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Abstract

Cigarette smoking influences blood pressure (BP) levels. Studying and accounting for potential
gene-smoking interactions can help discover novel loci and provide insights into biological
pathways for smoking-associated BP regulation. We conducted a genome-wide association
meta-analysis involving 1,188,241 individuals from 66 studies in five ancestry groups, analyzing
systolic BP, diastolic BP, and pulse pressure while considering interactions between genetic
variants and three smoking exposures: smoking status, cigarettes per day, and pack years.
These analyses identified twelve novel loci for BP at genome-wide significance (P < 5 x 1079),
and highlighted biological processes including tight junction integrity, mitochondrial health,
vascular relaxation, and endothelial function. In smoking status-stratified analyses, smoking
modifies the genetic effect of six variants on BP. To prioritize likely causal, we developed and
applied SuSiEgxe, a fine-mapping method based on a two-degree-of-freedom joint test using
gene-environment interaction summary statistics. Fine-mapped loci uncovered immune-related

pathway for smoking-associated BP regulation.

Keywords: GWAS, blood pressure, gene by smoking interaction, joint test, fine mapping

1 Introduction

The exploration of genetic variants related to blood pressure (BP) regulation has been
significantly advanced through genome-wide association studies (GWAS). Gene-by-
environment (GxE) interaction studies are critical for understanding how genetic predispositions
may amplify or mitigate the effects of lifestyle choices. Among these lifestyle exposures,
cigarette smoking is a maijor risk factor for high BP (hypertension) and has been shown to
influence BP regulation through various biological mechanisms. Given that hypertension is a
core risk factor for cardiovascular diseases, smoking may contribute to cardiovascular risk
directly or through its impact on BP" 23, Investigating gene-by-smoking interactions in BP
GWAS can reveal novel loci and enhance understanding of the biological pathways that
regulate BP. Particularly, it is crucial to identify BP variants with heterogeneous associations in
smokers and nonsmokers or across different levels of smoking exposure, e.g., cigarettes per
day or pack years. Such analyses reveal genetic factors that may influence BP differently
according to smoking status and helps to refine the understanding of how environmental

exposures like smoking interact with genetic variation.
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Previous studies have investigated gene-smoking interactions in BP traits, particularly within the
Cohorts for Heart and Aging Research in Genomic Epidemiology (CHARGE) consortium.
However, they did not include marginal genetic effect-only analyses that excluded smoking, and
it was unknown if any of the loci found through the two-degree-of-freedom (2df) joint test could
have been discovered without smoking or gene-smoking interaction in the model*. This gap
makes it difficult to determine whether the loci newly identified through the 2df joint test could
have been detected without accounting for smoking or gene-smoking interactions. Moreover,
there was no analysis with fine mapping to determine the causal single-nucleotide
polymorphisms (SNPs) underlying the observed interactions. Fine mapping aims to narrow
down the potential causal variants by analyzing linkage disequilibrium (LD) patterns (CAVIAR®,
SuSIiE® 7, FINEMAPS, etc.) and functional annotations (eCAVIAR®, PAINTOR', etc.). However,
existing fine mapping methods were developed focusing on the marginal genetic effect only.
Fine-mapping approaches within the context of gene-environment interactions remain

underdeveloped, especially using genomic summary statistics.

In this study, we conducted genome-wide association meta-analyses incorporating gene-
smoking interactions to identify genetic loci associated with BP traits and to assess the
modifying effect of cigarette smoking on the genetic architecture of BP. We also conducted fine
mapping with our developed tool SuSiEgxe that uses summary statistics from the 2df joint test
in variant-smoking status (CURSMK) interaction meta-analyses. Our analysis included a large
sample size (1,188,241 individuals from five ancestry groups) to maximize statistical power for
discovery. To account for potential heterogeneity in interaction effects, we report results

stratified by ancestry group, in addition to our primary cross-population meta-analyses.

2 Results

The study received approval from the Institutional Review Board of The University of Texas
Health Science Center at Houston and was conducted in compliance with all applicable ethical
regulations. Ethical approval for data collection was obtained from the relevant review boards of

each participating cohort, and informed consent was obtained from all participants.

2.1 Overview

The investigation includes meta-analyses of 66 studies, and 1,188,241 samples from five
ancestry groups: 804,275 (68%) European ancestry (EUR), 246,825 (21%) East Asian ancestry
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(EAS), 86,580 (7%) African ancestry (AFR), 37,949 (3%) Hispanic admixed ancestry (HIS),
12,612 (1%) South Asian ancestry (SAS). Sex-stratified meta-analyses were performed to
evaluate sex heterogeneity in the associations as well. We focused on systolic blood pressure
(SBP), diastolic blood pressure (DBP) and pulse pressure (PP) while considering interactions
between genetic variants and three smoking exposures: current smoking status (CURSMK),
and within current smokers, cigarettes per day (CPD), and pack years (PY). Meta-analyses of
all combinations of smoking exposures and BP traits were conducted within each ancestry and
across all five ancestries (Cross-Population Meta-Analysis; CPMA). The descriptive statistics of
the studies can be found in Supplementary Table S1. We considered two models for each
smoking-BP combination within each population group separately. Model 1 is a joint analysis of
the genetic main effect and smoking interaction effect where we considered a one-degree-of-
freedom (1df) interaction test for the interaction term and a 2df joint test that considered the
main and interaction term. Model 2 only analyzed the marginal genetic effect without accounting

for smoking exposures.

With the criteria described in the Methods section, we identified 1,753 independent loci by
accounting for interaction effects with CURSMK, CPD or PY from either 1df interaction test or
2df joint test in ancestry specific and cross-population analyses. No loci were identified in SAS.
The 1df interaction tests identified two novel BP loci and ten significant known BP loci (Table 1-
2). The 2df joint tests identified ten novel BP loci (Table 1) and 106 known BP loci
(Supplementary Table S6) that were not identified by marginal tests in Model 2 (see details in
Methods section). Among the 12 novel loci in total that reached a stringent genome-wide
significance threshold (P < 5 x 1077), two were for SBP, six for DBP, and four for PP
(Supplementary Figure S1).

Variant-smoking interaction and joint analyses in CPMA

In the combined sex analyses (Supplementary Figure S2 A), the 1df interaction test revealed
four loci showing variant-smoking interaction effects on BP outcomes, including two novel loci:
rs35975869 (AC021021.2; Pg,p = 4.1 X 10719) for the variant-CPD interaction effect on PP, and
rs61840542 (FRMPD2; P,z = 4.7 x 107?) for the variant-CURSMK interaction effect on SBP.
There was no evidence of a difference in either of these interactions by sex. In the 2df joint test,
826 loci were identified, and nine were novel (Table 1). In males, the 2df joint test revealed two
novel BP loci: rs72832924 (GRBY; P,qr = 2.8 X 1071°) showed the joint effect of variant-

CURSMK interaction on DBP and was only identified in males, and rs143429637 (RP11-
813P10.2; Pyqy = 2.1 X 1072%) showed the joint effect of variant-CPD interaction on PP. There
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were no associations for 1df interaction among males or females, and no novel BP loci were
identified with the 2df joint test among females (Supplementary Table S4).

Variant-smoking interaction and joint analyses in EUR

In the EUR combined sex analyses (Supplementary Figure S2 B), one novel locus with lead
variant rs35975869 (AC021021.2; P;,; = 1.5 x 10~7) was identified by the 1df interaction test in
the analysis of variant-CPD interaction on PP. In the 2df joint test, rs143429637 (RP11-
813P10.2; P4 = 1.1 x 1071¢) was a novel BP locus revealed by the analysis of variant-CPD
interaction on PP. These loci were also identified in CPMA. In males, 292 statistically significant
loci were identified in the 2df joint test, and one of them with lead variant rs143429637 (RP11-
813P10.2; Poqy = 3.2 X 10~27) was novel. There were no associations for the 1df interaction
among males, and no novel BP loci were identified with the 2df joint test among females.
Variant-smoking interaction and joint analyses in EAS

There were no novel associations from the 1df interaction or 2df joint test in EAS. In the
combined sex analyses (Table 2, Supplementary Figure S2 C), the known BP locus with lead
variant rs3782886 (BRAP) was identified in variant-CURSMK interaction for both SBP (P;,z =
7.0 x 1072%) and PP (P;,z = 1.5 x 10~!1). The known BP locus with lead variant
rs116873087 (NAA25) was identified in variant-CURSMK interaction on DBP (P;,z =

7.0 X 10719).

Variant-smoking interaction and joint analyses in AFR

There were no novel associations from the 1df interaction or 2df joint test in AFR. The 2df joint
test revealed nine significant known BP loci in the combined sex analyses (Supplementary
Figure S2 D). Two known BP loci with lead variants rs1716694 (ULK4; P4 = 6.4 x 1071°) and
rs74884236 (MFSDT; P4 = 4.4 x 10~7) were only found in females (Supplementary Table
S7).

Variant-smoking interaction and joint analyses in HIS

There were no novel associations from the 1df interaction or 2df joint test in HIS. The 2df joint
test found two known BP loci in the combined sex analyses (Supplementary Figure S2 E). The
variant rs935168 (KCNK3; P,4¢ = 2.1 x 10~'?) was identified in variant-CURSMK interaction

study on DBP, and rs2193950 (P,4f = 2.2 X 10~°) was identified in the variant-CURSMK
interaction with SBP (Supplementary Table S7).
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2.2 Smoking status-stratified analyses for significant 1df interaction variants

We further investigated the smoking-status stratified associations for the significant 1df
interaction variants with the framework developed by Laville, et al'" and applied with tool j2s

(https://qitlab.pasteur.fr/statistical-genetics/j2s). The results (Table 3) demonstrated differences

in the genetic effects on blood pressure between current smokers and non-current smokers.
rs3782886-T is a missense variant at BRAP, and it has a significant association with higher PP
among smokers (8 = 1.09, P = 6.9 x 10~22), but not among non-smokers (8 = 0.27, P =

3.9 X 1078) in EAS. Similarly, rs116873087-C and rs12231737-T are intronic variants at NAA25,
and TRAFD1 respectively. The two loci have significant association with lower DBP among
smokers but not among non-smokers in females and males. rs11066280-A is an intronic variant
at HECTD4, and it has a significant association with lower PP among smokers but not among
non-smokers. Additionally, rs4237919-A and rs1327235-A are at a gene for long intergenic non-
protein coding RNA and are significantly associated with PP and SBP among non-smokers,

respectively.

2.3 Functional annotations for novel loci

The gene mappings for LGSN (rs11293017), TSHZ2 (rs6123158), RPL39L (rs111563399),
GSDMB (rs72832924), and ORMDL3 (locus 12) were validated by tissue-specific eQTL
evidence from GTExv8, which was observed in whole blood, lung, or subcutaneous adipose
tissue (Supplementary Table S12). Tissue-specific (GTExv8) eQTL associations were observed
at rs61840542 (Table 1, locus 1) in artery tibial tissues. Additionally, the expression of STARD
and GRBY7 were associated with the novel locus with lead variant rs72832924 (Table 1, locus
12), which was exclusively identified in males, based on eQTL evidence from GTExv8 cells
cultured fibroblasts tissue. Similarly, the gene mappings for PTCH1 (9:95507136:CG_C),
TSHZ2 (rs6123158), and GLB1 (rs34408570) were observed in cells cultured fibroblasts tissue
based on eQTL GTExv8 evidence.

Many genes were linked to novel loci through chromatin interactions (Supplementary Table
S12). These interactions were observed in various tissues and cell types, including the left and
right ventricles of the heart, aorta, lung, GM12878 (lymphoblastoid cell line), IMR90 (lung

fibroblast cell line), mesenchymal stem cells, and mesendoderm cells.
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We performed gene-set enrichment analysis using genes mapped through positional,
expression quantitative trait loci (eQTL), and chromatin interaction data (Supplementary Figure
S3). The carbohydrate phosphatase activity gene set was associated with the novel locus with
lead variant 9:95507136:CG_C (adjusted P = 0.036). The 17q12 Copy Number Variation
Syndrome gene set was linked to the novel locus with lead variant rs8070260 (MYO19;
adjusted P = 7.8 x 107%%). Additionally, GWAS catalog gene sets related to asthma were
mapped to the novel locus with lead variant rs72832924, which was identified specifically in

males.

2.4 New findings from 2df fine mapping

Causal variants were identified by our new 2df fine mapping tool SuSiEgxe (Supplementary
Table S13), followed by the gene mapping and functional annotations by FUMA. We
investigated one novel locus on gene MYO19, and five loci from previously reported genes
associated with BP (Supplementary Table S3): KCNK3, ACAD10, MAEA, CCDC162P, and
ASB3 (Supplementary Table S14).

For the known BP locus with lead variant rs12476527 at gene KCNK3, which was also reported
in our previous work*, fine mapping narrowed the region (2:26681997-26710019) from 28 kb to
18.9 kb and identified a 13-variant credible set from 27 significant variants in EAS (Figure 1A),
and narrowed the region (2:26673079-26714801) from 41.7 kb to 11.6 kb and identified a nine-
variant credible set from 30 significant variants in CPMA (Figure 1B). Causal variants were
mapped to genes KCNK3, NRBP1, and CENPA by eQTL evidence in heart atrial appendage
tissue and heart left ventricle tissue. Chromatin interactions were observed in GM12878
(lymphoblastoid cell line), IMR9O0 (lung fibroblast cell line), mesenchymal stem cells, and
mesendoderm cells (Supplementary Table S14). The gene-set enrichment analysis highlighted
the pathways of fatty acid $-oxidation, mitochondrial metabolism, and valproic acid metabolism

(Supplementary Figure S4 A).

The novel MYO19 locus with lead variant rs8070260 was identified by the 2df joint test in Model

1 (Pyqf = 1.4 x 107°), whereas it was not identified through the marginal test in Model 2 (P 4f =
8.3 x 10~%). Fine mapping analysis using the 2df joint test pinpointed three potential causal
variants, including rs1109442, rs8070260, and rs7222903 (Supplementary Figure S5 A), which
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exhibited consistent functional annotations when incorporating all variants within the locus

(Supplementary Table S14, Supplementary Figure S4 B).

Similarly, loci with lead variants rs60722337 at MAEA, rs6902892 at CCDC162P, and
rs74598641 at GPR75-ASB3 / ASB3 (Supplementary Figure S5 B-D) were identified by the 2df
joint test in Model 1 but were not detected by the marginal test in Model 2. Causal variants were
mapped to genes MAEA, UVSSA, CRIPAK, CTBP1, CD164, SMPD2, AK9, FIG4, PSME4,
GPR75, and GPR75-ASB3 by eQTL evidence in tissue whole blood, artery aorta, artery
coronary, artery tibial, heart atrial appendage, heart left ventricle, lung, and cells cultured
fibroblasts. Chromatin interactions were observed in various tissues and cell types, including the
left and right ventricles of the heart, aorta, lung, GM12878 (Lymphoblastoid cell line), IMR90
(lung fibroblast cell line), mesenchymal stem cells, and mesendoderm cells (Supplementary
Table S14).

The locus with lead variant rs11066015 at gene ACAD10 was only identified in the East Asian
population (EAS) (Supplementary Figure S5 E). Chromatin interactions between causal variants
and genes ATXN2, BRAP, ACAD10, ALDH2, MAPKAPKS5, and TRAFD1 were observed in
IMR90 (lung fibroblast cell line), mesenchymal stem cells, and mesendoderm cells
(Supplementary Table S14). The mapped genes show a highly significant enrichment for traits
linked to coronary artery disease, coronary heart disease, hypertension, mean arterial pressure,

and alcohol consumption (Supplementary Figure S4 C).

2.5 Genome-wide MAGMA analysis and gene-set enrichment

MAGMA gene-based and gene-set tests were applied to the full list of 2df joint p-values of
CPMA for all smoking and BP combinations in the combined sex analyses (Supplementary
Table S5).

We observed 19 significant protein-coding genes mapped based on 2df joint p-values from
multiple analyses (Supplementary Table S8). The gene ULK4 was mapped in five analyses:
DBP-CURSMK (P = 1.2 x 107%7), DBP-CPD (P = 1.8 x 107%), DBP-PY (P = 2.3 x 107%), PP-
CPD (P = 4.8x 1077), and PP-PY (P = 2.8 x 10~8). Additionally, the genes HECTD4, NAA25,
and TRAFD1 were found based on the tests of variant-smoking interaction with traits SBP and
DBP.
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MAGMA gene-set analyses (Supplementary Table S9) highlighted several gene sets and
biological processes that affect the association between smoking and BP. Significant gene sets
were related to the regulation of RNA metabolic processes (DBP-CURSMK, P = 1.1 x 10715),
calcium channel activity in cardiac muscle cells (DBP-CURSMK, P = 4.5 x 10~'>; SBP-
CURSMK, P = 4.0 x 10~7), muscle structure development (PP-CURSMK, P = 5.0 x 1071%),
muscle tissue development (PP-CURSMK, P = 9.9 x 10713), and elastic fiber assembly (PP-
CURSMK, P = 3.1 x 10712).

Gene set enrichment analyses using Functional Mapping and Annotation of Genome-Wide
Association Studies (FUMA)'2 GENE2FUNC (Supplementary Table S10) highlighted several
biological processes that affect the blood, heart, or lungs. Selected significant pathways were
the regulation of BP (DBP-CURSMK, adjusted P = 0.015; SBP-CURSMK, adjusted P = 0.019),
tube morphogenesis (PP-CURSMK, adjusted P = 0.011), and regulation of tube size (DBP-
CURSMK, adjusted P = 0.004; SBP-CURSMK, adjusted P = 0.033), heart development,
regulation of heart contraction, heart valve morphogenesis, the circulatory system processes
and development with genes ACE, AGT, NOS3, NPPA, NPPB, etc. involved. Notably, the
pathways related to type | interferon in the immune system were found in SBP, DBP, and
quantitative smoking exposure CPD and PY analyses with genes PTPN11, OAS1, OAS3, and
OAS2.

We assessed whether the positionally mapped genes were overrepresented in traits and
diseases previously identified in the GWAS Catalog based on a 2df joint test in CPMA with the
GENE2FUNC module in FUMA (Supplementary Table S11). Traits associated with SBP, DBP,
PP, hypertension, and mean arterial pressure demonstrate highly significant enrichment across
various smoking exposure groups with genes such as KCNK3, ULK4, BRAP, etc. Additionally,
coronary artery disease and myocardial infarction exhibit significant enrichment across multiple
gene sets with genes such as CYP17A1, CNNM2, ACAD10, ALDH2, NAA25, HECTD4, etc.

3 Discussion

This study presents a comprehensive analysis of gene-smoking interactions on BP across five

ancestry groups. A total of 66 studies and 1,188,241 participants were included in the analysis.
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Including EUR, EAS, AFR, HIS, and SAS allowed for a broad exploration of genetic
associations. Our study identified 12 novel loci, associated with BP traits, with a focus on SBP
(n =2 loci), DBP (n =6 loci), and PP (n = 4 loci).

Newly identified protein-coding genes showed potential pathways for regulating BP through the
interaction with smoking. The GxE 1df interaction test identified a novel locus (Table 1) adjacent
to FRMPD2 (rs61840542, P;,; = 4.7 X 1079), which is a scaffolding protein that maintains
epithelial cell polarity and tight junction integrity to support correct cell-cell adhesion and barrier
function’® and in glutamate-gated ion channels expressed in the central nervous system'. The
disruption of FRMPD2-mediated signaling may lead to increased permeability in the lungs and
blood vessels, and then promotes inflammation and disease progression through impaired tight

junctions and epithelial integrity triggered by smoking'®.

The GxE 1df interaction test identified 10 BP loci (Table 2) that were reported to have marginal
effects in previous studies and highlighted their effect on BP with interaction of smoking. The
locus with lead variant rs56654546 at PPT1 was identified in EUR females. The locus with lead
variant rs78572043 at CUX2 was identified in EAS males. Loci with lead variants rs3782886 at
BRAP'®, rs116873087 at NAA25'" '8 and rs12231737 at TRAFD1'® were only identified in EAS.
A locus with lead variant rs11066280 at HECTD4'® 2° was identified in CPMA. These loci are
located near the protein-coding genes known to be related to BP, including COL9A2?",
PPTC7'8, MYL2", SH2B3?2, ATXN2'" 23, ACAD10", ALDH2%, ERP29%*, RPL6-ALDH1?,
PDE3A?%, SLX4IP?®, JAG1%% 2627 BANF225, MAL2?*, SNORA32?¢, MIR548AZ - CCN3"7, NOV?5,
CCN3 - ENPP2'’, ENPP2'®. CUX2 was associated with DBP and SBP through N°&-
methyladenosine (m®A)-associated SNP rs7398833 in East Asian population?. In a study of
elderly Japanese population that accounted for smoking status, the minor allele of rs3782886 at
BRAP was inversely associated with hypertension only in participants with high hematopoietic
activity®0. NAA25, in a region with ERP29%', was previously reported to be associated with SBP
and DBP*,

The smoking status-stratified analyses further illustrate how smoking modifies the genetic effect
on BP. One significant 1df variant rs3782886-T at BRAP is associated with increased BP
among smokers, while three loci at NAA25, TRAFD1 and HECTD4 were associated with
decreased BP among smokers. TRAFD1 is a protein-coding gene that is primarily related to

immune and inflammatory responses via its interactions with NF-kB and TNF receptor signaling
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pathways3® **. Cigarette smoking activates the NF-kB pathway, which up-regulates various pro-
inflammatory genes, leading to increased levels of inflammatory markers and cytokines, and
contributing to its pro-inflammatory effects on the immune system3®, potentially increasing the
susceptibility to hypertension and cardiovascular diseases through inflammatory mechanisms
and vascular dysfunction. HECTD4 is a protein-coding gene involved in protein breakdown and
recycling. It helps regulate the process of tagging proteins for degradation through the ubiquitin
system. Shencun Fang, et al*®. identified a potential role of the circHECTD1/HECTD1 pathway
in regulating endothelial-mesenchymal transition (EndMT), where both endothelial and epithelial
cells contribute to fibroblast accumulation, ultimately promoting the development of pulmonary

fibrosis in silicosis, and cardiovascular diseases.

The GxE 2df joint model newly identified protein-coding genes MYO179 (rs8070260, P, =

1.4 x 107°), VRK2 (rs1106090, P,4f = 2.8 x 107°), NDUFC1 (rs140470470, P, =

1.2 x 1071°), RPL39L (rs111563399, P,4r = 1.3 x 10~?), and GRB7 (rs72832924, P, =

2.8 x 10710 only in males). They showed potential pathways for regulating BP through the joint

effect of genetic main effect and interaction with smoking (Table 1). A novel locus with the lead
variant rs13032423 mapped to VRK2, was previously reported to be associated with BP through
an interaction with long total sleep time*’. Along with the novel locus with lead variant
rs1106090 discovered in this study, these findings highlight VRK2 as potentially relevant to
cardiovascular health. GRB7 has been previously associated with asthma, another trait
influenced by smoking exposure®®: 3. MYO19 functions as a protein that controls both the
movement and operations of mitochondria inside cells. Maintaining mitochondrial health is
crucial for essential energy production and cellular stress response mechanisms. Smoking can
cause oxidative stress alongside inflammation with the potential to harm mitochondrial
structures. Since MYO19 plays a role in mitochondrial dynamics, disruptions in its function could
worsen the effects of smoking and hypertension on cellular health, particularly in the
cardiovascular system. This pathway has been verified in mouse experiments by Sergey
Dikalov, et al**. NDUFC1 is a subunit of mitochondrial complex |, which plays a key role in the
electron transport chain and ATP production. ATP is necessary for maintaining various cellular
functions, including the regulation of endothelial nitric oxide synthase (eNOS), which is
responsible for nitric oxide (NO) synthesis, a key player in vascular relaxation and endothelial
function*'. Dysfunction in NDUFC1 may reduce the efficiency of the electron transport chain,

leading to decreased ATP production, which can exacerbate endothelial dysfunction and
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smooth muscle cell impairment in blood vessels, contributing to the progression of high BP.
RPL39L also influences cell proliferation by regulating protein synthesis and mitochondrial
function*?. Furthermore, we have discovered one molecular function involving the novel locus
with lead variant 9:95507136:CG_C that is related to carbohydrate phosphatase activity
(Supplementary Figure S3 A). Enzyme activities involve catalyzing the removal of phosphate
groups from carbohydrates or carbohydrate derivatives. When mitochondrial structures are
damaged due to smoking-induced oxidative stress, it may disrupt the normal activity of these
enzymes, which results in altered metabolic processes and contributes to the pathogenesis of
smoking-related diseases, including metabolic disorders, and eventually leads to elevation in
BP.

There were 106 loci identified through GxE 2df joint model that were not significant in the
marginal genetic tests without accounting for smoking, which supports they were driven by gene
by smoking interactions (Supplementary Table S6). Some loci are at genes PRDM1677 43
(rs111063488), NOS3%8 4344 (rs117564322), CREB3L 1° (11:46323702:G_GA), GSDME'’
(rs2521769), NPR1?%43 (rs35479618), PRKD3? 6 (rs59916529), and YEATS2* (rs262969).
PRDM16 deficiency is associated with an increased risk of cardiomyopathy and cardiac
mortality*®, and its deficiency in vascular smooth muscle cells leads to disrupted BP circadian
variation*®. NOS3 (E298D and T-786C polymorphisms) was previously reported to be
associated with the risk of incident coronary heart disease with the interaction of cigarette
smoking®®. Recently, a study showed a positive impact of NOS3 on angiogenesis through
enhanced endothelial cells derived from induced pluripotent stem cells (iPSC-ECs)®'.
Additionally, loss of CREB3L 1 expression leads to upregulation of FGFbp1 and pleiotrophin,
both of which positively regulate angiogenesis®?. Therefore, NOS3 and CREB3L1 are potentially
associated with hypertension through the pathway of angiogenesis regulation®® *. GSDME-
mediated pyroptosis is associated with inflammation of lung® and atherosclerosis®, and there is
a strong link between atherosclerosis and hypertension®’. NPR1 in vascular endothelial cells is
the receptor for natriuretic peptides and thus an important regulator of BP via salt/water
balance®; NPR1 deficiency also leads to augmented expression of pro-inflammatory

cytokines®.
Several genes were discovered through the MAGMA and gene mapping and have been

associated with BP (Supplementary Table S8-S11). ULK4, one of the genes found in five

analyses for DBP and PP and other GWAS, encodes a member of the unc-51-like
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serine/threonine kinase (STK) family and plays a role in neuronal growth and endocytosis. It
was reported in many GWAS for BP and hypertension??¢%.61.62. HECTD4 and TRAFD1 were
also found in multiple MAGMA gene-based analyses. We also found several genes from novel
loci tied to fibroblasts based on eQTL GTEx/v8 evidence, such as PTCH1, TSHZ2, GLB1,
STARD3, and GRBY7 (Supplementary Table S12).

In this study, we developed and applied fine mapping to the 2df joint test, allowing us to pinpoint
the set of potential causal SNPs, particularly for loci that were not identified in the 1df marginal
tests at a significance threshold of P < 5 x 10~°. For instance, the novel locus with lead variant
rs8070260 in MYO19 was identified through the joint analysis of the genetic main effect and the
variant-CURSMK interaction effect (P,4f = 1.4 x 10~°) but was not detected in the marginal
genetic effect analysis (P4 = 8.3 x 107°). This underscores the value of fine mapping based
on the 2df joint test, which leverages its higher statistical power after accounting for
heterogeneous genetic effects by smoking exposures. Our 2df fine mapping narrowed down
116 (89.9%) association regions out of 129 selected loci (Supplementary Table S13). More
importantly, our 2df fine mapping method showed multi-ancestry fine mapping resulted in
narrower credible sets, likely due to the increased stringency of LD when combining data across
populations. Out of 29 loci on which we performed both CPMA and single ancestry fine

mapping, 19 (65.5%) loci showed a narrower credible set in the multi-ancestry fine mapping.

Based on the causal variants in 95% credible sets, we found more potential pathways or related
genes in the regulation of BP and the interaction with smoking. A novel locus with lead variant
rs8070260 in MYO19 was mapped to genes based on genomic position and chromatin
interaction, and the gene-set enrichment analysis indicates the mapped genes were related to
17912 copy number variation (CNV) syndrome (Supplementary Figure S4 A). 1712 CNV
syndrome has been linked to diabetes and kidney disease, both of which are related to
hypertension and cardiovascular disease® ¢ 6% The genetic deletions or duplications in this
region may affect pathways involved in vascular function, potentially increasing susceptibility to

high BP and heart disease.

We investigated three more loci that were only discovered in the 2df joint test and not significant
in the marginal genetic association test (M2). They were located at rs60722337 (MAEA),
rs6902892 (CCDC162P), and rs74598641 (GPR75-ASB3 /| ASB3). The causal variants were
mapped to genes RNF212, GPR75, etc. MAEA gene functions in transcriptional regulation while
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impacting the cell cycle and apoptosis®® 6" and may play a role in cancer development and
immune system functioning. CCDC162P was reported to be associated with human red blood
cell traits®®. ASB3 is involved in immune regulation, cell signaling, and the degradation of

specific proteins, mainly through its interaction with the ubiquitin-proteasome system®®: 7°.

Our study benefits from a large sample size and multiple population groups, allowing us to
identify both population-specific and shared genetic effects, and the LD structure in multi-
ancestry populations provides narrower credible sets in fine mapping compared to population-
specific fine mapping. Our study utilizes advanced statistical methods, including 2df fine
mapping, to improve the resolution of genetic signals. Additionally, functional annotation and
enrichment analyses provide mechanistic insights into the biological pathways underlying

genetic influences on BP traits with smoking interactions.

However, several limitations must be acknowledged. First, despite the large sample size, the
statistical power to detect genetic effects remains limited in ancestry groups with a smaller
number of participants such as South Asians and Hispanic admixed populations. Second, while
we aimed to control for potential confounders such as population stratification, residual
confounding may still exist, particularly for complex traits influenced by both genetic and
environmental factors. Third, the quality of fine mapping in meta-analysis highly depends on the
quality of LD in the reference panel used. If LD information is sourced from a reference panel
that does not match the population group, this could lead to misleading results on the causal

variants.

In conclusion, the identified novel loci and functional insights from enrichment analyses and fine
mapping highlight multiple biological pathways involved in BP regulation, modulated by the
effects of smoking. These pathways include those associated with cardiovascular complications,
pulmonary function through fibroblast cells, energy metabolism (specifically mitochondrial and
fatty acid metabolism), the immune system, and the broader circulatory system. Our findings
underscore the significant role of genetic variation in BP regulation, particularly in the context of

smoking interaction.
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4 Methods

4.1 Participating studies

Participants over 18 years old from all studies were stratified into five broad ancestry groups:
European ancestry (EUR), African ancestry (AFR), Hispanic admixed (HIS), East Asian
ancestry (EAS) and South Asian ancestry (SAS), and analyzed by sex groups (male, female,
and combined). All studies followed a centralized analysis protocol for investigating the genome-
wide gene-smoking interaction effect of BP. There were five types of studies: cross-sectional
studies of unrelated subjects, cross-sectional family studies of related subjects, longitudinal
studies of unrelated subjects, longitudinal family studies of related subjects, and case-control
studies. All contributing studies received approval from their respective institutional review
boards, and all participants provided written informed consent under the Declaration of Helsinki.

Further details about the participating cohorts are provided in the Supplementary Note.

4.2 Phenotypes and Lifestyle Variables

Resting/sitting SBP (mmHg), DBP (mmHg) and PP are considered as BP outcomes. Averages
of multiple readings of SBP and DBP were used in the analysis. SBP and DBP were further
adjusted for subjects taking any anti-hypertensive medications by adding 15 mmHg to SBP and
10 mmHg to DBP’'. PP values were then derived by subtracting DBP from SBP. Extreme
values, more than 6 standard deviations (SD) above or below the mean, were winsorized
respectively for the three BP outcomes. We considered three smoking variables, CURSMK,
CPD and PY. CURSMK is a dichotomous variable and coded as 1 if a participant is a current
cigarette smoker and as 0 if a participant is not a current cigarette smoker. CPD was only
derived in current smokers. PY was calculated using the following formula: PY = (CPD / 20) *
years of smoking. Current smokers were excluded from CPD and PY analyses if they had a
value of 0 or missing for that variable. Both CPD and PY were winsorized separately in males
and females after exclusion. If the number of current smokers in any group (for instance, a
population group or sex stratum) was less than 100 after exclusions and winsorization, only the

CURSMK analysis was conducted in that group.
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4.3 Genotype Data

Genotypes were imputed using reference panels from the Trans-Omics for Precision Medicine
(TOPMed) Imputation Server, Haplotype Reference Consortium (HRC) or 1000 Genomes
Project (1000G). SNPs with a minor allele frequency (MAF) less than 0.001 in the total sample
(sex-combined group), low imputation quality (r? < 0.3 if using MACH or INFO < 0.3 if using
IMPUTEZ2) and any SNPs mapping to sex chromosomes or mitochondria were excluded

(Supplementary Table S2).

4.4 Study-specific GWAS

We considered two models for each smoking-BP combination within each population-sex group
separately. Model 1 is a joint analysis of the main and interaction effects.

Model 1: E(Y) = By + BgE + BgSNP + BggE X SNP + B.C
where Y is the BP phenotype; E is one of the smoking variables CURSMK, CPD, or PY; SNP is
the dosage of the genetic variant; and C is a set of covariates including age, age?, sex when
analyzing males and females combined, field center (as appropriate), genetic principal
components (PCs), study-specific confounders, and their interaction with smoking variables E,
including age x E, age? x E, and sex x E when analyzing males and females combined. Under
the null hypothesis of S;; = 0, we assessed the interaction effect between the smoking variable
E and genetic variants with a 1df test. Under the null hypothesis of B; = B;r = 0, a 2df joint test
was conducted to assess the joint effect of genetic main effect and interaction effect. Model 2
only analyzes the marginal genetic effect under the null hypothesis of g; = 0, and the same
covariates are included.

Model 2: E(Y) = By + fgSNP + .C

Subjects with no GWAS data or missing data for any of the common covariates —including age,

sex, and PCs—were excluded from the analysis.

For cross-sectional studies with unrelated subjects, model-based p-values from linear model
were reported. Tools such as LinGxEScanR v1.0
(https://github.com/USCbiostats/LinGxEScanR), MMAP
(https://github.com/MMAP/MMAP.github.io), GEM v1.4.3 (https://github.com/large-scale-gxe-
methods/GEM), and EPACTS (https://github.com/statgen/EPACTS) were utilized. A two-step

approach was implemented for cross-sectional studies with related subjects: 1) linear mixed
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models using a kinship matrix to account for family relationships were generated using MMAP;
and 2) residuals from the linear mixed model were subsequently analyzed as the phenotype
using GEM v1.4.3. For longitudinal studies, a single visit for each population group was chosen
if it has contemporaneous measures of BP, use of anti-hypertensive medications, and smoking,
to maximize the sample size and methods used as stated above. For case-control studies, all

analyses were performed within case and control samples separately.

4.5 Quality Control

EasyQC27? (www.genepi-regensburg.de/easyqc2) was applied to perform quality control (QC)
on study-level and meta-level summary statistics within each population group, sex group, and
exposure type. In study-specific QC, hg19 build genomic coordinates were lifted over to hg38
genomic coordinates. Variants were excluded if they were monomorphic, had an INFO score (a
measure of imputation quality) below 0.6, had an effect allele frequency outside the range of
0.01 to 0.99 with an INFO score below 0.8, or if the minor allele count for either the unexposed
group (E=0) or the exposed group (E=1) was below 10. To implement a t-distribution based
approach, the effective sample sizes of independent observations in the exposed group or the
unexposed group Ng estimated in each study and the MAF of each genetic variant were used to

compute approximate degrees of freedom (DF)3.

4.6 Meta-analysis

For the 1df interaction test in Model 1 and marginal genetic effect in Model 2, inverse-variance
weighted fixed-effects meta-analysis was performed with METAL’# software. For the 2df joint
test in Model 1, inverse-covariance-matrix weighted joint fixed-effects meta-analysis of the
genetic main effect and the variant by environment interaction was performed in METAL
following Manning et al”®. All meta-analyses were conducted separately for males, females, and
the combined group. They were initially performed within each population group (EUR, AFR,
SAS, EAS, HIS) and subsequently across populations, with genomic control correction applied
to both the population-specific meta-analyses and CPMA. The analyses excluded variants
within 1 Mb of the major histocompatibility complex (MHC) region. Additionally, we removed
variants with only one population contributed in CPMA and considered variants with at least

20,000 subjects in all analyses. Additional criteria were applied in population-specific meta-
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analyses, requiring DFy;; = 20, DFgy = 10, DFz; = 10, INFO = 0.5, N > 100 for each
cohort/study, where DF is degrees of freedom approximated by N; and MAF.

4.7 Identification of genome-wide independent loci

We used the EasyStrata2’® package in R to identify and prioritize loci from significant findings

obtained through the 1df interaction test and 2df joint test.

A variant is considered significant if it satisfies the following criteria: (1) 1df interaction test

Pore < 5 X 107% and FDRg,; < 0.05 or 1df interaction test Pgxgme < 0.05/mg and
FDRgypm, < 0.05, (2) 2dfjoint test P4 < 5 x 107 and FDR,4f < 0.05. FDRg, is 1df GXE
false discovery rate (FDR) calculated based on all variants genome-wide. FDRgyg,m, . is 1df GXE
FDR calculated based on m,; variants, and m; represents the number of variants with marginal
test P, < 107° from Model 2. FDRgxg m, is 1df GXE FDR calculated based on m, variants.
FDR;4y is 2df joint FDR calculated based on all variants genome-wide. Significant variants and
nearby variants within 500 kb regions were grouped together, and independent loci were
identified by LD threshold r? < 0.1 using TOPMed-imputed 1000G reference panels. Loci were
classified as novel or known by assessing their overlap with regions within 1 Mb of variants

reported in previous GWAS studies for BP (see Supplementary Table S3 for known BP loci).

Heterogeneity across sexes was assessed using two-sample Z-tests under the null hypothesis
of homogeneity across sexes. For each top interaction locus, two-sample Z-tests’’ were
conducted to evaluate sex-specific effect size differences. A significance threshold of P =

1 x 10~° was applied to these heterogeneity tests.

4.8 Smoking status-stratified analyses

For the variants identified as significant in the 1df interaction test according to the criteria
described above, we conducted smoking status-stratified analyses using the tool j2s"’

(https://qgitlab.pasteur.fr/statistical-genetics/j2s). Summary statistics for each variant were

generated separately in smokers and non-smokers. These stratified results were used to

illustrate whether smoking status modified the genetic associations with BP.
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4.9 Gene-based analyses and functional annotations

Protein-coding genes were prioritized, and additional annotations for variant mapping were
obtained using FUMA v1.5.2.

MAGMA (v1.08)"® gene-based and gene-set analyses in FUMA were conducted using the full
spectrum of SNP p-values from 2df joint test. SNPs are mapped to 19,232 protein-coding genes
with 10 kb window size around the genes. Genome-wide significance was defined as P <

2.6 X 107° based on Bonferroni correction. Gene sets were obtained from MsigDB v7.0, and
15,496 total gene sets were tested. Significant gene set was defined as P < 3.23 x 10~ based
on Bonferroni correction. To further prioritize genes, the FUMA’s SNP2GENE pipeline was
applied to identify candidate genes based on positional mapping. Finally, pathway enrichment
analysis of the prioritized genes was performed using the FUMA’s GENE2FUNC pipeline to
identify enriched biological pathways, and GWAS catalog reported genes.

For novel loci, the FUMA’s SNP2GENE pipeline was applied to identify candidate genes based
on positional mapping (mapped to genes within 10 kb), chromatin interaction mapping (FDR <
1 x 107, 250 bp upstream - 500 bp downstream of transcription start site), and eQTL dataset
GTEx v8. Then, gene-set enrichment analysis was performed on mapped genes using FUMA'’s
GENE2FUNC.

4.10 Fine Mapping

We developed SuSiEgxe, a fine mapping approach that uses a 2df joint test in variant-CURSMK
interaction meta-analyses using summary statistics. We applied SuSiEgxe to our meta-analysis
results of SBP, DBP, and PP, accounting for genetic effect modification by smoking status
(current vs. non-smoking). Fine mapping in the framework of the Sum of Single Effects (SuSiE)
regression model® 7 was conducted in EAS, EUR, and a CPMA of five super-populations
combined. Identified causal SNPs in 95% coverage credible sets were mapped to genes based
on their genomic position, eQTL, and 3D chromatin interactions, followed by FUMA’s
GENE2FUNC gene-set enrichment analysis. More details about SuSiEgxe can be found in the

Appendix.
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Data Availability

The summary statistics will be made available upon publication.

Code availability

All computation central to the conclusions of this meta-analysis was conducted with the
following open-source software: LinGxEScanR (htips://github.com/USCbiostats/LinGxEScanR),
GEM v1.4.3 (https://github.com/large-scale-gxe-methods/GEM), MMAP
(https://mmap.github.io/), EPACTS (https://github.com/statgen/EPACTS), EasyQC2 and
EasyStrata2 (www.genepi-regensburg.de/charge-gli), METAL
(https://csg.sph.umich.edu/abecasis/metal/download/,

https://genome.sph.umich.edu/wiki/Meta Analysis_of SNPxEnvironment Interaction), j2s
(https://qitlab.pasteur.fr/statistical-genetics/j2s), and SuSiEgxe
(https://aithub.com/MengyuZhang1307/SuSiEgxe). Partial plots were generated by R package
ggman (https://github.com/stephenturner/qggman).
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Appendix

SuSiE model with gene-environment interaction terms (SuSiEgxe)

Consider a SuSiE model with gene by environment interaction term:

Y=Z{+e=GB+Ky+e @)
L

-(0)-3.0)

L L 48
a3 0)- (68
&, ~ Multinomial(1, 1) (4)
o= (1) ~ Moo, 200) ®)
e=(e,..,ep)T (6)
e; ~ N(0,02) (7)

Y is an N x 1 vector of phenotypes. G = (gl,...,gNg) is genotypes of N; SNPs for n subjects,

and K = (Kl,...,KNg) = (glEl,...,gNgENg) is variant-environment interactions of N; SNPs for N

subjects. B4,...,BL, Y1, ---, Y. are 2L single-effect vectors that have only one non-zero entry

(equal to B; and y, respectively), and their summation is the overall effect vector g and y. (8, ;)
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follows a bivariate normal distribution with X; as the prior covariance matrix. &; € {0,1}? is an
indicator vector following multinomial distribution which has only one non-zero entry. T =
(nl,...,np) is the prior inclusion probabilities of each SNP in G. ¢; is an independent error terms
with hyperparameter o2 as its variance. Assume columns of G is centered, and G and binary E

are independent.

When L = 1, it becomes single-effect regression (SER) model:

Y=Z({+e (8)

_ (B
¢=5=(3,) ©)
& ~ Multinomial(1, ) (10)
{ ~N,(0,Z) (11)
e; ~ N(0,02) (12)

IBSS-ss algorithms

The estimation of {; in equation (3) given {4,...,{;_; can be obtained by iteratively fitting a SER
model with Iterative Bayesian stepwise selection using sufficient or summary statistics (IBSS-ss)
(Zou et al. 2022). IBSS computes a variational approximation to the posterior distribution

described below.
Posterior distribution and credible sets computation under SER model
Considering SER model equations (9-12), the posterior distribution of { = & is

£12,Y,0% 2, ~ Multinomial(1, &)
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{1Z,Y,0%,20,& =1 ~Ny(py,215), j €(1,..Ny) (13)

6= (61,...,5Ng) is the vector of posterior inclusion probability (PIPs), where &;

i= Pr(fj =1|Z, Y,aZ,EO). By performing N, Bayesian simple linear regressions, the posterior

mean is
m;=21;S7'¢ (14)

where X ; is posterior covariance, S; is standard errors of estimates of joint effect 2j from

summary data, and

X = (St + 20‘1)_1 (15)
s;=0%(272)" (16)
i =(27z) " Zly a7
5= — 970 (18)

T &N
Z:j’g=1 mjr B
and the Bayes Factor (BF) for comparing this model to null model ({ = 0) is
BF; =BF(Z;,Y;0% %)

_ Pr(v12z;,0%%,)
T Pr(v 125020 =0) (19)

(B e 1 1s
= |2 exp<—(§(£0+sj) zosjlg-)
2o 7 \2

Equations above show that the posterior distribution of ¢ can be written from Z7Z and Z7Y. |

denote the function that returns it as SER — ss(Z7Z,Z"Y;02,X,) : = (6, u1, £,) under SER model.
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A credible set is the set of variants with top PIPs. Variants are ranked in descending order and
then added sequentially, starting from the highest PIP, until the cumulative PIP reaches the
predefined 95% threshold. This set contains the most likely variants contributing to the trait with

a specified probability of interest.
Sufficient statistics and approximations from GWAS meta-analysis summary data

Assume that the sample size N is large and effect sizes are small. Considering a SER model for

¢; = 1, meaning only variant j has effect on Y, the score test statistics of 2df joint test is

Toar =85S;'%;

2T T
o, 4527 z] (20)
=NAf(1_Aj) ’ YTY
Therefore, the residual variance is
L Y-y
J n
T Taf +N
and
=(Z77.):
_ ) @)
=07S;7¢

Z"Z can be approximated using LD matrix R from the reference panel. Besides the correlation

between variants g; and g;, the correlation between variants g; and variant-environment
interaction K, correlation between K; and K; are considered as well. Since E is binary, g7 K; =

K] K;. From equation (16), we know

~
~

T T
T T
Kig; K;K;
_ ~2c¢c-1
i°S;

(23)
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Assuming g and E are independent, we have

9 K;=1; |9]K.g"K; (24)

H

K/K;=r; |K[K,K K; (25)

where 7;; is the LD between variant i and j. Therefore, combining equation (23) and LD matrix

from reference panel or in-sample LD matrix, sufficient statistic Z”Z can be constructed and its

semi-positive definiteness is guaranteed.
Details in IBSS-ss in SuSiEgxe

The evidence lower bound (ELBO) of SuSIE model equations (1-7) can be obtained by
maximizing the ELBO for the SER model [ and its ELBO is defined as

9:(vy)

g qa(v) (26)

_ N 1 _
Fi(q, g1,0%7) = —EZOQ(ZHUZ) - Tﬂqu[llrl —vl*] + Eq [lo

where v, = Z{;, {; ~ g;, g, is a pre-specified prior distribution for {;, q; € Q and Q is all possible
distribution on {. 7, : = Eg [r] : = Eq,[Y — Xy 2 vy] =Y — Xy vy is expected residuals, where v,

= Vig,e -, V)" = Eq,(Vig, ..., vin)" and v := (vy,...,v,) are expected value under g;.

The second term of equation (26) is the expected residual sum of squares (ERSS) under the

variational approximation q;, which is derived as

Y_Zvl’_VI

1=+l

9
Eq [I7 - vil’] = Eq,

L - 2
=YTy — 2YTy, + Eq, z 27)

=1 LI =1

L L
=yTy — z 2YTv, + z V] v, = V[V, + Eq,(viv)
=1 =1
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where E[vlTrvl] = 0 since the posterior mean for different [ are independent to each other. v; =

¥_1Z Eq (0], and §; = Eq,[¢1;] = ajma ) is the first moment of ¢;;. For the last term of equation

(27),

[y

i

p p 2
z zgij Bij +2Kij Yij (28)
=1

N
i=1 \j=1 j=
N

(9121&2] + Kizjylzj + ZginijBlj]/lj)

NE

2.

i=1j=1

where B;B,;» = 0, Bijv,;» = 0 and y;y,;» = 0 because only one element in {; is non-zero under

SER model I. Thus,

N P
Eq(Tv)) =) (ghFa B3]+ KZEq[v3] + 20K [Biv,])

i=1j=1
p (29)

= (670,563 + KT B 3] + 207Ky By )
j=1

where the expectation terms are the second moment of ¢;;

E.[BE]  EqlBiyvi]
E [c,.cT] =| "alPy gt
ql[CUclj] [qu[ﬁljylj] qu[]/lzj] (30)

= aj(”l,ljﬂ{,lj + 21,11'),

and Z]-TZ,- same as in equation (23)

T T
I gTK; KTK
g;K; KR

The third term of equation (26) is —Dg; (q; Il g;), where Dk, (q; I g;) is Kullback—Leibler (KL)

divergence from q; to g;.
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91(vy)

P
_ i 1 T
Eq, [log ao| T z ajlog % + 552 ( 2Eq,(v)) + qu(vl vl)) + constant

j=1

The second term is posterior expected log-likelihood for SER model .

The IBSS-ss algorithm for SuSiEgxe can be found in Algorithm 1.

Algorithm 1 IBSS-ss for Gene-environment interaction studies.
Require: Sufficient statistics Z{ Z;, Z]Y, LD matrix from reference panel R.
Require: Number of effects, L; initial estimates of hyperparameters 2, X,.

Require: Initial estimates of the posterior mean single effects, ¢;, forl =1, ..., L.

repeat
step 1: Compute expected residuals.
p—Z'Y-Z"Z¥] .3
step 2: Fit L SER models iteratively.
fortini,..,L do
p<p+2Z7, Disregard lth single effect in residuals.
(a,py,,0%,) « SER —ss(Z7Z,pj; 0% Z4;) Fit SER to residuals.
Eg 8] < aimy; Compute posterior first moment.
Eq [0;3h] < aj(majml ) + £1,)) Compute posterior second moments.
p—p —2"77, Update expected residuals.
end for
until convergence criterion is satisfied

return ay, g 1,211, 0, Uy 1, 21 1
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Figure 1. Two-degree-of-freedom fine mapping of locus with lead variant 2:26692756:T_G (rs12476527)
on gene KCNK3. a) East Asian ancestry. b) Cross-population meta-analysis. The figure shows causal SNPs
(triangles) on gene KCNK3 for variant-CURSMK interaction on DBP. Lead variant is indicated by squares. The
grey dashed horizontal line marks the threshold for genome-wide significance at —log,, 5 x 107°. The red

dashed vertical lines mark the range of credible sets.
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Table1. Novel BP Loci Identified in Cross-Population Meta-Analysis

Position Interaction Interaction
Locus Trait Exposure Sex rsID Alleles(E/A) EAF? N Closest Gene Function Pxg OF Pagy HetPVal®
(hg38) Effect Est Effect SE
Novel loci identified by 1df test in combined sex analyses
Intergenic,
1 SBP CURSMK COMBINED rs61840542 10:48289809 TIC 0.0512 888016 FRMPD2, RP11-542E6.3 0.0041 0.0007 4.69E-09 0.6639
Intergenic
Intergenic,
2 PP CPD COMBINED rs35975869 2:6552172 CIG 0.0101 82854 AC021021.2, hsa-mir-7515 0.2553 0.0408 4.087E-10 0.1708
Intergenic
Novel loci identified by 2df test in combined sex analyses
Intergenic,
3 DBP CURSMK COMBINED rs1106090 2:57841606 AG 0.5935 1179600 CTD-2026C7.1, VRK2 0.05627 0.04113 2.822E-09 0.338
Intergenic
4 DBP CURSMK COMBINED rs11293017 6:63509385 AAT 0.4629 1059650 EEF1B2P5 Intergenic -0.04244 0.04548 2.52E-09 0.1325
5 DBP CURSMK COMBINED - 9:95507136 CG/IC 0.777 1056190 RP11-43505.5 ncRNA_exonic -0.02874 0.05344 3.398E-09 0.2432
6 DBP CURSMK COMBINED rs8070260 17:36511076 AG 0.4695 1179170 MYO19 Intronic 0.06636 0.04069 1.358E-09 0.2403
7 DBP CURSMK COMBINED rs6123158 20:52337620 AG 0.5765 1182960 RP4-723E3.1 ncRNA_intronic 0.003827 0.04213 2.019E-09 0.5572
8 SBP CURSMK COMBINED rs140470470 4:139295340 TIC 0.0152 1074210 NDUFC1 Intronic 0.1008 0.2772 1.187E-10 0.3379
9 PP CURSMK COMBINED rs34408570 3:33200699 CIG 0.116 1170410 SUSD5 Intronic -0.1714 0.07414 1.958E-09 0.05021
10 PP CURSMK COMBINED rs111563399 3:187170275 TIC 0.9472 900381 RPL39L Intronic 0.04153 0.1222 1.29E-09 0.8205
Intergenic,
11 PP CPD COMBINED rs143429637 12:59947323 AG 0.0076 92630 RP11-813P10.2, AC091517.1 0.05556 0.0306 1.19E-14 0.03971
Intergenic
Novel loci identified by 2df test in Males
12 DBP CURSMK MALE rs72832924 17:39740603 TIC 0.1624 648750 GRB7 Intronic -0.1119 0.07346 2.767E-10 0.07679

Note: a) Effect allele frequency. b) P values of testing sex heterogeneity.

42



https://doi.org/10.1101/2025.10.06.25337440
http://creativecommons.org/licenses/by/4.0/

Table 2. BP Known Loci Identified Using the 1df Interaction Model.

Nearby Known BP

Position Alleles Closest Interaction Interaction Pgygor
Locus Population Trait Exposure Sex rsID EAF? N Protein-coding Genes HetPVal®
(hg38) (E/A) Gene Effect Effect SE Pexemg
within 500kb
1 EUR PP PY FEMALE rs56654546 1:40091270 AT 0.8953 32039 PPT1 COL9A2 0.0305 0.0092 9.646E-4° 0.8835
PPTC7;MYL2;
2 EAS DBP CURSMK MALE rs11065783 12:110958445 AG 0.7299 120049 LINCO1404 0.5532 0.1319 2.718E-5° 0.3930
CUX2;SH2B3
MYL2;,CUX2;
3 EAS SBP CURSMK MALE rs78572043 12:111080689 AG 0.8037 118774 Ccux2 0.9466 0.2329 4.81E-5° 0.6556
SH2B3;ATXN2
PP 0.7664 246722 CUX2;SH2B3;ATXN2;AC 0.8102 0.1201 1.496E-11 0.8834
4 EAS CURSMK COMBINED rs3782886 12:111672685 T/IC BRAP AD10;ALDH2;,ERP29;
SBP 0.7616 246817 1.833 0.1819 6.982E-24 0.3451
NAA25;TRAFD1
FEMALE 0.2303 121133 ACAD10;ALDH2,ERP29; -1.3513 0.2676 4.422E-07° 0.7372
5 EAS DBP CURSMK rs116873087 12:112074109 CIG NAA25 NAA25;TRAFD1;
COMBINED 0.2232 246773 -1.0736 0.121 6.979E-19 0.1518
HECTD4,RPL6-ALDH1
DBP 0.2452 120049 ACAD10;ALDH2;ERP29; -0.5786 0.138 2.758E-5° 0.5172
6 EAS CURSMK MALE rs12231737 12:112136812 T/IC TRAFD1 NAA25;TRAFD1;
SBP 0.2429 120074 -0.9374 0.2149 1.285E-5° 0.4551
HECTD4,RPL6-ALDH1
DBP 0.2447 281269 -0.9517 0.1166 3.319E-16 0.1495
ERP29;NAA25; TRAFD1;
7 CPMA PP CURSMK COMBINED rs11066280 12:112379979 AT 0.2383 281218 HECTD4 -0.7257 0.1199 1.43E-09 0.5824
HECTD4,RPL6-ALDH1
SBP 0.2433 281313 -1.6825 0.1817 2.07E-20 0.2010
8 CPMA PP CURSMK COMBINED rs4237919 12:20091096 AG 0.3756 1170940 LINC02398 PDE3A -0.2266 0.0484 2.869E-06° 0.5847
9 EAS SBP CURSMK MALE rs1327235 20:10988382 AG 0.4894 120074 LINC02871 SLX4IP; JAG1;,BANF2 0.7364 0.169 1.32E-5° 0.4131
MAL2;SNORA32;NOV;
10 EUR PP PY COMBINED rs16892639 8:119450019 AT 0.257 88822 - CCN3 - ENPP2; 0.0145 0.0038 1.223E-4° 0.0860
ENPP2;DEPTOR

Note: a) Effect allele frequency. b) Bonferroni corrected significant loci at 1df interaction test: Poxgm, < 0.05/mg and FDRgygm, < 0.05, where FDRgym, is 1df GXE false discovery rate (FDR) calculated based on mg variants, and m; represents the

number of variants with marginal test P; < 10~° from Model 2. c) P values of testing sex heterogeneity.
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Table 3. Smoking Status-Stratified Summary Statistics at Significant 1df Interaction Loci Known for BP

Genetic Genetic Genetic Genetic
Position Alleles N N
Locus? Population Trait Exposure Sex rsID EAF® N Effect Effect SE P(E=1) Effect Effect SE P (E=0)
(hg38) (E/A) (E=1)° (E=0)
(E=1) (E=1) (E=0) (E=0)
2 EAS DBP CURSMK MALE rs11065783 12:110958445 AG 0.7299 120049 32416 1.101 0.114 3.793E-22 87632 0.527 0.068 1.271E-14
3 EAS SBP CURSMK MALE rs78572043 12:111080689 AG 0.8037 118774 32079 2.779 0.204 3.595E-42 86694 1.771 0.120 1.570E-49
PP 0.7664 246722 40820 1.087 0.113 6.855E-22 205901 0.268 0.049 3.917E-08
4 EAS CURSMK COMBINED rs3782886 12:111672685 T/IC
SBP 0.7616 246817 40843 2727 0.172 2.478E-56 205973 0.886 0.075 6.575E-32
FEMALE 0.2303 121133 8196 -1.584 0.256 6.204E-10 112936 -0.240 0.067 3.428E-04
5 EAS DBP CURSMK rs116873087 12:112074109 CIG
COMBINED 0.2232 246773 40828 -1.692 0.114 2.923E-50 205944 -0.623 0.049 1.477E-36
DBP 0.2452 120049 8196 -1.462 0.249 4.186E-09 112936 -0.251 0.066 1.299E-04
6 EAS CURSMK MALE rs12231737 12:112136812 T/IC
SBP 0.2429 120074 32430 -2.889 0.186 3.749E-54 87643 -1.854 0.112 7.202E-62
DBP 0.2447 281269 53924 -1.511 0.111 3.142E-42 227344 -0.567 0.048 1.338E-31
7 CPMA PP CURSMK COMBINED rs11066280 12:112379979 AT 0.2383 281218 53915 -0.993 0.114 3.251E-18 227302 -0.257 0.049 1.669E-07
SBP 0.2433 281313 53935 -2.528 0.175 2.439E-47 227377 -0.837 0.076 5.785E-28
8 CPMA PP CURSMK COMBINED rs4237919 12:20091096 AG 0.3756 1170940 224496 -0.093 0.046 0.042 946443 0.129 0.020 2.878E-10
9 EAS SBP CURSMK MALE rs1327235 20:10988382 AG 0.4894 120074 32430 0.097 0.145 0.505 87643 -0.618 0.089 4.897E-12

Note: a) Same locus has the same number same as in Table 2. b) E = 1 is exposed group to smoking. c) E = 0 is unexposed group to smoking
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