GxE ana-
lysis canbeunderpowereddue to ahighmultiple testingburden.With SharePro,we
can first fine-map this genetic effect from exposure stratified GWAS summary
statistics and then characterize its effect heterogeneity. With reduced multiple
testing burden, we can effectively detect GxE in this setting. In setting 3, the
combined approaches can no longer adequately characterize the genetic effect as
two exposure categories demonstrates opposite effect sizes.With SharePro,wecan
accurately fine-map this genetic effect and detect its effect heterogeneity. GWAS,
genome-wide association study; GxE, gene-environment interaction.
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Accounting for effect heterogeneity improved power for fine-
mapping
To examine the benefits of accounting for effect heterogeneity in fine-
mapping, we conducted simulation studies with varying sample sizes
(Ne and Nu), effect sizes (βe and βu) and number of causal variants (KC).
As expected, in the presence of simulated effect heterogeneity
(βe ≠ βu), the 2-df association test, which accounts for effect hetero-
geneity, exhibited a higher AUPRC compared to the 1-df association
test. SharePro fine-mapping accounted for both effect heterogeneity
and LD, thereby achieving the highest AUPRC. For example, with three
causal variants having anopposite effectdirection andequal effect size
in the exposed and the unexposed category of equal sample size
(Ne=Nu = 25, 000; βe =0.05; βu = −0.05 and KC = 3), the 1-df associa-
tion test and the combined fine-mapping of the main effect with
SparsePro and SuSiE both had an AUPRC <0.01, close to the AUPRCof
a randompredictor (Fig. 2 andSupplementaryData 1), because variant-
phenotype associations in the overall population were not detectable.
In contrast, the 2-df association test achieved amedian AUPRC of 0.34,
while SharePro fine-mapping achieved a median AUPRC of 0.95 (Fig. 2
and Supplementary Data 1).

As the opposing effect (βu) weakened and the combined effect in

the overall population Neβe +Nuβu
Ne +Nu

� �
increased, the performance differ-

ences between methods using the joint approaches and those

employing the combined approaches attenuated. For example, with
causal variants having a effect size discrepancy of 0.07 (βe = 0.05;
βu = −0.02; Ne =Nu = 25, 000 and KC = 3), SharePro fine-mapping had a
median AUPRC of 0.92 while combined fine-mapping with SuSiE and
SparsePro had a median AUPRC of 0.22 and 0.27, respectively (Fig. 2
and Supplementary Data 1). Meanwhile, 2-df association test achieved
a median AUPRC of 0.32 and 1-df association test only had a median
AUPRC of 0.09 (Fig. 2 and Supplementary Data 1). When the effect size
difference decreased to 0.05 (βe =0.05; βu = 0.00), SharePro fine-
mappingmaintained amedianAUPRCof 0.91 and SuSiE and SparsePro
achieved amedian AUPRC of 0.77 and 0.80 (Fig. 2 and Supplementary
Data 1). Furthermore, as the effect heterogeneity decreased with
reduced sample size of the unexposed category, the performance
differences also attenuated. For example, with three causal variants
having an opposite effect in the exposed category and the unexposed
categoryof unequal sample sizes (Ne = 25,000;Nu= 10,000; βe = 0.05;
βu = − 0.05 and KC = 3), the median AUPRC of SharePro fine-mapping
was 0.93 while the median AUPRC of SuSiE and SparsePro were 0.40
and 0.39 (Fig. 2 and Supplementary Data 1). With a smaller sample size
for the unexposed category (Nu = 5000), the median AUPRC of
SharePro fine-mappingwas 0.92 while themedian AUPRC of SuSiE and
SparsePro were 0.81 and 0.82 (Fig. 2 and Supplementary Data 1).

These trends were consistent when there was one or two causal
variants (Supplementary Figs. 1–2 and Supplementary Data 1).
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Fig. 2 | Accounting for effect heterogeneity improved power for fine-mapping.
Area under precision-recall curve (AUPRC) in simulation settings with 3 causal
variants per locus (KC = 3) is displayed. Rows represent different effect size dis-
crepancies with βe and βu corresponding to effect size in the exposed and the
unexposed category, respectively. Columns represent different sample size set-
tings with Ne and Nu corresponding to sample size in the exposed and the

unexposed category, respectively. 1-degree of freedom (1-df) and 2-df tests were
implemented in GEM. SuSiE and SparsePro were applied to the combined GWAS of
the main effect (i.e. 1-df tests). Each dot indicates the AUPRC based on one of the
three randomly selected loci, aggregating 50 simulation replicates under the cor-
responding simulation setting. Detailed statistics are provided in Supplemen-
tary Data 1.
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Meanwhile, SharePro achieved the highest AUROC close to 1 across all
simulation settings while the other methods could have a low AUROC
in the presence of strong effect heterogeneity (e.g. Ne =Nu= 25000;
βe =0.05; βu = − 0.05; Supplementary Figs 3–5 and Supplemen-
tary Data 2).

SharePro demonstrated improved power in GxE analysis
Wenext examined theutility of SharePro inGxE analysis andcompared
it to LD clumping, COJO and variant-level GxE analysis. First, without
effect heterogeneity (βe = βu =0.05), all methods provided calibrated
p-values with well-controlled type I error in different simulation set-
tings and under various significance thresholds (Supplementary
Data 3).With addtional 50,000 replications, the SharePro effect-group
level GxE p-value maintained calibration at lower significance levels
(Supplementary Fig. 6).

Importantly, SharePro consistently achieved the highest power
with the lowest empirical FDR when there is effect heterogeneity. For
example, when the effect size discrepancy between the exposed and
the unexposed (βe − βu) was large (βe = 0.05, βu= −0.05 andKC = 3), at

a p-value cutoff of 0.01, all methods achieved a similar power close to 1
(Fig. 3 and Supplementary Data 4). However, multiple testing cor-
rected variant-level GEM p-value still had an empirical FDR of 0.98
(Fig. 3 and Supplementary Data 4). In contrast, the SharePro effect-
group level GxE p-value had the lowest empirical FDR of 0.01 while the
SharePro GxE p-value mapped to top variants in effect groups
(SharePro variant) had an empirical FDR of 0.13 (Fig. 3 and Supple-
mentary Data 4).

With smaller effect size discrepancy (βe − βu), SharePro main-
tained a high power with a low FDR, whereas other methods had
decreased power. For instance, in the simulation setting with three
causal variants having a effect size discrepancy of 0.03 between the
exposed and the unexposed category of equal sample size (βe =0.05;
βu =0.0; Ne =Nu = 25000 and KC = 3) (Fig. 3 and Supplementary
Data4), SharePro achieved a power of 0.81 with an empirical FDR of
0.19 at the variant-level and a power of 0.98 with an empirical FDR of
0.02 at the effect group-level. After multiple testing correction, GEM
had a power of 0.91 with an empirical FDR of 0.91 while both lead
variants identified by COJO and LD-clumping achieved a power of 0.38
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Fig. 3 | SharePro demonstrates improved power in GxE analysis. Power and
empirical false discovery rate (FDR) in GxE analysis are derived with a Benjamini-
Hochberg-corrected two-sided p-value cutoff of 0.01 with 3 causal variants per
locus (KC = 3). Rows represent different effect size discrepancies with βe and βu
corresponding to effect size in the exposed and the unexposed category, respec-
tively. Columns represent different sample size settings with Ne and Nu corre-
sponding to sample size in the exposed and the unexposed category, respectively.

Variant-level GxE analysis was implemented in GEM. LD clumping (Clump) and
conditional and joint (COJO) analysiswereperformedusing the combinedGWASof
the main effect. Each dot indicates the performance metrics aggregating all three
randomly selected loci, each having 50 simulation replicates under the corre-
sponding simulation setting. Detailed statistics are provided in Supplementary
Data 4. Calculations of power and empirical FDR for each method are described in
Methods.
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with an empirical FDR of 0.24 (Fig. 3 and Supplementary Data 4). This
trend is similar with different number of causal variants (Supplemen-
tary Figs. 7–8 and Supplementary Data 4).

SharePro differs from classical GxE methods in that it uses joint
fine-mapping to reduce the multiple testing burden. We illustrate the
importance of this difference with a simulation example (βe = 0.05;
βu =0.02; Ne =Nu = 25000, KC = 1) shown in Fig. 4. In this example, the
association test in the exposed and the unexposed categories exhib-
ited clear differences (Fig. 4A) and the GxE test in GEM accurately
detected the simulated effect heterogeneity (Fig. 4B). However, the
power for this test diminished after adjusting for multiple testing
(Fig. 4B). In contrast, SharePro identified a candidate effect group
through joint fine-mapping (Fig. 4C), thus avoiding testing on every
variant, resulting in a successful GxE detection (Fig. 4D).

SharePro identified genetic effects on lung function modulated
by smoking status
Based on smoking status stratified GWAS for FFR, we investigated
genetic effects on lung function modulated by smoking status. Across
current smokers, past smokers and never smokers, we identified 375
effect groups associated with lung function (Supplementary Data 5).
The genome-wideGxE analysis only detected genome-wide siginificant
(p-value < 5.0 × 10−8) effect heterogeneity mapped to the CHRNA3
gene comparing current smokers versus past smokers, current

smokers versus never smokers, and past smokers versus never smo-
kers (Fig. 5A). This GxSmoking interaction has been reported in
literature15.

With SharePro, we also detected an effect group mapped to the
CHRNA3 gene (Fig. 5B), along with five additional effect groups with
variants demonstrating different genetic effects on lung function in
current smokers, past smokers and never smokers (Fig. 5C). In con-
trast, none of the lead variants detected by COJO and LD-clumping
demonstrated significant effect heterogeneity after multiple testing
correction (Supplementary Fig. 9).

Interestingly, the estimated effect sizes of these effect groups
across different smoking statuses suggest potential mechanisms of
GxSmoking. The effect group mapped to the CHRNA3 gene demon-
strated a large effect size in current smokers, a moderate effect size in
past smokers and a minimal effect size in never smokers (Fig. 5C). The
CHRNA3 gene is known to play a significant role in nicotine depen-
dence and smoking behaviors16–19. Our results indicated that the
genetic effect of CHRNA3 on lung function may be mediated by
smoking, aligning with its biological function. Moreover, the effect
groups mapped to the PRICKLE1 and the AMZ2 genes demonstrated
association with FFR in current smokers but not in previous or never
smokers, while the other effect groups exhibited more complex pat-
terns of GxSmoking interaction (Fig. 5C). PRICKLE1 is an important
regulator in the Wnt signaling pathway, which plays a crucial role in

Fig. 4 | SharePro reduces multiple testing burden in GxE analysis. A Exposure
stratified GWAS summary statistics in one simulation setting (βe = 0.05; βu =0.02;
Ne =Nu = 25, 000, KC = 1). Each dot represents a variant and the color indicates its
squared correlation with the causal variant. B GEM GxE p-values and Benjamini-
Hochber (BH)-adjusted GEM GxE p-values. After multiple testing corrections,

classical GxE analysis had insufficient power to detect effect heterogeneity.
C Posterior inclusion probabilities in SharePro fine-mapping. Two variants in high
LD were identified in an effect group. D The GxE p-value for the effect group
identified inShareProfine-mapping, representedby the top variantwith the highest
posterior inclusion probability in this effect group. All p-values are two-sided.
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inflammation and immune response, as well as development and
repair of lung tissues20–22. Although AMZ2 (archaelysin family metal-
lopeptidase 2) has not been extensively studied, other human metal-
loproteases have been implicated in the regulation of airway
inflammation23,24. Further investigations are necessary to confirm
whether smoking-induced inflammation may disrupt such reg-
ulatory roles.

We repeated the analyzes using inverse normal transformed FFR
and obtained highly consistent results (Supplementary Fig. 10).

SharePro improved characterization of sex differentiated
genetic effects on fat distribution
Based on sex stratified GWAS for WHRadjBMI, we investigated sex
differentiated genetic effects on fat distribution and identified 334
effect groups associated with WHRadjBMI (Supplementary Data 6). Of
these effect groups, 98 demonstrated effect group-level significance,
including 47 demonstrating genome-wide significance (Supplemen-
tary Data 6).

Effect groups demonstrated significant GxSex were mapped to
genes thatplay important roles in adipose cell biology (Supplementary
Data 6). For example, COBLL1 has been shown to play a crucial role in
actin cytoskeleton remodelling during the differentiation of metabo-
lically active and insulin-sensitive adipocytes25 and has been observed
to exhibit sex dimorphic expression25. Recent research indicates
RSPO3 can impact body fat distribution by regulating the expansion of
gluteofemoral adipose tissue26 while estrogen is a key regulator of
adipogenesis for gluteofemoral adipocytes27–29. Additionally, KLF14 is a
transcription factor that regulates gene expression in adipose tissue30.
Recent studies have demonstrated that KLF14 can increase adiposity
and redistribute lipid storage in female mice, but not in male mice31.
Moreover, SharePro identified an effect group with one variant
rs1534696, mapped to the SNX10 gene, demonstrating significant
GxSex in WHRadjBMI (p-value = 6.0 × 10−16; Supplementary Data 6).
This variant has been shown to regulate diet-induced adipose expan-
sion in female mice, but not in male mice32.

We then assessed whether these sex differentiated genetic effects
could be partially attributed to known factors of sex differences,

including sex hormones and lipid metabolism. We observed that the
top variants from effect groups demonstrating GxSex in WHRadjBMI
tended to have sex differentiated effects on SHBG level (Spearman
correlation =0.42; p-value = 1.5 × 10−15; Fig. 6A). In contrast, the cor-
relation between sex differentiated genetic effects onWHRadjBMI and
sex differentiated genetic effects on bioavailable testosterone was
weak (Spearman correlation = 0.05; p-value = 0.35; Fig. 6B). Since
SHBG regulates both testosterone and estrogen33, these results indi-
cate that estrogen plays amore important role in sex differences of fat
distribution. This aligns with the observation that most sex differ-
entiated effect groups had a higher effect size in females (Supple-
mentary Data 6) and supports the existing understanding that
estrogen, rather than testosterone, promotes and maintains gluteo-
femoral fat distribution in females27–29. Furthermore, sex differentiated
genetic effects on WHRadjBMI were more correlated with sex differ-
entiated genetic effects on TG (Spearman correlation = 0.32; p-
value = 3.5 × 10−9; Fig. 6C) than LDL (Spearman correlation =0.24; p-
value = 1.3 × 10−5Fig. 6D) and HDL (Spearman correlation =0.16; p-
value = 3.0 × 10−3Fig. 6E). Notably, effect groups mapped to hormone
receptor coding genes with important roles in the control of feeding
behaviors34–36, such as LHCGR, were effect group-level Bonferroni sig-
nificant, which would not have been identified using the genome-wide
significance threshold (Fig. 6C). After adjusting for levels of SHBG or
lipids in the WHRadjBMI GWAS, the estimated GxSex interaction
effects attenuated, though did not disappear (Supplementary Fig. 11),
supporting that sex differentiated genetic effects on fat distribution
may partially act through these molecules.

Lastly, we did not observe sex differentiated minor allele fre-
quencies in variants included in effect groups (Fig. 6F), indicating
limited impact of sex differentiated participation bias37 in our study.

Discussion
In this study, we adapted SharePro, a Bayesian colocalizationmethod12

to propose a new framework for GxE analysis. Through extensive
simulation studies, we demonstrated that accounting for effect het-
erogeneity can improve power for fine-mapping and by jointly fine-
mapping exposure stratified GWAS summary statistics, SharePro can

Fig. 5 | SharePro identifies genetic effects on lung function modulated by
smoking status. A Manhattan plots demonstrating significance of genom-wide
variant-level gene-by-smoking interactions (GxSmoking). The red dotted lines
correspond to the genome-wide Bonferroni significance threshold. B Manhattan
plots demonstrating significance of effect group-level GxSmoking. The red dotted
lines correspond to the effect group-level Bonferroni significance threshold. Sig-
nificant effect groups are labeled by their nearest genes. The unadjusted p-values
are two-sided in (A) and (B).C Illustration of estimated effect sizes of effect groups

that exhibited significant GxSmoking effects. The smoking status stratified GWAS
included27,409current smokers, 100,285past smokers and 155,951 never smokers.
The effect groups are annotated using their nearest genes and top variants with the
highest posterior inclusion probability in each effect group. The x-axis stands for
estimated effect sizes and the colors represent different smoking statuses. The
error bars represent 95% confidence intervals. FFR, the ratio of the forced expira-
tory volume in thefirst one second to the forcedvital capacity of the lungmeasured
by spirometry.
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greatly reduce multiple testing burden in GxE analysis and achieve
improved power with well-controlled type I error.

The idea of accounting for effect heterogeneity to improve power
for fine-mapping is closely connected with the work by Kraft et al.38 on
exploiting GxE to detect genetic associations. As illustrated in Fig. 1,
the joint approach offers advantages over the combined approach in
scenarios involving effect heterogeneity, while also outperforming the
stratified approach.

Furthermore, this work represents a first attempt to bridge fine-
mapping and GxE analysis. In comparison to methods and study
designs that screen variants based on certain assumptions to mitigate
the multiple testing burden in GxE analysis5,7, the joint fine-mapping
approach in SharePro offers the advantage of not involving additional
assumptions. As a result, SharePro demonstrated robust performance
across different heterogeneity settings. The SharePro approach is
effective as long as the exposure stratified GWAS summary statistics

Fig. 6 | SharePro characterizes sex differentiated genetic effects on fat dis-
tribution. Effect size discrepancies in females and males for effect groups identi-
fied from sex stratified GWAS for waist-to-hip ratio adjusted for body mass index
(WHRadjBMI) are plotted against (A) effect size discrepancies in females andmales
for sex hormone binding globulin (SHBG), (B) effect size discrepancies in females
andmales for bioavailable testosterone, (C) effect size discrepancies in females and
males for triglycerides (TG), (D) effect size discrepancies in females and males for
low-density lipoprotein (LDL) cholesterol, (E) effect size discrepancies in females

and males for high-density lipoprotein (HDL) cholesterol, and (F) minor allele fre-
quencies (MAF) discrepancies in females and males. The size of each dot corre-
sponds to the unadjusted two-sidedp-value of the effect group. Red dots represent
genome-wide significant gene-by-sex interactions (GxSex), violet dots represent
effect group-level Bonferroni significant GxSex, and gray dots represent other
effect groups associated with WHRadjBMI. Effect groups reaching effect group-
level significance are labeled by their nearest genes.
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are well-powered to be fine-mapped. Compared to pooling-based
methods such as polygenic risk score (PRS)-based GxE analysis39, GxE
detected by SharePro has better interpretability, as PRS can involve
variants associated with multiple complicated pathways.

With improved power for GxE analysis, SharePro successfully
identified additional genetic effects on lung function modulated by
smoking status, which were not captured by the classical hetero-
geneity test. In comparison to the well-characterized CHRNA3 gene,
the biological roles of the other genes in relation to smoking are
understudied, highlighting the need for further investigations, in par-
ticular, regarding their physiological roles in cellular response to
smoking.

Using SharePro, we also characterized sex differentiated genetic
effects on fat distribution as measured by WHRadjBMI. Our findings
suggest that SHBG or other sex hormones regulated by SHBG, such as
estradiol, may play amore important role than testosterone in shaping
the sex differences in fat distribution. Moreover, we observed a cor-
relation between sex differences in fat distribution and sex differences
in lipid metabolism, particularly in relation to TG levels. These results
underscore the ability of SharePro to detect biologically plausible GxE
and identify potential candidates for subsequent functional follow-up
studies.

However, there are also important limitations in our study. First,
the genetic effect heterogeneity detected by SharePro should be
carefully interpreted based on the study design of the exposure
stratified GWAS. For example, the sex differentiated genetic effects
on fat distribution we identified may not reflect the actual biological
differences between females and males. Instead, these differences
could originated from other lifestyle factors demonstrating sex
differences, such as dietary habits and physical activities40–42. Sec-
ond, SharePro takes exposure stratified GWAS summary statistics
and LD information as input and the mismatch between the LD
reference panel and the true LD structure underlying samples
included in GWAS can lead to convergence issue of the algorithm.
We suggest usingGWAS summary statistics with paired in-sample LD
information to mitigate this issue. Third, in the SharePro model, we
assume the LD structures are similar across different exposure
categories so that it becomes reasonable to assume the variant
representations of effect groups can be shared. This assumption is
unlikely to be valid when populations with different genetic ances-
tries are included. Further adaptations are needed for GxE analysis in
such scenarios, given the increasing interests in identifying potential
GxE in diverse populations.

In summary, we have presented SharePro to account for effect
heterogeneity in fine-mapping and improve the power of GxE analysis.
Weenvision this newanalytical frameworkwill have important utility in
characterizing genetic effects heterogeneity in complex traits and
diseases and identifying modifiable risk factors for prevention and
management of complex diseases.

Methods
Ethical approval
This study was approved by the UK Biobank Access Committee. The
UK Biobank was approved by the North West Multi-center Research
Ethics Committee.

Simulation study design
We conducted simulation studies to examine the benefits of
accounting for effect heterogeneity in fine-mapping and assess the
utility of SharePro in GxE analysis. We randomly sampled three 1-Mb
regions from the genome and extracted genotypes for Ne ∈ {25000}
and Nu ∈ {25000, 10000, 5000} non-overlapping individuals from a
total of 353,570 UK Biobank unrelated European ancestry participants1

to simulate the phenotype in the exposed category and the unexposed
category, respectively. The UK Biobank participants were genotyped

using the Applied Biosystems™ UK BiLEVE Axiom™ Array or UK Bio-
bank Axiom™ Array1. The genotypes were imputed based on
the Haplotype Reference Consortium reference panel43. We
retained variants that had a minor allele frequency >0.01, a missing
rate < 0.01, and an imputation information score > 0.3. For each locus,
we randomly sampled KC ∈ {1, 2, 3} causal variants with effect
size βe ∈ {0.05} in the exposed category and effect size
βu ∈ { − 0.05, − 0.02, 0, 0.02, 0.05} in the unexposed category. The
phenotype was generated as yi,e = ∑gxi,g,eβe + ϵi,e for the ith individual
in the exposed category and yj,u =∑gxj,g,uβu + ϵj,u for the jth individual in
the unexposed category, where xi,g,e and xj,g,u are the standardized
genotype of the gth designated causal variant of these individuals. The
residual errors are normally distributed with ϵi, e � N ð0, 1� KCβ

2
e Þ

and ϵi,u � N ð0, 1� KCβ
2
uÞ.

We used the simulation setting of βe = βu = 0.05 (no effect het-
erogeneity) to assess the calibration of different methods at p-value
cutoffs of 0.1, 0.01 and 0.001. The simulation process was repeated 50
times for each setting in each locus. We conducted additional 50,000
replications in each setting to assess the calibration of SharePro at
lower significance levels.

Association test and fine-mapping in simulation studies
We first used PLINK44 to perform a GWAS separately in the exposed
category and the unexposed category and obtained exposure strati-
fied GWAS summary statistics for each simulated phenotype. We also
performed regression analyzes with individual-level genotype and
exposure status to obtain results for the 1-df association test, the 2-df
association test and the GxE test. These tests were implemented in
GEM45. Specifically, the 1-df association test assesses the marginal
variant-phenotype associations, combining data from all exposure
categories, with the null hypothesis that the testsed variant has no
main effect. The GxE test assesses whether variant-phenotype asso-
ciations differ across exposure categories, with the null hypothesis
that the tested variant has no interaction effect with the exposure. The
2-df association test jointly assesses variant-phenotype associations
and association magnitude differences across exposure categories,
with the null hypothesis that the tested variant does not have main
effect or interaction effect38.

For fine-mapping, we first applied SuSiE and SparsePro, two state-
of-the-art fine-mapping methods with the 1-df association test GWAS
summary statistics and in-sample LD. Then, we applied SharePro with
the exposure stratifiedGWAS summary statistics and in-sample LD.We
compared the area under the precision-recall curve (AUPRC) and area
under the receiver operating characteristic curve (AUROC) in identi-
fying causal variants using SuSiE fine-mapping PIP, SparsePro fine-
mapping PIP, ShareProfine-mappingPIP, the negative logarithmof 1-df
association testp-values and the negative logarithmof 2-df association
test p-values as predictors, respectively. We focused on the AUPRC
metric because the proportion of true causal variants was small. The
baseline AUPRC of a random predictor is the proportion of true causal
variants.

GxE analysis in simulation studies
Then, we performed GxE analysis using the simulated data. Variant-
level GxE p-values were obtained using GEM. For SharePro, we identi-
fied effect groups as candidates for GxE analysis, where the sig-
nificance of GxE effect was determined based on the top variants with
the highest PIP in each effect group (Supplementary Notes). Since
variants with GxE effects may be enriched in genome-wide significant
loci, we compared SharePro to performing GxE analysis only on lead
variants identified in conditional and joint (COJO) analysis or LD
clumping of the 1-df association test GWAS summary statistics. LD
clumping was conducted using PLINK44 with –p1 5e-8, –clump-kb
3000, and –clump-r2 0.01. COJO analysis was conducted using GCTA-
COJO46 using the default settings.
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For eachmethod,weobtained the Benjamini-Hochberg-corrected
p-values, accounting for the respective number of tests. Thepower and
empirical FDR of GEM, COJO, and LD clumping were calculated as
{Number of variants with true GxE effects and a GxE test corrected p-
value < 0.01}/{Number of variants with true GxE effects} and {Number
of variants without true GxE effects but having a GxE test corrected p-
value < 0.01}/{Number of variants with a GxE test corrected p-value
< 0.01}, respectively. The power and empirical FDR of SharePro at the
effect group level were calculated as {Number of effect groups with a
GxE test corrected p-value < 0.01 while containing variants with true
GxE effects}/{Number of effect groups containing variants with true
GxE effects} and {Number of effect groups with a GxE test corrected p-
value < 0.01 while not containing any variants with true GxE effects}/
{Number of effect groups with a GxE test corrected p-value < 0.01},
respectively. Although the effect group-level test is the proposed
approach for GxE analysis, to ensure a fair comparison with the other
methods, we also derived the power and empirical FDR of SharePro at
the variant level as {Number of top variants with true GxE effects and a
GxE test corrected p-value < 0.01}/{Number of top variants with true
GxE effects} and {Number of top variants without true GxE effects but
having a GxE test corrected p-value < 0.01}/{Number of top variants
with a GxE test corrected p-value < 0.01}, respectively.

Gene-by-smoking interaction effects on lung function
Smoking is one of the most common risk factors for chronic
obstructive pulmonary disease and has a significant impact on lung
function47. We investigated genetic effects on lung function that may
bemodulated by smoking status. Specifically, we focused on analyzing
the ratio of the forced expiratory volume in the first one second to the
forced vital capacity of the lung measured by spirometry (FFR), a
widely used biomarker for lung function.

For FFR,wefirst performed self-reported smoking status stratified
GWAS as well as combined GWAS adjusted for smoking status based
on unrelated individuals of European ancestry in the UK Biobank1,
including 27,409 current smokers, 100,285 past smokers and 155,951
never smokers. FFR measurement was adjusted for age, age-squared,
sex, genotyping array, recruitment center, and the first 20 genetic
principal components in the stratified analysis.

Then, we applied SharePro to these smoking status stratified GWAS
summary statistic with the UK Biobank European ancestry LD matrix
calculated by Weissbrod et al.48 and identified effect groups for GxE
analysis. Effectgroupswithagene-by-smoking interactions (GxSmoking)
p-value < 0:05

numberof comparisons were considered effect group-level Bonfer-

roni significant. We annotated each effect group to the nearest protein
coding gene based on UCSC genome annotations49. Additionally, with
smoking status-adjusted combined GWAS, we performed LD clumping
using PLINK with –p1 5e-8, –clump-kb 3000, and –clump-r2 0.01 and
COJO analysis using GCTA-COJO with default settings. Subsequently,
lead variants identified in LD clumping and COJO analysis were included
in GxE analysis. Variants with a GxSmoking p-value < 0:05

numberof comparisons

were considered Bonferroni significant for each method.

Since it has been shown that transformation of data may lead to
false positive findings in similar analyzes15, we focused on analyzing
raw values of FFR but performed sensitivity analyzes using inverse
normal transformed FFR.

Gene-by-sex interaction effects on fat distribution
Fat distributionhas important implications for health and is associated
with metabolic and cardiovascular diseases50–52. We investigated sex-
differentiated genetic effects on body fat distribution, measured by
waist-to-hip ratio adjusted for body mass index (WHRadjBMI). We
performed sex stratified GWAS for WHRadjBMI in individuals of Eur-
opean ancestry in the UK Biobank1, including 189,830 females and
162,508 males. We regressed out the effects of body mass index, age,

age-squared, sex, genotyping array, recruitment center, and the first
20 genetic principal components on raw waist-to-hip ratio measure-
ments. We applied SharePro to the sex stratified GWAS summary sta-
tistics with the UK Biobank European ancestry LDmatrix calculated by
Weissbrod et al.48. Effect groups with a gene-by-sex interactions
(GxSex) p-value smaller than 0:05

numberof comparisons
were considered

effect group-level Bonferroni significant. We annotated each effect
group to the nearest protein coding gene based on UCSC genome
annotations49.

Next, we investigated whether GxSex in WHRadjBMI may be
explained by GxSex in sex hormones and lipid metabolism. We
obtained sex stratified GWAS summary statistics for bioavailable
testosterone and sex hormone binding globulin (SHBG) for UK
Biobank European ancestry from Ruth et al.53. Additionally, we per-
formed sex stratified GWAS using European ancestry individuals in
the UK Biobank for triglycerides (TG), low density lipoprotein cho-
lesterol (LDL) and high density lipoprotein cholesterol (HDL). For
effect groups that demonstrated significant GxSex, we further
investigated whether the GxSex interaction effects would attenuate
after adjusting for the levels of SHBG or lipids in the GWAS for
WHRadjBMI.

Moreover, we examined whether variants in effect groups exhib-
ited different MAF in females and males, which could indicate sex
differentiated participation bias37. We obtained p-values for sex dif-
ferentiated MAF from z-scores:

zMAF =
pF � pMffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

pð1� pÞ 1
2nF

+ 1
2nM

� �r
ð1Þ

where pF and pM are MAF in females and males, nF and nM correspond
to female and male sample sizes, and p is the overall MAF.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Raw individual-level phenotype and genotype data from the UK Bio-
bank are available under restricted access for confidentiality reasons.
Access can be obtained upon successful application at https://www.
ukbiobank.ac.uk. The full GWAS summary statistics for FFR and
WHRadjBMI, along with SharePro, LD clumping, and COJO results
generated in this study are provided in afigshare repository, accessible
via https://doi.org/10.6084/m9.figshare.25959295.v2. The simulated
data generated in this study can be reproduced using code available at
https://github.com/zhwm/SharePro_gxe_analysis.

Code availability
The SharePro software54 for GxE analysis is openly available at https://
github.com/zhwm/SharePro_gxe. The analysis conducted in this study
is available at https://github.com/zhwm/SharePro_gxe_analysis. GEM
was obtained from GitHub at https://github.com/large-scale-gxe-
methods/GEMand PLINK was obtained from https://www.cog-
genomics.org/plink/. COJO was obtained from https://yanglab.
westlake.edu.cn/software/gcta.
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