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Background

It has been reported that COVID-19 patients have an increased risk of developing IBS; however, the underlying genetic mechanisms of these associations remain largely unknown. The aim of this study was to investigate potential shared SNPs, genes, proteins, and biological pathways between COVID-19 and IBS by assessing pairwise genetic correlations and cross-trait genetic analysis.





Materials and methods

We assessed the genetic correlation between three COVID-19 phenotypes and IBS using linkage disequilibrium score regression (LDSC) and high-definition likelihood (HDL) methods. Two different sources of IBS data were combined using METAL, and the Multi-trait analysis of GWAS (MTAG) method was applied for multi-trait analysis to enhance statistical robustness and discover new genetic associations. Independent risk loci were examined using genome-wide complex trait analysis (GCTA)-conditional and joint analysis (COJO), multi-marker analysis of genomic annotation (MAGMA), and functional mapping and annotation (FUMA), integrating various QTL information and methods to further identify risk genes and proteins. Gene set variation analysis (GSVA) was employed to compute pleiotropic gene scores, and combined with immune infiltration algorithms, IBS patients were categorized into high and low immune infiltration groups.





Results

We found a positive genetic correlation between COVID-19 infection, COVID-19 hospitalization, and IBS. Subsequent multi-trait analysis identified nine significantly associated genomic loci. Among these, eight genetic variants were closely related to the comorbidity of IBS and COVID-19. The study also highlighted four genes and 231 proteins associated with the susceptibility to IBS identified through various analytical strategies and a stratification approach for IBS risk populations.





Conclusions

Our study reveals a shared genetic architecture between these two diseases, providing new insights into potential biological mechanisms and laying the groundwork for more effective interventions.
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1 Introduction

Since January 2020, the coronavirus disease 2019 (COVID-19) pandemic, driven by the highly contagious severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), has affected nearly 600 million individuals worldwide, exerting substantial strain on global healthcare systems (1–3). SARS-CoV-2, an RNA virus, gains entry into host cells through the angiotensin-converting enzyme 2 (ACE2) receptor and its spike protein (4). Although ACE2 receptors are predominantly expressed in the lung parenchyma, they are also distributed in various other cell types, including those in the oral and nasal mucosa, gastrointestinal tract, pancreas, liver, and vascular endothelium (5). Upon infiltrating these cells, SARS-CoV-2 triggers an inflammatory response, leading to the activation of immune cells (4). Persistent or emerging symptoms following SARS-CoV-2 infection, such as lung damage, mental health issues, gastrointestinal symptoms, and systemic conditions, are collectively known as “long COVID-19” (6, 7). Given the expression of ACE2 receptors in the gastrointestinal epithelium, COVID-19 can substantially impact gastrointestinal function (5, 8, 9). Recent research (10) indicates a higher prevalence of irritable bowel syndrome (IBS) within a year post-infection compared to uninfected controls defined as COVID-negative according to the WHO criteria. IBS, a chronic gastrointestinal disorder, is characterized by symptoms such as bloating, abdominal pain, and changes in bowel habits (11). This condition notably compromises the quality of life and social capabilities of those affected, with its global prevalence estimated to be between 9% and 23% (12, 13). A thorough investigation of the relationship between COVID-19 and IBS could aid in developing effective policies and personalized treatments, thus controlling the spread of the pandemic and reducing the societal healthcare burden.

Research limited to a single disease may fail to identify critical genetic loci and molecular regulatory mechanisms. Thus, adopting multi-trait analysis methods is necessary to expand the phenotype spectrum under investigation, identify associated risk loci, and delve into the shared genetic etiologies among different diseases (14). Shared genetic etiologies indicate potential pleiotropy, which often represents genetic confounding factors linking traits (15, 16). Hence, it is suggested to implement cross-trait analysis, which utilizes the correlation between the genome-wide association studies (GWAS) data of COVID-19 and IBS to explore pleiotropic genetic variations or loci across multiple traits (17, 18). These pleiotropic loci could serve as potential intervention targets, offering opportunities for simultaneous prevention or treatment of these diseases.

In this genome-wide association study, large-scale GWAS summary data were utilized to analyze IBS and COVID-19 datasets from various sources using an array of statistical genetic methods. The pleiotropic associations were examined sequentially at the single nucleotide variant (SNV), gene, and protein levels, along with biological pathways, to uncover potential shared genetic etiologies. Initially, linkage disequilibrium score regression (LDSC) and high-definition likelihood (HDL) were employed to evaluate genetic correlations. Within the pleiotropic analysis framework, multi-trait analysis of GWAS (MTAG) and genome-wide complex trait analysis (GCTA)-conditional and joint analysis (COJO) were applied to identify shared pleiotropic genetic loci at the SNV level for both IBS and COVID-19. Subsequently, multi-marker analysis of genomic annotation (MAGMA), polygenic priority scoring (PoPS), and summary data-based Mendelian randomization (SMR) analyses were conducted at the gene level to identify candidate pleiotropic genes. At the protein level, BLISS was utilized to determine risk proteins. Furthermore, gene ontology (GO) biological processes and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways were explored for enrichment. Finally, IBS transcriptome data were integrated, and Gene Set Variation Analysis (GSVA) was used to investigate the expression of pleiotropic genes in IBS subtypes, identifying the immune characteristics of high- and low-risk IBS groups. Figure 1 illustrates the overall study design.




Figure 1 | Overall study design. This study investigated the genetic correlation between IBS and COVID-19, using methods such as COJO, POPS, MAGMA, SMR, and BLISS to explore connections from SNVs to genes, proteins, and signaling pathways. Our goal was to identify potential therapeutic targets for treating IBS in long COVID patients. BLISS, Biomarker Imputation from Summary Statistics; COJO, Conditional and joint analysis; HDL, High-definition likelihood; LDSC, Linkage disequilibrium score regression; MAGMA, Multi-marker analysis of genomic annotation; MTAG, Multi-trait analysis of GWAS; POPS, Polygenic priority score; SMR, Summary-based Mendelian Randomization.






2 Data sources and methods

A series of comprehensive GWAS summary data were utilized in this study. Given the limited availability of GWAS data from non-European ancestries, GWAS summary data were predominantly sourced from publicly available datasets of European ancestry. IBS GWAS data were derived from GCST90016564, encompassing 53,400 patients and 433,201 controls. An additional IBS GWAS dataset was obtained from Finn-IBS, based on a Finnish database study that included 339,710 individuals (10,329 cases and 329,381 controls).

The most recent COVID-19 phenotype summary statistics, which include susceptibility, hospitalization, and severe clinical outcomes, were collected from the COVID-19 host genetics initiative (HGI) GWAS meta-analysis (Round 7) (19). The confirmation of COVID-19 cases was based on laboratory-confirmed tests, electronic health records, diagnoses made by physicians, or patient self-reports of SARS-CoV-2 infection. Susceptibility results compared COVID-19 cases (N = 122,616) with control individuals with no history of COVID-19 (N = 2,475,240). Individuals classified as hospitalized COVID-19 cases were those with a laboratory-confirmed SARS-CoV-2 infection or those admitted to the hospital due to COVID-19-related symptoms. The study compared the hospitalization outcomes of these patients (N = 32,519) with controls who were not hospitalized for COVID-19 (N = 2,062,805). Individuals classified as severe COVID-19 cases were those hospitalized who needed respiratory assistance, including intubation, continuous positive airway pressure (CPAP), bilevel positive airway pressure (BiPAP), continuous external negative pressure, or high-flow nasal cannula. The severity evaluations involved a comparison between these severe COVID-19 cases (N = 13,769) and individuals who did not require such severe medical interventions (including those without COVID-19) (N = 1,072,442). The dataset from the COVID-19 GWAS was adjusted for variables such as age, sex, age × sex, principal components, and covariates specific to the study, as outlined by the GWAS researchers (20). All GWAS data sources were listed in Supplementary Table S1.

To elucidate the genetic architecture of IBS, quantitative trait loci (QTL) data were integrated, including expression QTLs (eQTLs) from 54 specific tissues such as gastrointestinal tissue and blood, as well as plasma protein QTLs (pQTLs) from three sources (decode, UKBPP, ARIC). The eQTL analysis included blood eQTL information from the extensive eQTLGen consortium database, which documented trait-associated SNPs in a cohort of 31,684 individuals (21). Furthermore, plasma pQTL information was sourced from deCODE, which performed extensive protein measurements in 35,559 Icelandic participants, focusing on 4,907 plasma proteins (22). The plasma pQTL data also included information on 4,953 plasma proteins from the ARIC database (http://nilanjanchatterjeelab.org/pwas/) and 2,923 plasma proteins from the UKBPP project, which involved 54,219 participants from the UK Biobank (23).



2.1 Statistical analysis

During the analysis phase of this study, we meticulously excluded SNVs within the major histocompatibility complex (MHC) region on chromosome 6 (25–35 Mb) to mitigate potential confounding effects. In addition, we removed SNPs with a minor allele frequency of <0.01 and those with duplicated or missing reference cluster IDs from each GWAS summary dataset for subsequent analysis. Data aligned to the GRCh38 reference were converted to GRCh37 using the liftOver tool for consistency (24).



2.1.1 Assessment of genetic correlations between IBS and COVID-19

We conducted LDSC on two sources of IBS and COVID-19 patients, hospitalized patients, and severe patients from GWAS data (25). In LDSC, constraints were not imposed on the intercept, as sample overlap affects only the intercept, not the regression slope or genetic correlation. This approach allowed for the acknowledgment of residual confounding factors and revealed potential sample overlap in the two GWAS datasets. We also employed the HDL method to assess genetic correlations. The HDL method extends the LDSC approach by modeling the relationship between Z-statistics covariance for trait pairs across multiple SNVs and the full matrix of cross-SNV LD scores. To ensure the accuracy and reliability of the analysis, all data were subjected to Benjamini and Hochberg (BH) adjustment for multiple comparisons, with an adjusted P-value of <0.05 indicating statistical significance.




2.1.2 Meta-analysis of GWASs

Meta-analysis was performed to combine data from the two IBS datasets. Given the potential sample overlap between the datasets, Metasoft was used to evaluate heterogeneity (I2) and P-values based on Cochran’s Q test (P_het). When heterogeneity was present (I2 ≥ 50 or P_het < 0.05), P-values from the random-effect model calculated using RE2C were considered (26, 27).




2.1.3 Multi-trait analysis of GWAS summary statistics

Building on the results from the previous stage of research, we continued with a multi-trait analysis, conducting a cross-analysis of META-IBS with COVID-19 phenotypes that exhibited significant genetic correlation. MTAG combines the summary statistics from GWAS of genetically correlated traits into a meta-analysis, accounting for genetic correlation and sample overlap, to maximize the power to identify loci associated with the target traits (28). We combined the GWAS data of phenotypes that exhibited a genetic correlation with IBS to produce MTAG-IBS. The genome-wide significance threshold was set at a P-value of < 5 × 10-8 to ensure accurate identification of correlations.




2.1.4 Identification of genetic risk factors for IBS



2.1.4.1 Identification of independent risk loci

To identify genomic risk factors for IBS, we detected distinct, independent signals within the genomic loci associated with MTAG-IBS using the stepwise model selection framework provided by GCTA-COJO (29, 30). The analysis was limited to multiallelic variants that exhibited significant correlations (P.mtag < 5 × 10-8) within previously established genomic risk loci, and additional signals were confirmed based on a joint P-value threshold of < 5 × 10-8. This analysis benefitted from the reference dataset provided by the third iteration of the 1000 Genomes Project, particularly the European ancestry cohort (25). Based on the results of MTAG, the identified pleiotropic loci were mapped to neighboring genes to investigate their shared biological mechanisms. The functional mapping and annotation (FUMA) platform (31) was used to delineate the genomic risk loci through functional annotation of the variants. The maximum P-value for lead SNVs was set at <5 × 10-8, whereas the broader significance threshold was set at P-values of <0.05. Independent and lead SNVs were identified based on an r2 threshold of <0.6 and <0.1 within a 1-Mb radius, respectively. Genomic risk loci were defined by merging areas wherein lead SNVs were <250 kb apart. SNVs validated through GCTA-COJO and FUMA analyses were identified as risk factors for IBS.




2.1.4.2 Genetic insights into IBS

In the integrated analysis aimed at revealing the genetic basis of IBS, MAGMA and POPS (32, 33) were used to identify and prioritize relevant genes, with P-values adjusted using the BH procedure in each method. Genes with false discovery rate (FDR)-adjusted P-values of <0.05 and those consistently identified using both methods were considered significant risk factors. MAGMA enables gene-centered analysis based on extensive data from protein-coding genes and can be integrated with POPS to prioritize enriched genes. In particular, this approach integrates GWAS summary data with expression profiles and biological pathways, with a POPS score of >1 indicating candidate genetic risk factors.

To examine the genetic composition of individual IBS cases, SMR was performed using the GWAS summary data of patients with IBS and the eQTL data of various tissues and cell types (34). LD scores from the European ancestry cohort of the 1000 Genomes Project (25) were used to investigate the relationship between gene expression and IBS. The inclusion criteria were as follows: FDR-adjusted P-value < 0.05; heterogeneity (HEIDI) > 0.01.

To explore the biological relevance of genes associated with COVID-19 combined with IBS, we performed genomic enrichment analysis. This analysis utilized data from the Molecular Signatures Database (MSigDB) (35), and significant biological pathways were identified using the ClusterProfiler tool, following adjustment for multiple testing (36).




2.1.4.3 Proteomic insights into IBS

The “Biomarker Level Inference from Summary Statistics” (BLISS) method was used to examine the complex proteomic landscapes of IBS and COVID-19. Traditional proteome-wide association study (PWAS) models depend on detailed individual-level proteomic data. This dependence often limits the ability to utilize the vast amount of summary-level pQTL data available publicly (37). In contrast to traditional PWAS models, the BLISS method represents a novel strategy for constructing protein imputation models directly from summary-level pQTL data. In this study, the BLISS method was used to generate extensive European PWAS models using pQTL data from large-sample UKB, deCODE, and ARIC studies (37). Proteins with an FDR-adjusted P-value of <0.05 were identified as significant risk factors, indicating their potential key role in the pathophysiology of IBS and COVID-19.




2.1.4.4 Two-sample MR

MR, a type of instrumental variable analysis widely used for causal inference, was used to examine causal relationships between IBS and COVID-19. Exposure-related SNPs were used as instruments (38, 39), and GWAS summary data were used to identify variants associated with IBS and COVID-19 (P-value < 5.0 × 10-8). The IVW method was primarily used, with LD and physical distance thresholds being set at 0.001 and 10 Mb, respectively. To ensure the robustness of the instrumental variables, the determination coefficient r2 and F-statistic were calculated, and SNPs with an F-value of >10 were selected. Additionally, the MR-PRESSO method (repeated 1000 times) was used to detect outliers (15), which were removed for re-evaluation. To ensure the reliability and robustness of the results, we conducted sensitivity analyses, including Cochran’s Q test, MR-Egger intercept test, funnel plot, and leave-one-out analysis. Cochran’s Q test was used to assess potential heterogeneity to determine if the variability of the independent variable could lead to different outcomes. If a p-value of ≤0.05 indicated the presence of heterogeneity, a random-effects IVW MR analysis was used (40). The purpose of the MR-Egger intercept test was to detect the potential presence of directional pleiotropy, a phenomenon where the independent variable influences the outcome through pathways other than exposure (41). A funnel plot was used for visual inspection of the symmetry of the distribution of effect estimates. Any obvious asymmetry in the funnel plot may indicate heterogeneity. Leave-one-out analysis involved systematically excluding each SNP and then re-evaluating the effect estimates to determine the reliability and robustness of the results by assessing the impact of each SNP on the overall outcome.




2.1.4.5 GSVA and Immune cell infiltration analysis

To estimate the infiltration levels of various immune cells in IBS patients, we utilised mRNA expression data from four datasets containing IBS patients—GSE13367, GSE14841, GSE36701, and E-TABM-176—obtained from the Gene Expression Omnibus (GEO) and EMBL databases (42). These datasets included a total of 188 IBS patients. The datasets were merged into a single normalised expression matrix using the “combat” function in the “sva” package (version 3.42.0), effectively eliminating batch effects, which was confirmed via principal component analysis (43). Risk-related genes were quantified using the single-sample gene set enrichment analysis (ssGSEA) algorithm in the “GSVA” (version 1.24.0) R package. Based on the results of ssGSEA, patients in the IBS cohort were divided into high- and low-immune-infiltration groups. Subsequently, the “deconvolute_xcell” function in the “immunedeconv” R package (version 2.1.0) (44) was used to evaluate the proportion of 64 types of immune and stromal cells in the two groups.







3 Results



3.1 Genetic relationship between IBS and COVID-19

GWAS summary data from two IBS datasets were subjected to LDSC and HDL analysis to examine the genetic relationship between IBS and COVID-19 patients, hospitalized patients, and severe patients. After stringent BH correction, significant genetic correlations were observed between IBS and two COVID-19 phenotypes (COVID-19 infection and Hospitalized covid) in both IBS datasets (Table 1). Subsequently, GWAS summary data from the two datasets were integrated to obtain the consolidated META-IBS dataset. This dataset included 9,781,012 validated SNPs. After SNPs within the MHC region were excluded, a total of 8,987 statistically significant genetic loci were identified.


Table 1 | Genetic correlation analysis results.



Subsequently, GWAS summary data from the two datasets were integrated to obtain the consolidated META-IBS dataset. This dataset included 10,634,628 validated SNPs. After SNPs within the MHC region were excluded, a total of 1,166 statistically significant genetic loci were identified.




3.2 Bidirectional Mendelian randomization study

A bidirectional MR study was conducted to delineate the potential causal relationship between COVID-19 and IBS, and the findings revealed no causal association between the two conditions (Supplementary Table S2). The random effects inverse variance weighted (IVW) results demonstrated no genetic causal relationship for either COVID-19 susceptibility (p = 0.616, OR = 1.021, 95% CI = 0.940-1.109) or COVID-19 hospitalization (p = 0.609, OR = 1.007, 95% CI = 0.979-1.036). In the MR analysis relating to IBS, SARS-CoV-2 infection, and hospitalization events, no heterogeneity was detected, as evidenced by Cochran’s Q statistic (MR-IVW) and Rucker’s Q statistic (MR-Egger) (p > 0.05). Similarly, the MR Egger intercept test did not detect horizontal pleiotropy in the analysis of these conditions (p > 0.05). Moreover, the MR-PRESSO global test further corroborated the non-existence of horizontal pleiotropy (p > 0.05).




3.3 Genetic landscape of IBS identified through multi-trait analysis

The genetic landscape of IBS was examined using the META-IBS dataset and the GWAS summary data of two COVID phenotypes. The MTAG method was used to generate an enhanced dataset (MTAG-IBS), which included 6,941,121 SNPs. A total of 241 SNPs were identified in the MTAG-IBS dataset (P.mtag < 5× 10-8).




3.4 Genetic markers associated with COVID-19 and IBS comorbidity

The advanced GCTA-COJO tool was used for stepwise model selection in the MTAG-IBS dataset. A total of 9 SNVs were identified through this rigorous process (Supplementary Table S3). Subsequently, Based on MTAG results, the FUMA platform revealed 8 SNVs (Supplementary Table S4). Notably, 8 SNVs that were consistently identified in both GCTA-COJO and FUMA analyses were defined as independent genetic risk factors for IBS.




3.5 Identification of genes associated with COVID-19 and IBS comorbidity

MAGMA analysis identified 125 genes associated with IBS risk SNVs (Supplementary Table S5). Subsequent POPS screening highlighted 4 genes with POPS scores greater than 1 (Supplementary Table S6), marking them as potential IBS risk genes. SMR analysis, integrating GWAS summary data and eQTL information from various tissues and cell types, found that CADM2 was replicable in the SMR analysis (Supplementary Table S7). Genomic enrichment analysis indicated significant enrichment in pathways related to megakaryocyte development and the Hedgehog signalling pathway, suggesting their roles in IBS and COVID-19 (Supplementary Table S8) (Figures 2A, B).




Figure 2 | Enrichment analysis for identified risk genes. Significant Types of Pathways Based on GO (A) and KEGG Enrichment Analyses (B). (C) summarizes the categories to which risk genes and proteins belong. Immune infiltration analysis of pleiotropic gene in IBS cohort. (D) Abundance of differences in immune cells between both groups in the IBS cohort. BP, Biological Process; CC, Cellular Component; MF, Molecular Function; KEGG, Kyoto encyclopedia of genes and genomes pathway. *p < 0.05, **p < 0.01, ***p < 0.001, ****p < 0.0001, ns, not significant.






3.6 Identification of proteins associated with COVID-19 and IBS comorbidity

Using the BLISS method, we identified 231 proteins associated with the comorbidity risk of IBS and COVID-19. Among these, four proteins (DLL1, DPEP1, HEXIM1, and MFGE8) were consistently found across three different databases (Supplementary Table S9), highlighting their potential as drug targets.




3.7 Identification and characterization of IBS subtypes

To identify IBS immune subtypes, we conducted single-sample gene set enrichment analysis (ssGSEA) to quantify the risk gene scores for each patient, categorizing them into high and low immune infiltration groups. Visualization of immune-related feature infiltration levels in bar plots revealed distinct patterns between these two clusters, showing low and high immune infiltration modes. The results indicated that Th1 cells, plasma cells, NK cells, neutrophils, mast cells, macrophages, and dendritic cells predominated in the high-risk group, whereas CD8+ T cells, eosinophils, and Tregs were more prominent in the low-risk group (Figure 2D).





4 Discussion

The complex genetic diversity observed in patients with COVID-19 and IBS required an approach beyond the traditional single-disease research paradigm, i.e. cross-trait GWAS analysis. Cross-trait analyses have demonstrated excellent validity in multiple co-morbidity studies (45–47), and this study aimed to elucidate the genetic underpinnings and complex interconnections between COVID-19 and IBS. The integration of GWAS summary data from two IBS datasets into a single META IBS dataset facilitated a detailed genetic association analysis of COVID-19. Significant genetic correlations were identified between IBS and both SARS-CoV-2 infection and hospitalization, enhancing the understanding of potential COVID-19 treatments. In a prospective COVID-19 cohort study, the OR for developing IBS in COVID-19 patients was found to be 12.92 (95% CI = 3.58-46.60, p < 0.001) (48), further indicating a potential interaction between the two conditions.

The integration of META-IBS with data from SARS-CoV-2 infected and hospitalized patients into a comprehensive multi-trait analysis was aimed at strengthening the statistical validation of the IBS dataset. This innovative approach led to the identification of three previously unrecognized significant genetic loci, markedly enriching our understanding of the genetic basis of IBS. Importantly, these SNVs had shown associations with COVID-19 in earlier studies, such as SNV rs10789340 (p = 4.23× 10-17), rs308523 (p = 1.32× 10-4), and rs61902812 (p = 1.06× 10-9), after adjusting the significance threshold to conventional statistical standards (p < 0.05). This result underscored the critical role of our research in advancing the identification of SNVs that were not deemed significant in previous studies, thereby deepening the understanding of the genetic foundation of IBS. A comprehensive gene association analysis incorporating MAGMA, PoPS, and SMR identified a correlation between CADM2 and IBS-COVID-19. CADM2, a member of the synaptic cell adhesion molecules, is involved in synaptic organization and plasticity (49). Although the precise function of CADM2 in IBS remains unclear, it is hypothesized that CADM2 might interact with the gastrointestinal tract through the enteric nervous system (ENS). The ENS consists of an extensive network of various intrinsic enteric neurons and glial cells, including motor neurons, intrinsic primary afferent neurons, and interneurons. Disrupted communication between enteric glial cells and neurons may contribute to ENS circuit dysfunction in IBS (50). Understanding the cell adhesion-mediated communication between glial cells and neurons in the ENS is vital for comprehending the role of ENS in both health and disease, warranting further research to clarify this mechanism.

The BLISS method was used to pinpoint four proteins associated with IBS risk, which were validated in the deCODE, UKBPP, and ARIC databases. Milk fat globule-EGF factor 8 protein (MFGE8) has been identified to exhibit characteristics similar to cluster proteins (51) and participate in pivotal biological processes such as apoptosis, immune regulation, and inflammation. MFGE8 also crucially maintains intestinal epithelial cell balance and promotes mucosal healing (52). Delta-like 1 (DLL1) has been characterized as a protein involved in the Notch signaling pathway, essential for the development, maintenance, and regeneration of the intestine (53). Abnormal expression of the Notch signaling pathway has been shown to inhibit the differentiation of intestinal epithelial cells, weakening the mucosal barrier and leading to IBS (54). Dipeptidase 1 (DPEP1), a zinc-dependent metalloprotease, has been recognized to process antibiotics, hydrolyze multiple peptides such as glutathione (GSH) and its conjugates, and be involved in the metabolism of leukotrienes (55). GSH is one of the most critical antioxidants in cellular biology (56), indispensable for upholding normal redox balance and antioxidant protection in the body (57). Reduced expression of DPEP1 can disrupt GSH homeostasis, thereby altering the redox state of the cellular microenvironment and protecting cells against pathological stress (58). HEXIM1, involved in transcription regulation, was found to regulate RNA polymerase II activity and the innate immune response mediated by DNA viruses by forming the HDP-RNP complex (59). Figure 2C summarizes the categories to which risk genes and proteins belong. While there is currently no definitive evidence linking these four proteins to IBS, our analysis suggests potential connections.

Evidence indicates low-grade inflammation and immune dysregulation involving various immune cells in the context of IBS (60). These immune cells contributed to IBS onset and progression through mechanisms such as cytokine production, alterations in the gut microbiome, immune cell infiltration, and effects on gut barrier integrity and nervous system function. Our immune infiltration analysis showed an increased proportion of mast cells, neutrophils, and M1 macrophages in the high-risk IBS group, while the proportion of regulatory T cells (Tregs) was reduced. Mast cells could be activated through IgE-dependent or IgE-independent pathways, releasing inflammatory mediators. An in vivo functional study of mast cell-deficient rats compared intestinal permeability between groups with and without mast cell inhibitors, revealing significantly increased intestinal permeability in the group without mast cell inhibitors (61). In addition, a case-control study (62) identified an augmentation in mucosal mast cell counts in colonic and duodenal biopsies from patients with IBS, specifically those who mainly presented with diarrhea symptoms. These findings underscored the role of mast cells in gut function and disease. Macrophages, highly plastic cells, could polarize into inflammatory (M1) and anti-inflammatory (M2) phenotypes (63). M1 macrophages released pro-inflammatory factors, including tumor necrosis factor-α (TNF-α), interleukin (IL)-6, IL-1β, IL-23, IL-18, and C-C motif ligand 2 (CCL2) (64). In IBS patients, the NF-κB/IκB-α pathway activation in mucosal macrophages fostered the expression of inflammatory factors like NLRP3, leading to increased secretion of IL-1β and TNF-α (65). Inflammation could cause visceral hypersensitivity and altered gut motility, worsening IBS symptoms. Moreover, the induction of inflammatory cascades and the accumulation of neutrophils could damage intestinal epithelial cells and form crypt abscesses, increasing mucosal immune cells and chemokines, and thereby raising intestinal permeability (66). Tregs, responsible for immune system regulation, when deficient or dysfunctional, were linked to various autoimmune and inflammatory diseases, including arthritis, IBS, and ulcerative colitis (67). This was consistent with our findings, thus supporting the reliability of the study.




5 Conclusion

Taken together, significant genetic associations between SARS-CoV-2 infection and COVID-19 hospitalization with IBS were identified, revealing new genetic risk factors and associated biomolecules. These findings enhanced the understanding of the genetic underpinnings of IBS and could inform the development of novel therapeutic strategies. Future research should aim to validate the biological relevance of the newly identified risk genes, such as CADM2, and proteins, including MFGE8, DLL1, DPEP1, and HEXIM1, to advance our understanding of IBS pathophysiology further. Nonetheless, the study encountered limitations such as the reliance on GWAS data predominantly from individuals of European descent, which may not adequately capture the genetic diversity of more varied populations. Additional research is required to confirm these results across a broader range of populations and to investigate the functional mechanisms behind these genetic associations. Additionally, due to the cross-sectional nature of the study, causal inference of COVID-19 to IBS is limited, and therefore, more prospective studies are needed for validation.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.





Ethics statement

This article presents results derived from data collected from human participants in several previous studies, all of which obtained informed consent from their participants. Our study utilizes large-scale GWAS datasets rather than individual-level data, and therefore, ethical approval was not required in accordance with local legislation and institutional requirements.





Author contributions

XL: Conceptualization, Writing – original draft, Data curation. DL: Conceptualization, Data curation, Writing – review & editing. WG: Writing – review & editing, Investigation, Software. HL: Writing – review & editing, Formal analysis. PC: Formal analysis, Project administration, Writing – review & editing. YZ: Writing – review & editing, Validation, Visualization. WZ: Validation, Writing – review & editing, Software. GD: Writing – review & editing.





Funding

The author(s) declare that no financial support was received for the research, authorship, and/or publication of this article.





Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2024.1442693/full#supplementary-material



Abbreviations



















BLISS, Biomarker imputation from summary statistics; COJO, Conditional and joint analysis; GO, Gene ontology; GSVA, Gene set variation analysis; GWAS, Genome-wide association study; HDL, High-definition likelihood; IBS, Irritable bowel syndrome; IVW, Inverse variance weighted; KEGG, Kyoto encyclopedia of genes and genomes; LDSC, Linkage disequilibrium score regression; MAGMA, Multi-marker analysis of genomic annotation; MTAG, Multi-trait analysis of GWAS; POPS, Polygenic priority score; SMR, Summary-based mendelian randomization; SNPs, Single-nucleotide polymorphisms.




References

1. Singh, SP, Pritam, M, Pandey, B, and Yadav, TP. Microstructure, pathophysiology, and potential therapeutics of COVID-19: A comprehensive review. J Med Virol. (2021) 93:275–99. doi: 10.1002/jmv.26254

2. Marasco, G, Nardone, OM, Maida, M, Boskoski, I, Pastorelli, L, and Scaldaferri, F. Impact of COVID-19 outbreak on clinical practice and training of young gastroenterologists: A European survey. Digestive liver disease: Off J Ital Soc Gastroenterol Ital Assoc Study Liver. (2020) 52:1396–402. doi: 10.1016/j.dld.2020.05.023

3. Maida, M, Sferrazza, S, Savarino, E, Ricciardiello, L, Repici, A, Morisco, F, et al. Impact of the COVID-19 pandemic on Gastroenterology Divisions in Italy: A national survey. Digestive liver disease: Off J Ital Soc Gastroenterol Ital Assoc Study Liver. (2020) 52:808–15. doi: 10.1016/j.dld.2020.05.017

4. Paramythiotis, D, Karlafti, E, Veroplidou, K, Fafouti, M, Kaiafa, G, Netta, S, et al. Drug-induced acute pancreatitis in hospitalized COVID-19 patients. Diagnostics (Basel Switzerland). (2023) 13:1398. doi: 10.3390/diagnostics13081398

5. Crook, H, Raza, S, Nowell, J, Young, M, and Edison, P. Long covid-mechanisms, risk factors, and management. BMJ (Clinical Res ed). (2021) 374:n1648. doi: 10.1136/bmj.n1648

6. Groff, D, Sun, A, Ssentongo, AE, Ba, DM, Parsons, N, Poudel, GR, et al. Short-term and long-term rates of postacute sequelae of SARS-CoV-2 infection: A systematic review. JAMA network Open. (2021) 4:e2128568. doi: 10.1001/jamanetworkopen.2021.28568

7. Nalbandian, A, Sehgal, K, Gupta, A, Madhavan, MV, McGroder, C, Stevens, JS, et al. Post-acute COVID-19 syndrome. Nat Med. (2021) 27:601–15. doi: 10.1038/s41591-021-01283-z

8. Ghoshal, UC, Ghoshal, U, and Dhiman, RK. Gastrointestinal and hepatic involvement in severe acute respiratory syndrome coronavirus 2 infection: A review. J Clin Exp Hepatol. (2020) 10:622–8. doi: 10.1016/j.jceh.2020.06.002

9. Marasco, G, Lenti, MV, Cremon, C, Barbaro, MR, Stanghellini, V, Di Sabatino, A, et al. Implications of SARS-CoV-2 infection for neurogastroenterology. Neurogastroenterol Motil. (2021) 33:e14104. doi: 10.1111/nmo.14104

10. Marasco, G, Cremon, C, Barbaro, MR, Cacciari, G, Falangone, F, Kagramanova, A, et al. Post COVID-19 irritable bowel syndrome. Gut. (2022), gutjnl-2022-328483. doi: 10.1136/gutjnl-2022-328483

11. Adriani, A, Ribaldone, DG, Astegiano, M, Durazzo, M, Saracco, GM, and Pellicano, R. Irritable bowel syndrome: the clinical approach. Panminerva Med. (2018) 60:213–22. doi: 10.23736/S0031-0808.18.03541-3

12. Black, CJ, and Ford, AC. Global burden of irritable bowel syndrome: trends, predictions and risk factors. Nat Rev Gastroenterol Hepatol. (2020) 17:473–86. doi: 10.1038/s41575-020-0286-8

13. Saha, L. Irritable bowel syndrome: pathogenesis, diagnosis, treatment, and evidence-based medicine. World J Gastroenterol. (2014) 20:6759–73. doi: 10.3748/wjg.v20.i22.6759

14. Lee, CH, Shi, H, Pasaniuc, B, Eskin, E, and Han, B. PLEIO: a method to map and interpret pleiotropic loci with GWAS summary statistics. Am J Hum Genet. (2021) 108:36–48. doi: 10.1016/j.ajhg.2020.11.017

15. Verbanck, M, Chen, CY, Neale, B, and Do, R. Detection of widespread horizontal pleiotropy in causal relationships inferred from Mendelian randomization between complex traits and diseases. Nat Genet. (2018) 50:693–8. doi: 10.1038/s41588-018-0099-7

16. Sivakumaran, S, Agakov, F, Theodoratou, E, Prendergast, JG, Zgaga, L, Manolio, T, et al. Abundant pleiotropy in human complex diseases and traits. Am J Hum Genet. (2011) 89:607–18. doi: 10.1016/j.ajhg.2011.10.004

17. Bayardo, M, Punzi, F, Bondar, C, Chopita, N, and Chirdo, F. Transglutaminase 2 expression is enhanced synergistically by interferon-γ and tumour necrosis factor-α in human small intestine. Clin Exp Immunol. (2012) 168:95–104. doi: 10.1111/j.1365-2249.2011.04545.x

18. Ray, D, and Chatterjee, N. A powerful method for pleiotropic analysis under composite null hypothesis identifies novel shared loci between Type 2 Diabetes and Prostate Cancer. PloS Genet. (2020) 16:e1009218. doi: 10.1371/journal.pgen.1009218

19. COVID-19 Host Genetics Initiative. The COVID-19 Host Genetics Initiative, a global initiative to elucidate the role of host genetic factors in susceptibility and severity of the SARS-CoV-2 virus pandemic. Eur J Hum genetics: EJHG. (2020) 28:715–8. doi: 10.1038/s41431-020-0636-6

20. Au Yeung, SL, Li, AM, He, B, Kwok, KO, and Schooling, CM. Association of smoking, lung function and COPD in COVID-19 risk: a two-step Mendelian randomization study. Addict (Abingdon England). (2022) 117:2027–36. doi: 10.1111/add.v117.7

21. Võsa, U, Claringbould, A, Westra, HJ, Bonder, MJ, Deelen, P, Zeng, B, et al. Large-scale cis- and trans-eQTL analyses identify thousands of genetic loci and polygenic scores that regulate blood gene expression. Nat Genet. (2021) 53:1300–10. doi: 10.1038/s41588-021-00913-z

22. Ferkingstad, E, Sulem, P, Atlason, BA, Sveinbjornsson, G, Magnusson, MI, Styrmisdottir, EL, et al. Large-scale integration of the plasma proteome with genetics and disease. Nat Genet. (2021) 53:1712–21. doi: 10.1038/s41588-021-00978-w

23. Sun, BB, Chiou, J, Traylor, M, Benner, C, Hsu, YH, Richardson, TG, et al. Plasma proteomic associations with genetics and health in the UK Biobank. Nature. (2023) 622:329–38. doi: 10.1038/s41586-023-06592-6

24. Genovese, G, Rockweiler, NB, Gorman, BR, Bigdeli, TB, Pato, MT, Pato, CN, et al. BCFtools/liftover: an accurate and comprehensive tool to convert genetic variants across genome assemblies. Bioinformatics. (2024) 40:btae038. doi: 10.1093/bioinformatics/btae038

25. Auton, A, Brooks, LD, Durbin, RM, Garrison, EP, Kang, HM, Korbel, JO, et al. A global reference for human genetic variation. Nature. (2015) 526:68–74. doi: 10.1038/nature15393

26. Willer, CJ, Li, Y, and Abecasis, GR. METAL: fast and efficient meta-analysis of genomewide association scans. Bioinf (Oxford England). (2010) 26:2190–1. doi: 10.1093/bioinformatics/btq340

27. Han, B, and Eskin, E. Random-effects model aimed at discovering associations in meta-analysis of genome-wide association studies. Am J Hum Genet. (2011) 88:586–98. doi: 10.1016/j.ajhg.2011.04.014

28. Turley, P, Walters, RK, Maghzian, O, Okbay, A, Lee, JJ, Fontana, MA, et al. Multi-trait analysis of genome-wide association summary statistics using MTAG. Nat Genet. (2018) 50:229–37. doi: 10.1038/s41588-017-0009-4

29. Yang, J, Lee, SH, Goddard, ME, and Visscher, PM. GCTA: a tool for genome-wide complex trait analysis. Am J Hum Genet. (2011) 88:76–82. doi: 10.1016/j.ajhg.2010.11.011

30. Yang, J, Ferreira, T, Morris, AP, Medland, SE, Madden, PA, Heath, AC, et al. Conditional and joint multiple-SNP analysis of GWAS summary statistics identifies additional variants influencing complex traits. Nat Genet. (2012) 44:369–375, s361-363. doi: 10.1038/ng.2213

31. Watanabe, K, Taskesen, E, van Bochoven, A, and Posthuma, D. Functional mapping and annotation of genetic associations with FUMA. Nat Commun. (2017) 8:1826. doi: 10.1038/s41467-017-01261-5

32. de Leeuw, CA, Mooij, JM, Heskes, T, and Posthuma, D. MAGMA: generalized gene-set analysis of GWAS data. PloS Comput Biol. (2015) 11:e1004219. doi: 10.1371/journal.pcbi.1004219

33. Weeks, EM, Ulirsch, JC, Cheng, NY, Trippe, BL, Fine, RS, Miao, J, et al. Leveraging polygenic enrichments of gene features to predict genes underlying complex traits and diseases. Nat Genet. (2023) 55:1267–76. doi: 10.1038/s41588-023-01443-6

34. Zhu, Z, Zhang, F, Hu, H, Bakshi, A, Robinson, MR, Powell, JE, et al. Integration of summary data from GWAS and eQTL studies predicts complex trait gene targets. Nat Genet. (2016) 48:481–7. doi: 10.1038/ng.3538

35. Liberzon, A, Birger, C, Thorvaldsdóttir, H, Ghandi, M, Mesirov, JP, and Tamayo, P. The Molecular Signatures Database (MSigDB) hallmark gene set collection. Cell Syst. (2015) 1:417–25. doi: 10.1016/j.cels.2015.12.004

36. Yu, G, Wang, LG, Han, Y, and He, QY. clusterProfiler: an R package for comparing biological themes among gene clusters. Omics J Integr Biol. (2012) 16:284–7. doi: 10.1089/omi.2011.0118

37. Wu, C, Zhang, Z, Yang, X, and Zhao, B. Large-scale imputation models for multi-ancestry proteome-wide association analysis. bioRxiv. (2023). doi: 10.1101/2023.10.05.561120

38. Greenland, S. An introduction to instrumental variables for epidemiologists. Int J Epidemiol. (2000) 29:722–9. doi: 10.1093/ije/29.4.722

39. Gusev, A, Ko, A, Shi, H, Bhatia, G, Chung, W, Penninx, BW, et al. Integrative approaches for large-scale transcriptome-wide association studies. Nat Genet. (2016) 48:245–52. doi: 10.1038/ng.3506

40. Cohen, JF, Chalumeau, M, Cohen, R, Korevaar, DA, Khoshnood, B, and Bossuyt, PM. Cochran's Q test was useful to assess heterogeneity in likelihood ratios in studies of diagnostic accuracy. J Clin Epidemiol. (2015) 68:299–306. doi: 10.1016/j.jclinepi.2014.09.005

41. Bowden, J, Davey Smith, G, and Burgess, S. Mendelian randomization with invalid instruments: effect estimation and bias detection through Egger regression. Int J Epidemiol. (2015) 44:512–25. doi: 10.1093/ije/dyv080

42. Barrett, T, Wilhite, SE, Ledoux, P, Evangelista, C, Kim, IF, Tomashevsky, M, et al. NCBI GEO: archive for functional genomics data sets–update. Nucleic Acids Res. (2013) 41:D991–995. doi: 10.1093/nar/gks1193

43. Johnson, WE, Li, C, and Rabinovic, A. Adjusting batch effects in microarray expression data using empirical Bayes methods. Biostatistics (Oxford England). (2007) 8:118–27. doi: 10.1093/biostatistics/kxj037

44. Sturm, G, Finotello, F, Petitprez, F, Zhang, JD, Baumbach, J, Fridman, WH, et al. Comprehensive evaluation of transcriptome-based cell-type quantification methods for immuno-oncology. Bioinf (Oxford England). (2019) 35:i436–45. doi: 10.1093/bioinformatics/btz363

45. Jia, N, Zhu, Z, Liu, Y, Yin, X, Man, L, Hou, W, et al. From SNVs to genes: identifying the genetic links between sleep and psychiatric disorders. Sleep. (2024), zsae209. doi: 10.1093/sleep/zsae209

46. Cao, G, Luo, Q, Wu, Y, and Chen, G. Inflammatory bowel disease and rheumatoid arthritis share a common genetic structure. Front Immunol. (2024) 15:1359857. doi: 10.3389/fimmu.2024.1359857

47. Chang, S, Luo, Q, and Huang, Z. Genetic association and causal effects between inflammatory bowel disease and conjunctivitis. Front Immunol. (2024) 15:1409146. doi: 10.3389/fimmu.2024.1409146

48. Marasco, G, Maida, M, Cremon, C, Barbaro, MR, Stanghellini, V, and Barbara, G. Meta-analysis: Post-COVID-19 functional dyspepsia and irritable bowel syndrome. Alimentary Pharmacol Ther. (2023) 58:6–15. doi: 10.1111/apt.17513

49. Boutwell, B, Hinds, D, Tielbeek, J, Ong, KK, Day, FR, and Perry, JRB. Replication and characterization of CADM2 and MSRA genes on human behavior. Heliyon. (2017) 3:e00349. doi: 10.1016/j.heliyon.2017.e00349

50. Seguella, L, and Gulbransen, BD. Enteric glial biology, intercellular signalling and roles in gastrointestinal disease. Nat Rev Gastroenterol Hepatol. (2021) 18:571–87. doi: 10.1038/s41575-021-00423-7

51. Bu, HF, Zuo, XL, Wang, X, Ensslin, MA, Koti, V, Hsueh, W, et al. Milk fat globule-EGF factor 8/lactadherin plays a crucial role in maintenance and repair of murine intestinal epithelium. J Clin Invest. (2007) 117:3673–83. doi: 10.1172/JCI31841

52. Hanayama, R, Tanaka, M, Miwa, K, Shinohara, A, Iwamatsu, A, and Nagata, S. Identification of a factor that links apoptotic cells to phagocytes. Nature. (2002) 417:182–7. doi: 10.1038/417182a

53. Chiplunkar, A, and Rentschler, S. Notch Activation Associated with Poor Outcomes in Heart Failure: Is it Harmful, or not Enough of a Good Thing? J cardiac failure. (2016) 22:224–5. doi: 10.1016/j.cardfail.2016.01.004

54. Zheng, X, Tsuchiya, K, Okamoto, R, Iwasaki, M, Kano, Y, Sakamoto, N, et al. Suppression of hath1 gene expression directly regulated by hes1 via notch signaling is associated with goblet cell depletion in ulcerative colitis. Inflammatory bowel Dis. (2011) 17:2251–60. doi: 10.1002/ibd.21611

55. Nakagawa, H, Inazawa, J, Inoue, K, Misawa, S, Kashima, K, Adachi, H, et al. Assignment of the human renal dipeptidase gene (DPEP1) to band q24 of chromosome 16. Cytogenetics Cell Genet. (1992) 59:258–60. doi: 10.1159/000133263

56. Meister, A. Glutathione, ascorbate, and cellular protection. Cancer Res. (1994) 54:1969s–75s.

57. Ercal, N, Gurer-Orhan, H, and Aykin-Burns, N. Toxic metals and oxidative stress part I: mechanisms involved in metal-induced oxidative damage. Curr topics medicinal Chem. (2001) 1:529–39. doi: 10.2174/1568026013394831

58. Zhang, G, Schetter, A, He, P, Funamizu, N, Gaedcke, J, Ghadimi, BM, et al. DPEP1 inhibits tumor cell invasiveness, enhances chemosensitivity and predicts clinical outcome in pancreatic ductal adenocarcinoma. PloS One. (2012) 7:e31507. doi: 10.1371/journal.pone.0031507

59. Morchikh, M, Cribier, A, Raffel, R, Amraoui, S, Cau, J, Severac, D, et al. HEXIM1 and NEAT1 long non-coding RNA form a multi-subunit complex that regulates DNA-mediated innate immune response. Mol Cell. (2017) 67:387–399.e385. doi: 10.1016/j.molcel.2017.06.020

60. Piche, T, Saint-Paul, MC, Dainese, R, Marine-Barjoan, E, Iannelli, A, Montoya, ML, et al. Mast cells and cellularity of the colonic mucosa correlated with fatigue and depression in irritable bowel syndrome. Gut. (2008) 57:468–73. doi: 10.1136/gut.2007.127068

61. Rivera, J, Fierro, NA, Olivera, A, and Suzuki, R. New insights on mast cell activation via the high affinity receptor for IgE. Adv Immunol. (2008) 98:85–120. doi: 10.1016/S0065-2776(08)00403-3

62. Jakate, S, Demeo, M, John, R, Tobin, M, and Keshavarzian, A. Mastocytic enterocolitis: increased mucosal mast cells in chronic intractable diarrhea. Arch Pathol Lab Med. (2006) 130:362–7. doi: 10.5858/2006-130-362-MEIMMC

63. Wynn, TA, and Vannella, KM. Macrophages in tissue repair, regeneration, and fibrosis. Immunity. (2016) 44:450–62. doi: 10.1016/j.immuni.2016.02.015

64. Tan, S, and Chen, S. The mechanism and effect of autophagy, apoptosis, and pyroptosis on the progression of silicosis. Int J Mol Sci. (2021) 22:8110. doi: 10.3390/ijms22158110

65. Hausmann, M, Obermeier, F, Schreiter, K, Spottl, T, Falk, W, Schölmerich, J, et al. Cathepsin D is up-regulated in inflammatory bowel disease macrophages. Clin Exp Immunol. (2004) 136:157–67. doi: 10.1111/j.1365-2249.2004.02420.x

66. Neurath, MF. Cytokines in inflammatory bowel disease. Nat Rev Immunol. (2014) 14:329–42. doi: 10.1038/nri3661

67. Li, B, and Greene, MI. Special regulatory T-cell review: FOXP3 biochemistry in regulatory T cells–how diverse signals regulate suppression. Immunology. (2008) 123:17–9. doi: 10.1111/j.1365-2567.2007.02774.x




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2024 Liu, Li, Gao, Liu, Chen, Zhao, Zhao and Dong. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fimmu-15-1442693-g002.jpg
definitive hemopoiesis @) B C & - "
lens morphogenesis in ’ g ategory lomarkers
camera-type eye Hedgehog signaling pathway ® .
megakaryocyte development-P Count Count Apoptosis MFGE8
[ & [ B}
neuronal cell body membrane 4 — S — gt Intestinal DLL1
3 004 regulating pluripotency of ® 0043 System CADM2
cell body membrane 4 003 stem cells 0042
0041
002 0040 Immune MFGES8
low~-density lipoprotein d 0039
particle receptor activity oot Transorptonal & System DPEP1
lipoprotein particle z i O
receptor activity 3 misregulation in cancer HEXIM1
cargo receptor activity
026 028 030 0.32 0450 0475 0500 0525 0.550
GeneRatio GeneRatio
D group ESLowriskgroup (-] High risk group

“ees nS NS NS NS Y NS NSt NS ¢ teeeesss ass no g 4e wewessss e s (o e ae o wees no s sasseses o mes 4e sevesmss 4en 6 [0 N6 (o 44 Mews g e evesmss o 4 4 seme 4 e [o g e s s we s e wer

09

06

Estimated Fraction

03

OO OO T PO T . T 1 PR

0%.& e\\"’\\\\f S e X Pefe el \'?(c@(z“\ S 2 R Tn® 00&\\5“\\ A 5\5&?‘4&0\,\600 S L 6"’\‘\*\*\

0.0

S 300 122 Ao\ 0% \6 NS o
S e \n?"’oe‘\q\%? C\pg RN A %s‘;: ettt e es
SRS W ¢ “c,o“' o &0 oS RS g q'b‘ A c\d%x\%%a S \;ﬁ R SN s\“" X °° z\a\‘\v“\%" ¥
la 0 & ?(,, % X o‘&xo OO Y ° & \~\
h" 0«\8 oo RSNV R ‘y\ &
0&*%" o S WE W o
o) e"i\\c"\
=3

Immune cell infiltration





OEBPS/Images/fimmu-15-1442693-g001.jpg
Background Result

8 independent
SNVs —» genomic risk loci
were identified

Functional

. 4 risk genes
u Enrichment —» ected
! MTAG analysis WEIE Seltbis
b s
N | Immune
g infiltration —» 2 subjcype IBS
e ° analysis were identified

Risk 231 risk proteins
SLISS g —> 7 250 proteins " were selected

--)X----% Confounders <---->{--
COVID-19 Severe respiratory Hospitalized @ Instrumental _ IBS-META : COVID-19 + Instrumental

infection confirmed COVID COVID Variable Variable






OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Shared genetic architecture between COVID-19 and irritable bowel syndrome: a large-scale genome-wide cross-trait analysis

      

        		

          Background

        



        		

          Materials and methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          1 Introduction

        



        		

          2 Data sources and methods

        

          		

            2.1 Statistical analysis

          

            		

              2.1.1 Assessment of genetic correlations between IBS and COVID-19

            



            		

              2.1.2 Meta-analysis of GWASs

            



            		

              2.1.3 Multi-trait analysis of GWAS summary statistics

            



            		

              2.1.4 Identification of genetic risk factors for IBS

            

              		

                2.1.4.1 Identification of independent risk loci

              



              		

                2.1.4.2 Genetic insights into IBS

              



              		

                2.1.4.3 Proteomic insights into IBS

              



              		

                2.1.4.4 Two-sample MR

              



              		

                2.1.4.5 GSVA and Immune cell infiltration analysis

              



            



            



          



          



        



        



        		

          3 Results

        

          		

            3.1 Genetic relationship between IBS and COVID-19

          



          		

            3.2 Bidirectional Mendelian randomization study

          



          		

            3.3 Genetic landscape of IBS identified through multi-trait analysis

          



          		

            3.4 Genetic markers associated with COVID-19 and IBS comorbidity

          



          		

            3.5 Identification of genes associated with COVID-19 and IBS comorbidity

          



          		

            3.6 Identification of proteins associated with COVID-19 and IBS comorbidity

          



          		

            3.7 Identification and characterization of IBS subtypes

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu.2024.1442693_cover.jpg
& frontiers | Frontiers in Immunology

Shared genetic architecture between
COVID-19 and irritable bowel syndrome: a
large-scale genome-wide cross-trait
analysis





OEBPS/Images/table1.jpg
Trait pair

COVID-19 infection-IBS (dataset1) 0.210 (0.082) 0.016 0.231 (0.091) 0.018
COVID-19 infection-IBS (dataset2) ‘ 0.135 (0.050) 0.016 0.183 (0.052) 0.003
Hospitalized COVID-19 -IBS (dataset1) 0.177 (0.069) 0.016 0.160 (0.073) 0.035
Hospitalized COVID-19 - IBS (dataset2) 0.117 (0.043) 0.016 0.170 (0.051) 0.003
Very severe respiratory confirmed COVID-19 0.087 (0.079) 0.263 0.134 (0.087) 0.127

-IBS (datasetl)

Very severe respiratory confirmed COVID-19- 0.085 (0.044) 0.060 0.150 (0.048) 0.004
IBS (dataset2)

The genetic correlation was estimated using the LDSC method, while the genetic overlap was assessed using the HDL method. A Benjamini and Hochberg (BH)-corrected significance threshold
was set to account for multiple comparisons. Notably, we observed a significant genetic correlation between irritable bowel syndrome (IBS) and COVID-19-infected, hospitalized patients. These
findings highlight a potential common genetic factor between 1BS and COVID-19. LDSC, linkage disequilibrium score regression; HDL, high-definition likelihood; rg, regression; datasetl,
FinnGen-IBS; dataset2: GCST90016564-1BS.





