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Abstract
Background  Preeclampsia (PE) is a heterogeneous, multi-organ pregnancy disorder that poses a significant health 
burden globally, with its pathogenesis remaining unclear. This study aimed to identify novel susceptibility genes for 
PE through a cross-ancestry genome-wide association study (GWAS).

Methods  We performed meta-analysis to summarize the PE GWAS data from the United Kingdom, Finland, and 
Japan. Subsequently, the multi-ancestry sum of the single-effects model was used to perform cross-ancestry fine-
mapping. The functional mapping and annotation (FUMA)-expression quantitative trait loci (eQTL) mapping method, 
transcriptome-wide association study (TWAS)- functional summary-based imputation (FUSION) method, genome-
wide complex trait analysis (GCTA)-multivariate set-based association test (mBAT)-combo method, and polygenic 
priority score (PoPS) method were employed to screen for candidate genes. We utilized biomarker expression level 
imputation using summary-level statistics (BLISS), based on summary-level protein quantitative trait loci (pQTL) data, 
to conduct a multi-ancestry proteome-wide association study (PWAS) analysis, followed by candidate drug prediction.

Results  Six novel susceptibility genes associated with PE risk were identified: NPPA, SWAP70, NPR3, FGF5, REPIN1, and 
ACAA1. High expression of the NPPA and SWAP70 and low expression of the remaining genes were associated with a 
reduced risk of PE. Furthermore, we identified drugs that target NPPA, NPR3, and REPIN1.

Conclusions  Our study identified NPPA, SWAP70, NPR3, FGF5, REPIN1, and ACAA1 as novel genes whose predicted 
expression was linked to the risk of PE, offering new insights into the genetic framework of this condition.
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Introduction
Preeclampsia (PE) is a pregnancy disorder character-
ized by a systolic blood pressure of approximately 140 
mmHg and/or a diastolic blood pressure of at least 90 
mmHg, measured at least twice, four hours apart in pre-
viously normotensive women after 20 weeks of gestation; 
it is accompanied by proteinuria or other maternal end-
organ dysfunctions including acute kidney injury, liver 
involvement, neurological complications, hematologi-
cal complications, pulmonary edema, and uteroplacen-
tal dysfunction [1, 2]. With improper treatment, PE can 
progress to eclampsia, stroke, and even death [3]. Cur-
rently, PE affects approximately 1.2–8% of pregnancies 
worldwide and accounts for more than 76,000 maternal 
and 500,000 perinatal deaths annually [1, 4]. Although PE 
poses a significant health burden worldwide, the specific 
underlying mechanisms remain unclear. Traditionally, PE 
has been recognized as a progressive disease character-
ized by impaired placentation resulting from inadequate 
remodeling of the spiral arteries, followed by oxida-
tive stress (OS) and systemic maternal endothelial dys-
function [5]. Multiple factors, including genetic factors, 
immune-system modifications, abnormal metabolism, 
and an imbalance between angiogenic and anti-angio-
genic factors, may contribute to PE [6, 7].

Although the exact mechanisms involved in the patho-
genesis of PE are not yet fully understood, an increasing 
number of studies based on limited sample sizes have 
demonstrated that dysregulation of gene expression plays 
a significant role in its development [8, 9]. Currently, 
some genome-wide association studies (GWASs) inves-
tigating the risk of PE have been conducted; however, 
most of these studies focused on specific racial groups 
[10]. Considering the variations in allele frequency, link-
age disequilibrium (LD), and effect size among different 
populations, it is crucial to conduct GWAS in ancestrally 
diverse groups. This approach will facilitate the identi-
fication of both ancestry-shared and ancestry-specific 
genetic associations related to PE, ensuring that the 
GWAS findings are broadly applicable [11].

To identify new susceptibility genes for PE across 
diverse ancestries, we conducted this study using a meta-
analysis of GWAS to summarize GWAS data from the 
United Kingdom, Finland, and Japan. This study aims to 
identify ancestry-shared genetic associations related to 
PE, and our findings may contribute to developing more 
universally applicable strategies for the treatment of PE.

Materials and methods
Study design
The data analysis process is illustrated in Fig. 1. First, we 
collected the PE data from three publicly available GWAS 
databases. Next, we performed a meta-analysis of the 
acquired data to obtain the GWAS results across various 

racial groups. Subsequently, fine-mapping and screening 
of the candidate genes were conducted. Finally, we per-
formed a preliminary exploration of potential therapeutic 
targets for these candidate genes.

Datasets
Publicly available data were used for this study. To obtain 
the PE GWAS data, we selected: GCST90301704 from 
the GWAS catalog, which includes 194,127 samples 
(1728 cases and 192,399 controls) from the United King-
dom; the FinnGen R11 dataset, which comprises 242,332 
samples (8,185 cases and 234,147 controls) from Finland; 
and GCST90018686 from the GWAS catalog, which 
contains 82,085 samples (123 cases and 81,962 controls) 
from Japan [12–14]. Expression quantitative trait loci 
(eQTL) data were obtained from the Genotype Tissue 
Expression (GTEx) v8 dataset web portal and the eQTL-
Gen Consortium. The GTEx v8 dataset comprises 17,382 
samples from 52 tissues and 2 cell lines, whereas the 
eQTLGen Consortium includes 16,987 genes and 31,684 
cis-eQTLs derived from blood samples of predominantly 
healthy European individuals [15–17]. The protein quan-
titative trait loci (pQTL) data were acquired from: the UK 
Biobank Pharma Proteomics Project (UKB-PPP), which 
provides information on 2,923 proteins from 54,219 UKB 
participants; deCODE Genetics, which includes 4,907 
plasma proteins from 35,559 Icelandic participants; and 
the Atherosclerosis Risk in Communities (ARIC) study, 
which includes 4,483 plasma proteins from 7,213 individ-
uals of European American descent [18–20].

Statistical analysis
We included the three summary statistical datasets 
described above to perform a GWAS meta-analysis 
using METAL [21]. METAL is a software tool designed 
for the meta-analysis of GWAS that allows research-
ers to combine data from different studies or databases 
to increase the power to detect genetic associations with 
traits of interest [22]. Single nucleotide polymorphisms 
(SNPs) with a minor allele frequency (MAF) > 0.01 and 
a HetPVal > 0.05 [23] were retained. The following analy-
ses were based on GWAS data obtained from the meta-
analysis. HetPVal is primarily used to assess the degree 
of heterogeneity in the association results across vari-
ous subgroups or data sources. HetPVal < 0.05 is widely 
accepted as an indicator of significant heterogeneity in 
the association results among subgroups. This suggests 
that we cannot simply aggregate the association results 
from each subgroup to arrive at a universally applicable 
conclusion. Consequently, in line with a previous study 
[23], we included SNPs with a HetPVal > 0.05 in the 
present study to exclude those that exhibited significant 
heterogeneity. Unlike Mendelian randomization, cur-
rent cross-ancestry GWASs cannot perform sensitivity 
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analyses. As a result, similar to other GWASs, we did not 
perform sensitivity analyses [24]. However, in our study, 
we employed various methods to identify reliable new 
susceptibility genes; these methods can be considered as 
indirect sensitivity analyses.

Probabilistic fine-mapping of causal gene sets
To perform fine-mapping, we utilized the multi-ancestry 
sum of the single effects model (MESuSiE), a probabi-
listic fine-mapping method that enhances the accuracy 
and resolution of fine-mapping by leveraging associa-
tion information across different ancestries [25]. Proba-
bilistic fine-mapping is a crucial approach in genomic 
studies aimed at identifying causal gene sets associated 
with complex traits and diseases. This method lever-
ages statistical models to prioritize genetic variants and 
genes that are most likely to have a causal effect on a 

given phenotype [26]. MESuSiE improves the fine-map-
ping resolution compared to existing approaches. It uses 
summary data as input, considers various LD patterns 
observed across different ancestries, explicitly models 
both shared and ancestry-specific causal SNPs, and uti-
lizes a variational inference approach for scalable com-
putations. We performed MESuSiE using PLINK 2.0 and 
Rstudio 4.4.0 software [27]. SNPs with a posterior inclu-
sion probability (PIP) > 0.5 were considered significant. 
PIP is used to evaluate the likelihood that a genetic varia-
tion, such as an SNP or gene, serves as a causal factor in a 
biological trait. PIP > 0.5 indicates a relatively high prob-
ability that the genetic variation is associated with the 
disease [24]; this is utilized in the present study.

Fig. 1  Flowchart of the study. FDR, False discovery rate; FUMA, Functional Mapping and Annotation; FUSION, Functional summary-based imputation; 
GCTA, Genome-wide complex trait analysis; GWAS, Genome-wide association study; mBAT, Multivariate set-based association test; PoPS, Polygenic prior-
ity score; PWAS, Proteome-wide association study; TWAS, Transcriptome-wide association study
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Candidate gene selection
eQTL mapping is a method that links genetic variation 
to gene expression, enabling the identification of genomic 
loci that contain regulators of gene expression [28]. eQTL 
mapping can help elucidate the genetic architecture by 
linking genetic variants to changes in gene expression 
that may contribute to disease susceptibility [29]. We 
performed eQTL mapping using functional mapping 
and annotation (FUMA) web applications. FUMA eQTL 
mapping utilizes data from three repositories: GTEx, the 
Blood eQTL Browser, and the BIOS QTL Browser [30]. 
It maps SNPs to genes based on significant eQTL asso-
ciations. We applied a false discovery rate (FDR) thresh-
old of 0.05 in each analysis to identify significant eQTL 
associations.

Transcriptome-wide association studies (TWASs) can 
provide valuable insights into the relationships between 
genes and traits by integrating the effects of eQTLs 
into a single, robust predictor of gene expression [31]. 
It is a powerful tool for bridging the gap between geno-
types and phenotypes, offering a deeper understand-
ing of the genetic basis of complex traits and diseases 
across various organisms and conditions [32]. We used 
the functional summary-based imputation (FUSION) 
tool to examine the causal relationships between gene 
expression levels and PE using Rstudio 4.4.0 software. 
Candidate genes were identified as those with an FDR-
corrected p-value < 0.05.

The genome-wide complex trait analysis (GCTA)-mul-
tivariate set-based association test (mBAT)-combo inte-
grates various test statistics without requiring knowledge 
of the correlation structure by combining the mBAT and 
fastBAT test statistics through a Cauchy combination 
method [33–35]. This method is particularly advanta-
geous in scenarios where multiple SNPs within a gene or 
genomic region collectively influence a trait, thus pro-
viding a more comprehensive understanding of genetic 
influences on complex traits [34]. Using the Linux oper-
ating system, we utilized data from the 1000 Genomes 
Project Phase 3 to perform a GCTA-mBAT-combo anal-
ysis for gene prioritization. Differences were considered 
statistically significant at an FDR-corrected p-value of 
< 0.05.

The polygenic priority score (PoPS) can prioritize 
causal genes identified in GWAS that predict polygenic 
genetic associations based on gene expression profiles, 
protein-protein interaction networks, and pathway data-
bases [36]. By learning biologically relevant properties 
from various gene features, PoPS can effectively prioritize 
causal genes associated with complex traits and diseases 
[37]. This method has shown promise for identifying 
gene-trait pairs with high precision, not only confirming 
well-established relationships but also nominating new 

genes at unresolved loci [36]. We utilized PoPS to iden-
tify the top 10% rated genes as candidate genes.

The final candidate genes were identified by inter-
secting the genes identified using the four approaches 
described above.

Proteome-wide association study (PWAS) analysis
We utilized biomarker expression level imputation using 
summary-level statistics (BLISS), a novel method devel-
oped to create protein imputation models based on sum-
mary-level pQTL data, to conduct multi-ancestry PWAS 
analysis [38]. By integrating proteomic data with GWAS 
findings, PWAS provides a more direct understand-
ing of how genetic variations influence diseases through 
changes in protein abundance and function [39]. We 
conducted a trans-ethnic PWAS analysis using RStudio 
4.4.0 software, based on the three pQTL datasets men-
tioned above. Additionally, we applied an FDR-corrected 
p-value of < 0.05 to obtain the most significant results.

Candidate drug prediction
To determine whether the discovered genes could be 
effectively used as therapeutic targets, we used the Drug 
Signatures Database (DSigDB) to evaluate potential 
protein-drug interactions [40]. DSigDB contains 22,527 
gene sets and 17,389 unique compounds associated with 
19,531 genes, facilitating the identification of connec-
tions between drugs, chemicals, and their target genes. 
The identified target genes were uploaded to DSigDB, 
enabling the prediction of drug candidates to evaluate 
the medicinal activity of these target genes. Enrichr is 
a comprehensive web-based tool that features 180,184 
annotated gene sets from 102 distinct gene set libraries 
[41–43]. Enrichr can analyze the interactions between 
transcription factors and their target genes after import-
ing gene information for the key module. We used the 
Proteomics Drug Atlas module in Enrichr to analyze 
the expression of target genes, which may reveal their 
potential mechanisms as therapeutic targets. Differences 
were considered statistically significant at an adjusted 
p-value < 0.05.

Results
Overall, we identified 164 SNPs associated with the risk 
of PE from meta-analysis of the GWAS data (Fig. 2).

Fine-mapping results
One of the key aspects of probabilistic fine-mapping is its 
ability to incorporate functional annotations to improve 
the accuracy of identifying causal variants. For instance, 
a Bayesian framework can be used to systematically inte-
grate functional annotations, which has been shown to 
increase the discovery power and fine-mapping accuracy 
in GWAS. This approach allows researchers to compute 
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the maximum a posteriori solution and optimize penalty 
parameters through cross-validation, thereby improv-
ing the identification of causal variants in complex traits. 
In the present study, we identified multiple genetic loci 
associated with PE that were fine-mapped. We con-
ducted a detailed analysis of their ancestral specifici-
ties and discovered that rs62368100 was shared among 
individuals of European and Asian ancestry within the 
upstream and downstream regions, specifically between 
positions 32,821,939 and 32,841,939 on chromosome 5 
(PIP = 0.575). However, in the same region of chromo-
some 5, rs1173709 may have a specific effect on European 
populations (PIP = 0.718). Figure 3 presents the details of 
these results.

Candidate gene screening
Integrating eQTL data with GWAS enhances the abil-
ity to identify causal genes and pathways involved in 
complex traits. This integration can reveal pleiotro-
pic eQTLs affecting multiple traits, thereby providing 
a more comprehensive understanding of the genetic 
basis of phenotypic variation. Additionally, the TWAS-
FUSION method is instrumental in identifying candi-
date genes associated with complex traits and diseases. 
GCTA-mBAT-combo analysis is especially useful in the 
context of pleiotropy, where a single genetic variant can 
affect multiple phenotypic traits, a common occurrence 
in complex diseases. PoPS not only improves the accu-
racy of gene prioritization at GWAS loci, but also offers 
valuable insights into the complex interplay between 
genetic variants and phenotypic traits, ultimately con-
tributing to the advancement of precision medicine and 
the identification of novel therapeutic targets. We used 
FUMA eQTL mapping, TWAS-FUSION, GCTA-mBAT-
combo, and PoPS methods to identify 12, 145, 27, and 

1691 candidate genes, respectively. Two candidate genes, 
NPPA and NPR3, met the stringent criteria after analyz-
ing the intersection of the previously mentioned genes 
(Fig.  4). Furthermore, high expression levels of NPPA 
(Z = 6.449) and low expression levels of NPR3 (Z= -5.372) 
both decrease the risk of PE.

PWAS analysis
PWAS represents a significant advancement in genetic 
research, offering a more nuanced understanding of the 
molecular mechanisms underlying complex diseases. 
By focusing on protein-level changes, PWAS analysis 
bridges the gap between genetic variants and pheno-
typic outcomes, paving the way for novel therapeutic 
strategies. Using BLISS, we identified four genes (FGF5, 
REPIN1, ACAA1, SWAP70) whose regulated protein lev-
els were associated with PE at an FDR-corrected p-value 
of < 0.05. Table 1 summarizes the detailed results of the 
PWAS analysis. According to these results, low expres-
sion levels of FGF5, REPIN1, and ACAA1 were associated 
with a decreased risk of PE. In contrast, high expression 
level of SWAP70, a protective gene against PE was associ-
ated with a lower risk of developing PE.

Potential therapeutic targets
The DSigDB is a valuable resource for predicting poten-
tially effective interventional drugs by leveraging a 
comprehensive collection of drug signatures. This data-
base facilitates the identification of drugs that poten-
tially reverse or modulate the effects of specific gene 
expression profiles associated with various diseases. 
The DSigDB was used to predict potentially effective 
intervention drugs. According to the results presented 
in Table  2, the most significant drugs associated with 
NPPA included cyclic GMP (CTD 00006063), glycerol 

Fig. 2  Manhattan plot illustrating the meta-analysis of GWAS data
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(CTD 00006038), alprostadil (CTD 00005360), labetalol 
(CTD 00006196), felodipine (CTD 00007084), irbesartan 
(CTD 00002968), furosemide (CTD 00006012), bonuten 
(CTD 00005895), naloxone (CTD 00006373), epirubi-
cin (CTD 00007057), phenylephrine (CTD 00006521), 
aldosterone (CTD 00005347), spironolactone (CTD 
00006774), and atenolol (CTD 00005448). Methyl salicy-
late (CTD 00001586), potassium (CTD 00006595), and 
barium (CTD 00005464) were the three most signifi-
cant drugs linked to NPR3. Additionally, progesterone 
(CTD 00006624) interacted with both genes. Addition-
ally, we found that the drugs HX 531 UP, NNC 26-9100 
UP, H-Arg(NO2)-OH UP, Bisphenol A UP, Crizotinib UP, 
Nisoldipine UP, Paliperidone UP, BEC Down, Rifaximin 
Down, Eptifibatide Down, TC-O 9311 Down, P005091 

Down, LY411575 Down, GSK343 Down, and Torcetrapib 
Down were most significantly associated with REPIN1.

Discussion
Cross-ancestry GWASs have proven beneficial for identi-
fying new genetic associations, enhancing the fine-map-
ping of causal variants and increasing their applicability 
to underrepresented populations [44, 45]. However, to 
date, no cross-ancestry GWASs have been conducted 
on PE. In the present study, we conducted cross-ances-
try GWAS meta-analyses to identify new susceptibility 
genes and potential therapeutic targets for PE. Consis-
tent with previous studies [46, 47], we utilized only cross-
ancestry GWAS data without incorporating single-cell 
RNA sequencing (scRNA-seq) data to uncover the 

Fig. 3  The results of the cross-ancestry fine mapping. PIP, Posterior inclusion probability
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ancestry-shared and ancestry-specific genetic associa-
tions of PE and to ensure that the obtained findings are 
broadly applicable.

The results of the MESuSiE indicated that certain loci 
exhibited significant differences among various popula-
tions, whereas others demonstrated common genetic 
effects in both European and Asian populations. Addi-
tionally, some loci may have specific effects in either 
European or Asian populations. These findings provide 
new insights into the genetic heterogeneity of PE across 
racial groups. In addition, our study identified a correla-
tion between elevated NPPA and SWAP70 expression, 
along with a reduction in the expression of NPR3, FGF5, 
REPIN1, and ACAA1, all of which are associated with a 
decreased risk of PE.

The natriuretic peptide gene NPPA and its clearance 
receptor NPR3 have been found to be associated with PE. 

Natriuretic peptide hormones are implicated in control-
ling the regulation of blood pressure and kidney function, 
among their several other effects [48]. Armstrong et al. 
found that mice lacking atrial natriuretic peptide expres-
sion developed gestational hypertension and proteinuria 
[49]. Similar to PE, these mice exhibit impaired tropho-
blast invasion and remodeling of uterine spiral arteries 
[8]. SWAP70 is associated with calcium ion binding and 
is involved in hypertension [50]. However, its role in PE 
requires further investigation. FGF5 has been identified 
as a susceptibility gene for PE in European and Central 
Asian women [51]. Xin et al. found that FGF5 was signifi-
cantly upregulated in placental tissues from patients with 
PE and in a PE mouse model, compared to their respec-
tive controls [52]. In addition, in vitro cell experiments 
confirmed that FGF5 is involved in various biological 
processes related to cell survival, promoting apoptosis 
in HTR8/SVneo cells and inhibiting cell invasion [53]. 
REPIN1 has not been thoroughly studied since its dis-
covery; however, previous results suggest that this gene 
may play a role in glucose import, fatty acid transport, 
iron metabolism, and apoptosis-related pathways [54]. 
Abnormal iron metabolism in trophoblasts can result in 
lipid peroxidation and excessive generation of reactive 
oxygen species (ROS), which can impair extravillous tro-
phoblast invasion and spiral artery remodeling, leading 

Table 1  Cross-ancestry proteome-wide association study 
(PWAS) analysis
Gene Chromosome z-score p-value FDR-corrected p-value
SWAP70 11 -4.456 1.22E-05 4.08E-02
FGF5 4 5.068 7.50E-07 9.25E-03
REPIN1 7 4.652 5.12E-06 3.16E-02
ACAA1 3 4.436 1.32E-05 4.08E-02
FDR, False discovery rate

Fig. 4  The results of candidate gene selection. eQTL, Expression quantitative trait loci; FUMA, Functional Mapping and Annotation; FUSION, Functional 
Summary-based Imputation; GCTA, Genome-wide complex trait analysis; mBAT, Multivariate set-based association test; PoPS, Polygenic priority score; 
TWAS, Transcriptome-wide association study
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to placental ischemia and hypoxia [55]. This sequence of 
events triggers vascular inflammation, endothelial dys-
function, and maternal vascular damage. Ultimately, the 
maternal tissues and organs are affected, resulting in PE 
symptoms [56]. ACAA1 is associated with peroxisomal 

lipid and fatty acid metabolism [57]. Dysregulated per-
oxisomal lipid metabolism can lead to excessive produc-
tion of ROS and OS, potentially resulting in insufficient 
remodeling of the uterine spiral arteries, which is a hall-
mark feature of PE. Changes in the function or expres-
sion levels of these genes, which significantly affect the 
key mechanisms of PE, may contribute to the multi-
organ dysfunction characteristics of this pregnancy-
related disorder.

Additionally, our study suggests that these genes, along 
with their associated RNAs and proteins, may serve as 
important markers for the diagnosis and prognosis of PE. 
For example, the loss of REPIN1 leads to notable changes 
in downstream target molecules, such as peroxisome 
proliferator-activated receptor γ (PPARγ) and glucose 
transporter type 2 (GLUT2) protein, as well as protein 
kinase B (Akt) phosphorylation and the mRNA expres-
sion of lipoprotein transporters 2, vesicle-associated 
membrane protein 4 (VAMP4), and synaptosome-associ-
ated protein 23 (SNAP23) [58]. In addition to the levels of 
related proteins in the maternal blood that can assist in 
the diagnosis and prognosis of PE, some researchers have 
recently identified that cell-free DNAs (cfDNAs) and cell-
free RNAs (cfRNAs) in maternal plasma may also serve 
as potential biomarkers for this condition [59]. In partic-
ular, non-coding RNAs (ncRNAs) have attracted increas-
ing attention in the context of PE. ncRNAs are a class of 
functional RNA molecules that do not encode proteins 
but play crucial roles in both pathological and physi-
ological processes throughout various life cycle activities 
[60]. They primarily consist of microRNAs (miRNAs), 
long noncoding RNAs (lncRNAs), and circular RNAs 
(circRNAs), which may contribute to PE through vari-
ous mechanisms including the inhibition of trophoblast 
migration, invasion, and proliferation [61]. For example, 
a study found that miR-567 inhibited cell proliferation, 
migration, and invasion by targeting the 3’ untranslated 
region of FGF5 [62]. Additionally, lnc-APPAT can inhibit 
cell proliferation and migration by interacting with miR-
647 and FGF5 [63]. However, circ-0001715 functions as a 
sponge for miR-1249-3p, promoting the upregulation of 
FGF5 [64]. Therefore, the corresponding cfDNAs or cfR-
NAs in the maternal peripheral blood may provide sig-
nificant value for the diagnosis and prognosis of PE.

However, several limitations must be considered when 
interpreting our results. First, because the current GWAS 
data do not specifically differentiate between early- and 
late-onset PE [65], our study included patients with both 
types of PE. As the GWAS database continues to evolve, 
we will further differentiate between early- and late-onset 
PE samples to reveal more accurate research findings. 
Second, most of the data in this study were derived from 
individuals of European ancestry, with a small cohort of 
Japanese participants. This limits the applicability of our 

Table 2  Candidate drug prediction
Drug names p-value Adjusted 

p-value
Genes

Cyclic gmp CTD 00006063 0.001 0.012 NPPA
Glycerol CTD 00006038 0.001 0.012 NPPA
Alprostadil CTD 00005360 0.002 0.012 NPPA
Labetalol CTD 00006196 0.002 0.012 NPPA
Felodipine CTD 00007084 0.002 0.012 NPPA
Irbesartan CTD 00002968 0.002 0.012 NPPA
Furosemide CTD 00006012 0.002 0.012 NPPA
Bonuten CTD 00005895 0.002 0.012 NPPA
Naloxone CTD 00006373 0.002 0.012 NPPA
Epirubicin CTD 00007057 0.003 0.012 NPPA
Phenylephrine CTD 00006521 0.003 0.012 NPPA
Aldosterone CTD 00005347 0.004 0.012 NPPA
Spironolactone CTD 00006774 0.004 0.012 NPPA
Atenolol CTD 00005448 0.004 0.012 NPPA
Verapamil CTD 00006985 0.005 0.014 NPPA
Carvedilol CTD 00001961 0.006 0.016 NPPA
Hydrocortisone CTD 00006117 0.010 0.022 NPPA
Manganese chloride CTD 00001187 0.020 0.035 NPPA
Manganese CTD 00006240 0.021 0.036 NPPA
Allococaine CTD 00005697 0.029 0.046 NPPA
methyl salicylate CTD 00001586 0.003 0.012 NPR3
Potassium CTD 00006595 0.004 0.012 NPR3
Barium CTD 00005464 0.004 0.012 NPR3
Buflomedil PC3 DOWN 0.011 0.023 NPR3
Acrolein CTD 00005313 0.014 0.029 NPR3
Chromium CTD 00005668 0.015 0.029 NPR3
Luteolin HL60 UP 0.016 0.030 NPR3
Apigenin HL60 UP 0.020 0.035 NPR3
1-Chloro-2,4-dinitrobenzene CTD 
00005848

0.024 0.040 NPR3

Progesterone CTD 00006624 0.009 0.022 NPPA, 
NPR3

HX 531 Up 0.028 0.030 REPIN1
BEC Down 0.028 0.030 REPIN1
Rifaximin Down 0.028 0.030 REPIN1
Eptifibatide Down 0.028 0.030 REPIN1
TC-O 9311 Down 0.028 0.030 REPIN1
P005091 Down 0.029 0.030 REPIN1
NNC 26-9100 Up 0.029 0.030 REPIN1
H-Arg(NO2)-OH Up 0.029 0.030 REPIN1
Bisphenol A Up 0.029 0.030 REPIN1
Crizotinib Up 0.029 0.030 REPIN1
Nisoldipine Up 0.029 0.030 REPIN1
LY411575 Down 0.029 0.030 REPIN1
GSK343 Down 0.029 0.030 REPIN1
Torcetrapib Down 0.029 0.030 REPIN1
Paliperidone Up 0.030 0.030 REPIN1
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findings to other populations, particularly those in Africa 
and South America. In the future, as more GWAS data-
bases become developed and enhanced, we will include a 
broader diversity of patients with PE from various racial 
and geographic backgrounds to achieve more compre-
hensive and reliable research outcomes. Third, although 
the DSigDB collects drug-related gene expression data 
from various publicly available sources, some genes may 
not have known interactions. Moreover, it is currently 
not feasible to further validate potential therapeutic tar-
gets for these genes using existing databases. However, 
in the future, the integration and enhancement of the 
DSigDB and other resources may lead to verifying these 
therapeutic targets more effectively.

Conclusions
In summary, we analyzed GWAS data from Europe and 
Asia to conduct a cross-ancestry genome-wide asso-
ciation study, identifying six novel susceptibility genes: 
NPPA, SWAP70, NPR3, FGF5, REPIN1, and ACAA1. 
Expression of these genes was associated with the risk 
of PE, and targeted drugs were related to NPPA, NPR3, 
and REPIN1. These findings provide new insights into 
the genetic architecture of PE and advance personalized 
medical approaches for its treatment. Further research 
and clinical trials on drugs targeting these genes are 
warranted.
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