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Genome-wide association study (GWAS) have identified over 1,000 loci associated with blood pressure. However, these loci only explain 6% of heritability. Transcriptome-wide association studies (TWAS) combine GWAS summary data with expression quantitative trait loci (eQTL) to provide a better approach to finding genes associated with complex traits. GWAS summary data (N = 450,584) for essential hypertension originating from European samples were subjected to Post-GWAS analysis using FUMA software and then combined with eQTL data from Genotype-Tissues Expression Project (GTEx) v8 for TWAS analysis using UTMOST, FUSION software, and then validated the results with SMR. FUMA identified 346 significant genes associated with hypertension, FUSION identified 461, and UTMOST cross-tissue analysis identified 34, of which 5 were common. SMR validation identified 3 key genes: ENPEP, USP38, and KCNK3. In previous GWAS studies on blood pressure regulation, the association of ENPEP and KCNK3 with hypertension has been established, and the association between USP38 and blood pressure regulation still needs further validation.
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1 INTRODUCTION
Hypertension is an important risk factor for many diseases, such as dementia, chronic kidney disease, ischemic heart disease, stroke, and other cardiovascular diseases (CVD) (Zhou et al., 2021). From 1990 to 2019, the number of people aged 30 to 79 with hypertension worldwide increased from 650 million to 1.28 billion (NCD Risk Factor Collaboration, 2021). Between 1990 and 2015, as the rate of elevated systolic pressure increased, so did the disabilities and deaths associated with it (Forouzanfar et al., 2017). Elevated blood pressure contributes to a huge global burden of CVD and premature death. Essential hypertension is a multi-gene and multi-factor disease caused by the interaction of environment and heredity and it accounts for about 95% of hypertension cases.
The heritability of blood pressure is estimated to be 30%–50% (Russo et al., 2018), and twin studies showed that monozygotic twins were more correlated with blood pressure phenotypes than dizygotic twins (Luft, 2001). A multi-generational cohort study indicated that early-onset hypertension in grandparents increased the risk of high blood pressure in grandchildren (Niiranen et al., 2017). However, the first genome-wide association study (GWAS) for hypertension can’t find significant loci (Hirschhorn and Daly, 2005), possibly because hypertension has fewer common risk alleles but has a large effect size that was not detected due to the limitations of genetic analysis and analytical methods (Wellcome Trust Case Control, 2007). Two years later, a GWAS meta-analysis based on six cohorts identified 10 SNPs associated with hypertension and mapped them to a corresponding gene ATP2B1 (Levy et al., 2009). In a subsequent meta-analysis of blood pressure in more than one million people, 535 novel loci associated with blood pressure were identified (Evangelou et al., 2018). The GWAS research has continued for over a decade, and it has found over 1,000 blood pressure loci which explain about 6% of the heritability based on single nucleotide polymorphism (SNP) (Olczak et al., 2021). However, most of the disease trait loci identified by GWAS studies are located in non-coding regions, so it’s difficult to evaluate their function (Maurano et al., 2012). Transcriptome-wide association study (TWAS) integrates individual-level genotype data or GWAS summary data with expression quantitative trait loci (eQTL) to evaluate the association between gene expression level and complex traits or diseases (Page et al., 2021). Compared to GWAS, TWAS is a gene-based association approach with tissue specificity, and it has a lower burden of multiple testing (Page et al., 2021). In recent years, TWAS is widely used in genetic epidemiology to search for genes associated with complex phenotypes (Dall'Aglio et al., 2021; Pairo-Castineira et al., 2021).
To find the key genes of essential hypertension, we integrated the GWAS data including 450,584 samples and the eQTL file from Genotype-Tissues Expression Project (GTEx) v8 (Consortium, 2020), which were analyzed using FUMA (Watanabe et al., 2017), UTMOST (Hu et al., 2019), and FUSION (Gusev et al., 2016) software respectively, and we finally validated the results using SMR (Zhu et al., 2016). The main target organs of hypertension are the heart, kidneys, brain, retina, and arteries, and the activation of the renin-angiotensin-aldosterone system, oxidative stress, and inflammation plays an important role in the pathogenesis of hypertension (Kucmierz et al., 2021). Therefore, hypertension may hurt various systems within the body. We used the eQTL information of all the tissues and finally identified three key genes associated with essential hypertension: ENPEP, USP38, and KCNK3.
2 MATERIALS AND METHODS
2.1 Datasets
To obtain a larger sample size, we identified hypertension GWAS summary data from two databases and performed a meta-analysis using metal software (http://csg.sph.umich.edu/abecasis/metal/) to get statistics of greater efficacy. One contains a sample of 244,890 participants (71,332 cases, 173,558 controls) from the UK Biobank by Kyoko Watanabe (https://atlas.ctglab.nl) and the other 205,694 participants (42,857 cases, 162,837 controls) from FinnGen (https://www.finngen.fi/en/access_results). Based on the p-values of the two GWAS summary data SNPs, we used a fixed effects inverse variance weighted meta-analysis in METAL software (Willer et al., 2010). The direction of effect and p-value in each study were converted into Z-score, and the Z-score for each allele were combined in a weighted form in the sample with weights proportional to the square root of the sample size in each study (Willer et al., 2010). To improve statistical validity, we screened the common SNPs in two GWAS datasets with a total of 8,436,487. The main model weights file of gene expression was derived from GTEx v8 (16). The reference panel used to estimate linkage disequilibrium (LD) was derived from the 1,000 Genomes Europe sample (Genomes Project et al., 2015).
2.2 Characterization and annotation of genetic associations with functional mapping and annotation
Functional Mapping and Annotation (FUMA) serves as a post-GWAS analysis tool, integrating information from multiple biological resources to perform gene prioritization, functional annotation, and visual analysis of GWAS results (Watanabe et al., 2017). We performed the following analysis of the hypertension GWAS data prepared in advance using FUMA (v1.3.7). First, appropriate parameters for determining the priority genes were set. Independent significant SNPs were defined as genome-wide p < 5 × 10−8 and LD r2 < 0.6. Lead SNPs were defined as those independent from each other at r2 < 0.1 inside a subset of independent significant SNPs (Watanabe et al., 2017). Based on the lead SNPs, genomic risk loci were physically located close to or overlapped with these independent signals. The distance of the genetic risk region was determined according to the default of 250 kb. The data from phase 3 of the European 1000G project were used for the LD reference.
Next, gene analysis and gene-set analysis were performed using the default parameters of the MAGMA (v1.08) software implemented in FUMA. The gene analysis with MAGMA is based on multilinear principal component regression, where the SNP matrix of genes is projected onto the principal components and the F-test is used to calculate the gene p-values (de Leeuw et al., 2015). Therefore, a gene analysis on input GWAS data can be done in MAGMA. If SNPs are located within the gene, the gene-base p-value of the protein-coding gene is calculated by mapping the SNPs to the gene (Watanabe et al., 2017). The threshold for Bonferroni correction is 0.05/18,800 (number of genes tested). The gene-set analysis is divided into two distinct and largely independent parts: self-contained and competitive gene-set analysis, so it is more flexible (de Leeuw et al., 2015). The gene-set analysis used 10,678 gene sets from MsigDB v6.2, with 4,761 curated gene sets and 5,917 GO terms. Bonferroni correction was performed for all tested gene sets.
2.3 Transcriptome-wide associationstudies
2.3.1 Transcriptome-wide association studies analysis with UTMOST
Because hypertension is associated with all systems of the body (Kucmierz et al., 2021), the conventional approach to TWAS analysis is to train separate attribution models for different tissues (Gusev et al., 2016). Such hypothesis-free searches across genes and tissues increase the burden of multiple testing and reduce statistical power (Hu et al., 2019). However, a new method Unified Test for Molecular SignaTures (UTMOST) (http://zhaocenter.org/UTMOST), which combines multiple single-tissue associations into a single powerful metric to quantify the entire genetic-trait associations, can improve the accuracy of imputation (Hu et al., 2019). Single-tissue association tests were then performed in conjunction with the hypertension GWAS summary statistics. Finally, we used the generalized Berk-Jones (GBJ) test to combine single-tissue gene-trait associations. Considering the number of valid tests, we set the transcriptome-wide significance threshold for the joint test at p < 2.26193 × 10−6 (0.05/22,105).
2.3.2 Transcriptome-wide association studies analysis with FUSION
Functional Summary-based Imputation (FUSION) was commonly used for TWAS analysis to estimate heritability, build predictive models, and determine transcriptome-wide associations (Li et al., 2021). We performed TWAS analysis with the above meta-merged hypertension GWAS data using the FUSION software with default settings (http://gusevlab.org/projects/fusion/). Then, we downloaded 49 tissues’ eQTL reference panels from GTEx v8 for which predictive models had been built.
Next, 1,000 Genomes European samples (https://data.broadinstitute.org/alkesgroup/FUSION/LDREF.tar.bz2) were used to estimate the LD between the prediction model and the SNP at each locus of GWAS (Gusev et al., 2019). The Bonferroni-corrected TWAS threshold was defined as p < 1.51 × 10−7 (0.05/330,952) (total number of predictive models).
2.4 Joint/conditional analysis
To distinguish whether multiple significant genes in a locus were independently associated or interlinked with each other, we performed joint/conditional tests using the post-process module in FUSION(25). Multiple associated genes within the region identified by TWAS were modeled jointly to determine which was the independent association signal, and each hypertension GWAS association was conditioned on the joint model, with one SNP at a time (Liao et al., 2019). After testing, genes that represent independent associations were termed jointly significant, and those that were no longer significant were termed marginally significant.
2.5 Bayesian colocalization
To determine whether the GWAS summary data and eQTL signal shared the same causal variant, we performed a Bayesian colocalization analysis using the COLOC R package (https://cran.r-project.org/web/packages/coloc/, version 5.1.0). The colocation test is based on sample size and converts the relevant statistics into an effect size. This approach estimates the posterior probability (PP) that two outcomes within a locus are associated and driven by a common causal variable (Dall'Aglio et al., 2021). There are 5 PP statistics for the hypothesis: H0 (not related), H1 (a causal variant for GWAS only), H2 (a causal variant for eQTL only), H3 (two independent causal variants), and H4 (a shared causal variant). If PP4 is larger (PP4 >75%), it indicates that a single variant affects both traits (Giambartolomei et al., 2014).
2.6 Results validation using SMR
A research method SMR based on Mendelian randomization was proposed by Zhu et al., in 2016 (20). It is a joint analysis of GWAS signal and expression and methylation quantitative traits loci (eQTL and mQTL, respectively) to determine the associations between gene expression levels and traits (Baranova et al., 2021). We analyzed the hypertension GWAS data using the eQTL data of 49 human tissues from GTEx v8 (n = 73–670) (Consortium, 2020). Genotype data from the European 1000 Genomes Project Phase 3 were used to estimate the LD. The heterogeneity in dependent instruments (HEIDI) test was conducted to estimate the heterogeneity between effects. We performed this analysis using the default parameters of the SMR software (https://yanglab.westlake.edu.cn/software/smr/#SMR). A strict Bonferroni-corrected SMR threshold of p < 0.05/number of probes, and p > 0.05 was used as the threshold for the HEIDI test (Restuadi et al., 2022).
3 RESULTS
3.1 Study overview
We used GWAS summary statistics regarding essential hypertension from two European sample databases to first perform Post-GWAS analysis on the FUMA platform to identify independently significant SNPs and corresponding genes. Next, we combined multiple tissues’ eQTL files from GTEx v8 and GWAS data for TWAS analysis. We used both the UTMOST and the FUSION software for TWAS analysis. The results of TWAS were merged with the genes identified by FUMA. Finally, the merged results were validated by SMR (Figure 1).
[image: Figure 1]FIGURE 1 | The workflow of the study. GWAS, genome-wide association; GTEx, Genotype-Tissues Expression Project; TWAS, transcriptome-wide association studies; FUMA, functional mapping and annotation; UTMOST, unified test for molecular signatures; FUSION, functional summary-based imputation; SMR, summary-data-based Mendelian randomization.
3.2 The results of post-genome-wide association study annotation by functional mapping and annotation
We used the FUMA platform to functionally annotate summary statistics of hypertensive GWASs, including 114,189 cases and 336,395 controls. Based on the previously set parameters, FUMA identified 173 genomic risk loci associated with essential hypertension (Supplementary Table S1). Within these loci, there were 248 lead SNPs and 662 independent significant SNPs (Supplementary Tables S2, S3). There were 21,127 candidate SNPs that had LD with the lead SNPs. Among the candidate SNPs, those with significant differences were located in intronic (10,958), intergenic (6,411), non-coding RNA intronic (2,278), UTR3 (271), and UTR5 (104) (Supplementary Table S4). Of the total number of SNPs, 7,848 were reported in previous studies, 27 of which were identified in one of the largest GWAS studies on hypertension by Evangelou et al., 2018.
The input SNPs mapped to 18,800 protein-coding genes. According to the set threshold, 346 genes met the genome-wide significant requirement (Supplementary Table S5). The top three differentially expressed genes were CACNB2 (p = 1.18E - 28), CMIP (p = 1.57E - 21) and CUX2 (p = 9.47E - 18). The CACNB2 gene has been reported in a previous genome-wide association study of blood pressure and hypertension (Levy et al., 2009). Based on the input GWAS summary statistics, significant genes identified by the MAGMA gene-based test were plotted on a Manhattan map (Figure 2). MAGMA’s gene-set analysis tested 15,483 gene sets using the default competitive testing model, with the top 10 gene sets provided in Supplementary Table S6. The top three most significant pathways were positive regulation of gene expression (p = 7.37E - 07), positive regulation of biosynthetic process (p = 1.22E - 06), and positive regulation of RNA biosynthetic process (p = 1.50E - 06). It is suggested that hypertension is associated with gene expression, RNA biological processes, which explains the heritability of hypertension.
[image: Figure 2]FIGURE 2 | Manhattan Plot of MAGMA gene-based test. Gene-based testing using MAGMA based on input GWAS summary statistics for essential hypertension. Red lines indicate levels of genome-wide significance (-log10P).
3.3 Transcriptome-wide association studies result
3.3.1 UTMOST single-tissue analysis
UTMOST single tissue analysis identified 483 significant gene-trait associations (Supplementary Table S7) between 83 genes and 49 tissues (49 tissues from GTEx v8). Of the 83 TWAS-significant genes, 15 had significant associations with more than ten tissues, including KCNK3, SH3D19, AGBL5-IT1, ASXL2, BMP3, DPYSL5, USP38, ENPEP, RP11-286E11.2, LEF1, RAB10, TCF23, SNORA70F, MLPH, and TMEM214. These 15 genes together contributed 310 (64.2%) of the 483 significant loci, suggesting that they are crucial in essential hypertension. Of these 483 significant loci, there were 203 significant loci in the heart, brain, kidney, and arterial tissues which are common targets of hypertension. There were 15 loci in the ovary, 14 loci in adipose subcutaneous, and 14 loci in the minor salivary gland, and the associations between these tissues and hypertension need further validation.
3.3.2 UTMOST cross-tissue analysis
In the cross-tissue analysis, we found 34 genes that showed statistical significance, as detailed in Table 1. These 34 significant genes were all concentrated on three chromosomes:2, 4, and 18. Of the 15 significant genes identified in the previous single-tissue analysis, 14 were among the significant genes identified in the cross-tissue analysis. The remaining one, MLPH, is a gene encoding melanin, and no association with hypertension has been found in the previous literatures. Among the 34 significant genes identified by the cross-tissue analysis, MFSD10 had no significant p-value in single-tissue analysis. The protein encoded by MFSD10 may be involved in the efflux of organic anions. MFSD10 has been identified as an eosinophil-specific surface molecule that may be an effective therapeutic target for eosinophil-related diseases (Nishimura et al., 2014). Whether there is an association between MFSD10 and hypertension needs further study.
TABLE 1 | UTMOST cross tissue analysis result.
[image: Table 1]3.4 FUSION conditional analysis and colocalization results
We identified 461 significant genes through TWAS analysis of hypertension GWAS statistical summary data and 49 tissue eQTL data from GTEx v8 using FUSION software (Supplementary Table S7). To reduce false-positive results and obtain more statistically significant association results, we combined the UTMOST cross-tissue results with the significant genes detected by FUSION and FUMA and identified five common significant genes (Figure 3; Table 2). We identified 20 significant features from 5 unique genes (KCNK3, ENPEP, LEF1, USP38, MAPK4) that were differentially expressed in different tissues. Among the 20 significant features, 4 were upregulated, while 16 were downregulated. The most significant feature was KCNK3 (GTEx pancreas) (Z = −13.97, p = 2.41E-44).
[image: Figure 3]FIGURE 3 | Venn diagram. FUMA identified 346 significant genes associated with hypertension, FUSION identified 461, and UTMOST cross-tissue analysis identified 34, of which 5 were common.
TABLE 2 | List of the significant candidate genes identified by UTMOST, FUSION and FUMA.
[image: Table 2]KCNK3 is located on chromosome 2p23.3. The results of FUSION showed that it was significant in the adipose subcutaneous, brain caudate basal ganglia, brain cortex, brain nucleus accumbens basal ganglia, heart atrial appendage, nerve tibial, pancreas, skin not sun-exposed suprapubic. The results of the conditional analysis showed that the KCNK3 gene was able to explain all the signals at this locus (rs1275985 lead SNPGWAS p = 1.40E-50, conditioned on KCNK3 lead SNPGWAS p = 1) (Figure 4A). Bayesian colocalization results showed that the gene was greater than 75% of PP4 in three tissues: brain caudate basal ganglia, brain nucleus accumbens basal ganglia, and heart atrial appendage (Table 2).
[image: Figure 4]FIGURE 4 | Regional association of TWAS hits. (A) Chromosome 2 regional association plot. (B) Chromosome 4 regional association plot (part 1). (C) Chromosome 4 regional association plot (part 2). (D) Chromosome 4 regional association plot (part 3). (E) Chromosome 18 regional association plot. The marginally associated TWAS genes are shown in blue, and the conditionally significant genes are shown in green. The bottom panel shows a regional Manhattan plot of the GWAS data before (gray) and after (blue) conditioning on the green genes’ predicted expression.
ENPEP is located on chromosome 4q25, the results of FUSION showed that it was significant in the cells cultured fibroblasts, colon sigmoid, esophagus gastroesophageal junction, esophagus mucosa, pituitary, and spleen. It was observed that ENPEP explained all of the signals at its loci (rs2087160 lead SNPGWAS p = 2.50E-10, conditioned on ENPEP lead SNPGWAS p = 1) (Figure 4B). Bayesian colocalization resulting from ENPEP showed that PP4 was greater than 75% in all five tissue (Table 2), except for cells cultured fibroblasts.
LEF1 is also located on chromosome 4q25 and the FUSION results revealed that it was only significant in thyroid tissue. It was found that LEF1 explained all of the signals at its loci (rs7676998 lead SNPGWAS p = 4.20E-11, conditioned on LEF1 lead SNPGWAS p = 1) (Figure 4C). Bayesian colocalization results showed a PP4 of 0.92 (Table 2).
USP38 is located on chromosome 4q31.21, the results of FUSION showed its significance in the adipose visceral omentum, nerve tibial, testis, and whole blood. It was found that USP38 explained a portion of the signal at its loci (rs4132266 lead SNPGWAS p = 5.70E-11, conditioned on USP38 lead SNPGWAS p = 0.14) (Figure 4D). The Bayesian colocalization results for PP4 were greater than 75% in all four tissues (Table 2).
MAPK4 is located on chromosome 18q21.1-q21.2 and the FUSION results illustrated that it was only significant in heart atrial appendage. It was observed that MAPK4 only explained the weak signal at its loci (rs4599004 lead SNPGWAS p = 1.80E-09, conditioned on MAPK4 lead SNPGWAS p = 0.00063) (Figure 4E). Bayesian colocalization results show a PP4 of 0.85 (Table 2).
3.5 SMR validation results
To verify whether there is a causal relationship between these five genes and essential hypertension, we validated the GWAS data for hypertension with the GTEx v8 data in SMR. We found that the expression of 3 genes in 10 tissues was significantly associated with hypertension (PSMR < 0.05/number of probes), and there was no significant heterogeneity underlying the eQTL signals (PHEIDI > 0.05) (Table 3). LEF1 and MAPK4 were not found to be significant in the validation of Mendelian randomization-based summary data from 49 tissues. Three features among ten tissues were downregulated, suggesting a protective effect of these three genes for essential hypertension (Table 3). The gene ENPEP had been found to be associated with hypertension in a meta-analysis (Surendran et al., 2016). KCNK3 was also identified to be associated with blood pressure in a genome-wide association study (Kato et al., 2015). However, these three genes were not reported in one of the largest GWAS studies on hypertension by Evangelou et al., 2018.
TABLE 3 | SMR validates the association of 5 genes in different tissues.
[image: Table 3]4 DISCUSSION
As blood pressure is regulated by a complex network of renal, neurological, cardiac, vascular, and endocrine mechanisms under the influence of genetic and environmental factors, hypertension is likewise a multifactorial and complex trait (Padmanabhan and Dominiczak, 2021). The rapid development of genome-wide association study has identified over 1,477 common SNPs associated with blood pressure traits (Padmanabhan and Joe, 2017; Evangelou et al., 2018; Giri et al., 2019). A systematic evaluation identified 62 genes associated with essential hypertension, and after being screened according to a series of inclusion and exclusion criteria, only 21 genes were matched (Manosroi and Williams, 2019). Determining which genes are the key genes for polygenic hypertension has been an ongoing quest for researchers working on hypertension.
In our study, different methods were used to combine the essential hypertension GWAS summary statistics from European samples with eQTL data from GTEx v8. FUMA identified 346 significant genes associated with hypertension, FUSION identified 461, and UTMOST cross-tissue analysis identified 34, five of which were common. Three (KCNK3, ENPEP, and USP38) of these five genes (KCNK3, ENPEP, USP38, LEF1, and MAPK4) were simultaneously validated by SMR. Results obtained by UTMOST single-tissue analysis and FUSION software analysis showed that significant genes were detected in each of the 49 tissues of GTEx v8. This result further validates that hypertension is a disease that involving all systems of the body.
The protein encoded by KCNK3 is sensitive to changes in extracellular pH (also named acid-sensitive potassium channel protein TASK-1). TASK-1 is expressed in a variety of cells, such as carotid vesicles, lung smooth muscle cells, motor neurons, and adrenal glomerulosa cells (Olschewski et al., 2017). It modulates muscle contraction and promotes arterial relaxation through the resting membrane potential of human pulmonary artery smooth muscle cells (Ma et al., 2013). Several studies have shown that KCNK3 is closely associated with pulmonary arterial hypertension (Ma et al., 2013; Antigny et al., 2016; Southgate et al., 2020). A genome-wide association study identified KCNK3 as a genetic locus that affected blood pressure (Kato et al., 2015). Animal studies have demonstrated that aldosterone is mildly elevated in TASK-1 deficient mice, causing hypertension (Manichaikul et al., 2016). It is well known that obesity is a risk factor for hypertension (Jones et al., 2012). A recent study found that KCNK3 antagonized norepinephrine-induced membrane depolarization by promoting potassium efflux in brown adipocytes, inhibiting adrenergic signaling and thereby attenuating lipolysis and thermogenic respiration (Chen et al., 2017). Whether there is an association between KCNK3 in the regulation of obesity and hypertension remains to be further investigated.
The ENPEP encodes a glutamyl aminopeptidase, also named aminopeptidase A (APA), which converts angiotensin Ⅱ (Ang Ⅱ) to angiotensin Ⅲ (Ang Ⅲ). Ang Ⅱ activates angiotensin 1 (AT1) receptors causing vasoconstriction, while Ang Ⅲ activates angiotensin 2 (AT2) receptors causing vasodilation (Te Riet et al., 2015). APA is expressed in several tissues, especially in the small intestine, kidney, duodenum, placenta, and endometrium in high amounts (Fagerberg et al., 2014). ENPEP was found to be associated with hypertension in a genome-wide association study in humans (Surendran et al., 2016). ENPEP knockout mice, infused with low doses of angiotensin Ⅱ, showed a significant increase in blood pressure (Mitsui et al., 2003). In the circulatory system, Ang Ⅲ is an AT2 receptor agonist, however, in the brain, it is an AT1 receptor agonist (O'Connor et al., 2022). In brain tissue, therefore, APA is capable of causing an increase in blood pressure. An APA inhibitor with high brain tissue selectivity--EC33, blocks the activity of APA in the brain, thereby lowering blood pressure (Llorens-Cortes and Touyz, 2020).
The USP38-encoded protein is involved in protein deubiquitination in the cytoplasmic matrix and nucleus. It has been found that USP38 is a novel histone deubiquitinating enzyme that acts in concert with the histone H3K4-specific demethylase KDM5B to orchestrate the inflammatory response (Zhao et al., 2020). USP38 deficiency-mediated inhibition of H3K4me3 demethylation enhances the inflammatory response and there is an interaction between histone ubiquitination and methylation through the USP38/KDM4B axis in gene transcriptional regulation and the inflammatory response (Zhao et al., 2020). The expression of deubiquitinases in vascular cells is important for maintaining vascular physiology and homeostasis, and it has been shown that USP20 and USP33 can be involved in the regulation of blood pressure by affecting the transport and stabilization of the β2AR (Wang et al., 2020). It has been shown that USP2-45 and USP8 can reverse the binding of the E3 ubiquitin protein ligase Nedd4-2 to epithelial Na+ channels, which in turn affects Na+ transport and uptake, which are closely associated with hypertension (Zhou et al., 2013). USP38 knockout mice showed more severe signs of inflammatory response in acute colitis and lung injury induced by endotoxic shock (Zhao et al., 2020). Current research has linked USP38 to the development of many diseases such as asthma (Hirota et al., 2011), pulmonary fibrosis (Yi et al., 2022), and colorectal cancer (Zhan et al., 2020). Inflammation plays an important role in the pathogenesis of hypertension and it has been suggested that the combination of impaired urinary sodium relationships, vasorelaxation, and increased sympathetic activity caused by inflammation leads to hypertension (Rodriguez-Iturbe et al., 2017). As a deubiquitinating enzyme, USP38 plays an important role in the regulation of inflammation and this family of deubiquitinating enzymes has been found to be closely associated with the development of hypertension, so whether there is a direct association between USP38 and hypertension needs to be further investigated.
In summary, our study identified three key genes in essential hypertension: KCNK3, ENPEP, and USP38. Among them, ENPEP is closely associated with hypertension, and drugs targeting this gene have been investigated. In previous GWAS studies on blood pressure regulation, the association of ENPEP and KCNK3 with hypertension has been established, and the association between USP38 and blood pressure regulation still needs further validation (Evangelou et al., 2018). Our research has certain limitations: no follow-up functional trial validation was done. The sample only included European populations, and therefore it was not possible to extend the results of the trial to the whole human population. Our study is innovative in that TWAS explores associations with traits at the genetic level, allowing more precise targeting of genes than previous SNP studies, however, no TWAS studies have been published on essential hypertension and this study adds to that. We look forward tousing large samples of different ethnic groups, multiple TWAS methods, and in-depth functional tests, to validate key genes in essential hypertension in future studies.
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