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Introduction: Intestinal barrier injury plays a significant role in the development and progression of sepsis. However, the underlying
mechanisms remain unclear.

Methods: The “intestinal immune network for IgA production” pathway (KEGG ID: hsa04672) is closely associated with the
intestinal barrier. This study integrated bulk and single-cell RNA sequencing data, a clinical trial, an animal study and Mendelian
randomization (MR) analyses to elucidate the role of hsa04672 during sepsis.

Results: Enrichment analyses confirmed the relationship between hsa04672 and sepsis. Four machine learning algorithms identified
HLA-DPA1 (area under the curve [AUC] = 0.995), ITGB7 (AUC = 0.967), and CXCR4 (AUC = 0.942) as hsa04672-associated
diagnostic biomarkers. Gene Set Variation Analysis (GSVA) revealed suppressed activity of hsa04672 in sepsis patients. Two
independent methods (GSVA scores and consensus clustering) generated hsa04672-associated sepsis subgroups. Kaplan-Meier
analyses subsequently confirmed significant survival differences between these subgroups, indicating a relationship between
hsa04672 and sepsis prognosis. Afterwards, univariable Cox, LASSO, and multivariable Cox regression analyses identified
ANKRDSS5, CX3CR1, and GIMAP4 as hsa04672-associated prognostic biomarkers. Based on these prognostic biomarkers, we
constructed a nomogram model, whose accuracy and robustness were demonstrated through calibration curves, decision curve
analyses, and time-dependent ROC curves. In the animal study, reduced intestinal IgA production was observed in severe sepsis.
Single-cell analyses revealed the activities of hsa04672 and the expression patterns of biomarkers within each immune cell type across
healthy controls, sepsis survivors, and sepsis nonsurvivors. MR analyses suggested that elevated CXCR4 expression was a risk factor
of sepsis (OR = 1.27, 95% CI: 1.02-1.58, P = 0.036), and decreased GIMAP4 expression was a risk factor of 28-day death in sepsis
(OR = 0.76, 95% CI: 0.60-0.98, P = 0.032).

Conclusion: The “intestinal immune network for IgA production” is deeply involved in the development and progression of sepsis.
Keywords: Sepsis, intestinal immune network for IgA production, biomarker, nomogram model, single-cell RNA sequencing,
mendelian randomization

Introduction

Sepsis is a life-threatening condition caused by an overactive immune response to infection.' Because of its high
mortality rate and substantial economic and social burdens, sepsis has become a major global public health issue.
With its high heterogeneous, sepsis can be caused by various pathogens from different infection sites, which
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Figure | The flowchart of this study.

Abbreviations: DEGs, differentially expressed genes; GSEA, gene set enrichment analysis; GO, gene ontology; KEGG, kyoto encyclopedia of genes and genomes;
Hsa04672, the KEGG identifier for the “intestinal immune network for IgA production” pathway; XGBoost, eXtreme gradient boosting; RF, random forest; GMM, gaussian
mixture mo SVM-RFE, support vector machine recursive feature elimination; GSVA, gene set variation analysis; MR, Mendelian randomization.

Nomogram Model |

compromises the ability to apply research findings from specific sepsis models to all conditions.>* Therefore, it is vital to
find the universal mechanisms that contribute to all subgroups of sepsis.

The intestinal barrier is a complex body system consisting of mucosal, microbial, and immune barriers. All the
components of intestinal barrier collaborate to facilitate nutrient absorption from the intestinal lumen while block
bacteria, toxins, and other harmful substances from entering the intestinal tissue or bloodstream.® Previous studies
have confirmed that intestinal barrier injury plays a critical role in sepsis progression across different experimental and
clinical models. In murine models of polymicrobial sepsis (induced by cecal ligation and puncture, CLP), intestinal
barrier injury causes bacterial translocation, systemic inflammation, and multi-organ failure, leading to increased
mortality.*” In endotoxemia models (induced by lipopolysaccharide [LPS] challenge), intestinal hyperpermeability is
driven primarily by Toll-like receptor 4 mediated disruption of tight junctions.®” Clinically, sepsis patients with elevated
biomarkers of intestinal barrier injury (plasma I-FABP, citrulline) exhibit higher organ failure scores and mortality.'
Taken together, intestinal barrier injury is not exclusive to intestinal origin sepsis but is a common feature of most types
of sepsis. The impaired intestinal barrier allows intestinal contents to cross the intestinal barrier and enter the blood-
stream lymphatic system, or peritoneal cavity, leading to enterogenic infections, systemic inflammatory responses,
immune dysregulation, and multiple organ dysfunction syndrome.'''*> Given the complexity of intestinal barrier, it is
essential to identify its specific component that significantly contributes to the development and progression of sepsis.

In this study, we employed bulk and single-cell RNA sequencing data from Gene Expression Omnibus (GEO, https://
www.ncbi.nlm.nih.gov/geo/), and genome-wide association studies (GWAS) data from the “IEU OpenGWAS Project”
(https://gwas.mrcieu.ac.uk/), conducted an animal study and a clinical trial to clarify the role of a specific pathway
closely related to intestinal barrier function during sepsis. Then based on this targeted pathway, we identified valuable
biomarkers for the diagnosis and prognosis of sepsis, constructed a prognostic nomogram model, and investigated the
causal relationships between biomarkers and sepsis. Figure 1 shows the flowchart of this study.

Methods
Analysis of Bulk RNA Sequencing Data

Data Source
Five bulk RNA sequencing datasets were obtained from GEO, including one training dataset (GSE65682) and four
validation datasets (GSE57065, GSE95233, GSE131761, and GSE134347). Prognosis information regarding 28-day
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survival status and specific survival time was available in the training dataset, but not in the validation datasets. The
details of these datasets can be found in Table SI.

Differential Expression Analysis and Enrichment Analysis

In this study, the “limma” package (version 3.58.1) was used to perform differential expression analysis, and the criteria
for identifying differentially expressed genes (DEGs) were [log, Fold Change| > 0.58 and adjusted P-value < 0.05."* The
DEGs between sepsis patients and healthy controls were labeled “Diagnosis-DEGs”, highlighting their potential role in
sepsis diagnosis. Then Gene Set Enrichment Analysis (GSEA), Gene Ontology (GO) annotation, and Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis were conducted using the
“clusterProfiler” package (version 4.10.1) to elucidate the biological mechanisms and signaling pathways implicated in
sepsis pathogenesis.'”> Besides, the “circlize” package (version 0.4.16) was used to visualize gene chromosome
localization,'® and the “pathview” package (version 1.40.0) was used to illustrate the gene expression patterns in the
targeted KEGG pathway (Supplementary material. KEGG permission letter).'’

Machine Learning Algorithms and Diagnostic Biomarkers

Four machine learning algorithms were implemented for hub gene identification: eXtreme Gradient Boosting (XGBoost),
Random Forest (RF), Gaussian Mixture Model (GMM), and Support Vector Machine Recursive Feature Elimination
(SVM-RFE). (i) XGBoost: Implemented via the ”xgboost” package (version 1.7.8.1), this gradient boosting framework
constructed additive decision trees through gradient-based boosting iterations (eta=0.1), with L2 regularization
(lambda=0.5) and minimum loss reduction (gamma=0.3) to control model complexity.'® (ii) RF: Implemented via
the “randomForest” package (version 4.7-1.1), 500 decorrelated decision trees were generated using bootstrap aggregat-
ing, with feature importance quantified through mean decrease Gini index.'” (iii) GMM: Implemented via
the ”SimDesign” package (version 2.18), gene expression patterns were modeled as probabilistic mixtures of multivariate
Gaussian distributions (n_components = 3), optimized via expectation-maximization algorithm (convergence threshold =
le-5).%° (iv) SVM-RFE: Implemented via the ”e1071” package (version 1.7-16), linear kernel SVM classifiers were
recursively trained (C = 1.0), eliminating 10% of features with minimal absolute weight coefficients per iteration until
achieving optimal feature subset.>' Then the overlapping gene sets identified by machine learning algorithms were
regarded as the biomarkers for sepsis diagnosis. Their diagnostic values were assessed by the receiver operating
characteristic (ROC) curve and its area under the curve (AUC).

Gene Set Variation Analysis (GSVA)

GSVA was performed using the “GSVA” package (version 1.50.5) and the GSVA scores were used to quantify pathway
activation states.”> Then the GSVA scores of the targeted pathway were compared between sepsis patients and healthy
controls. According to the GSVA scores, sepsis patients were divided into high-score and low-score subgroups. The
optimal cutoff for GSVA scores was determined using the “survminer” package (version 0.4.9). Kaplan-Meier (K-M)
survival analysis was conducted to compare the outcomes between subgroups. Differential expression analysis was
performed between high-score and low-score subgroups and the DEGs were identified as “GSVA-DEGs”.

Consensus Clustering

Consensus clustering analysis was conducted using the “ConsensusClusterPlus” package (version 1.66.0) with PAM
clustering and Canberra distance.”® Sepsis patients were divided into two subgroups (Clusterl and Cluster2). Principal
component analysis (PCA) was performed to show separation of subgroups. K-M survival analysis was conducted to
compare the outcomes between subgroups. Differential expression analysis was performed between Clusterl and
Cluster2 and the DEGs were identified as “Clustering-DEGs”.

Prognostic Biomarkers and Nomogram Model

Univariable Cox regression analysis was performed to identify genes associated with sepsis prognosis as “Uni-Cox

genes”. Then the intersection of Clustering-DEGs, GSVA-DEGs, Uni-Cox genes and Diagnosis-DEGs was obtained.
Next, LASSO regression through 10-fold cross-validation were performed using the “glmnet” package (version

4.1-8). The optimal regularization parameter (lambda) was determined by minimizing the partial likelihood deviance,
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with genes retaining non-zero coefficients at the selected lambda value subsequently designated as candidate biomar-
kers for prognostic model construction.”® Afterwards, multivariable Cox regression analysis was performed with
backward stepwise selection (o0 = 0.05 for variable retention) to identify prognostic biomarkers. These biomarkers
were subsequently incorporated into a prognostic nomogram model. The model’s predictive performance was eval-
uated through three distinct methodologies: calibration curve assessing prediction accuracy, decision curve analysis
(DCA) quantifying clinical utility, and time-dependent ROC measuring discriminative capacity across temporal
intervals.

Protein-Protein Interaction (PPI)

PPI networks of biomarkers were generated using two online databases. The GeneMANIA algorithm (http:/www.
genemania.org) was used to generated a PPI network incorporating both biomarkers and their functionally related
partners. The STRING database (http://www.string-db.org/) was used to construct a PPI network of biomarkers with

an edge confidence > 0.15.

Transcription Factor (TF)-mRNA Network
The interactions between TF and biomarkers were obtained from the ChIPBase database (https://rnasysu.com/chipbase3/).

Customized download links were programmatically generated in R for each biomarker, specifying hg38 genome assembly,
1kb upstream/downstream regulatory regions, and motif-validated interactions. High-confidence interactions (total samples
>15) were retained to construct an edge list. Final TF-mRNA network was visualized with Cytoscape (version 3.10.2).

CeRNA (Competing Endogenous RNA) Regulatory Network

The ceRNA regulatory network was constructed using data from the ENCORI database (https://rnasysu.com/encori/). For
miRNA-mRNA interactions, R automatically generated ENCORI API links (hg38 assembly, mRNA type, Clip-seq
support >1) to download targeting relationships of biomarkers. High-confidence interactions (pancancerNum > 6) were
retained to build an mRNA-miRNA edge list. Next, identified miRNAs were queried against IncRNA targets (hg38,
IncRNA type, interaction support >1). Interactions with pancancerNum exceeding 11 were filtered to create miRNA-

IncRNA edges. Final ceRNA regulatory network was visualized with Cytoscape (version 3.10.2).

Clinical Trial

Study Population

The clinical trial was approved by Medical Ethics Committee of The Affiliated Wuxi People’s Hospital of Nanjing
Medical University (Approval No. KY24180) and was prospectively registered at the Chinese Clinical Trial Register
(Registration No. ChiCTR2400094241; 19/12/2024). This study complied with the Declaration of Helsinki. Ten sepsis
patients (diagnosed per Sepsis-3 criteria®®) and ten healthy controls were included in this study. Details regarding the
inclusion and exclusion criteria are provided in Table S2. All healthy controls provided written informed consent directly.
For sedated sepsis patients lacking decision-making capacity, consent was obtained through legally authorized repre-
sentatives. Blood samples of sepsis patients were collected within 24 hours after ICU admission; Blood samples of
healthy controls were collected during sampling for medical examination. The expression levels of biomarkers were

measured using real-time quantitative polymerase chain reaction (RT-qPCR).

RT-qPCR

Total RNA was extracted using the Spin Column Blood Total RNA Purification Kit (Sangon Biotech, China). It was
then reverse-transcribed into cDNA using the PrimeScript™ RT Master Mix (Perfect Real Time) (TAKARA, Japan,
RRO36A). Next, RT-qPCR was conducted using the TB Green Premix Ex Taq II (Tli RNaseH Plus) (TAKARA, Japan
RR820A). The primer sequences can be found in Table S3. The experiment included three technical replicates, and
the relative mRNA expression levels were calculated using the 2 “““T method, with GAPDH as the internal

reference.?®
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Animal Study

Establishment of Sepsis Mouse Model

Male C57BL/6J mice at 8 weeks of age and weighing 20-25 g (Jiangsu Huachuang Sino Pharma Tech Could) were
acclimatized for one week prior to the experiment under controlled conditions: room temperature of 23-25 °C, humidity
of 50-60%, and a 12-hour light/dark cycle in the SPF-level animal room. LPS (Escherichia coli 055:B5, Sigma-Aldrich)
was dissolved in sterile phosphate buffered saline (PBS), and the sepsis mouse model was established by intraperitoneal
injection of LPS. A total of 15 mice were randomly assigned to three groups (n = 5/group) using computer-generated
randomization. Mice in the mild sepsis group were given 10 mg/kg body weight of LPS, and mice in the severe sepsis
group were given 20 mg/kg body weight of LPS.?” Mice in the control group were given an equivalent volume of PBS to
ensure comparability with the LPS-injected group. After LPS injection, the clinical symptoms of sepsis in mice were
monitored every 6 hours, including lethargy, piloerection, and reduced mobility. 24 hours after intraperitoneal LPS
administration, mice were euthanized with an overdose of sodium pentobarbital (100 mg/kg, P3761, Sigma-Aldrich)
under 3% isoflurane anesthesia. Death was confirmed by absence of corneal reflexes and bilateral thoracotomy. Ileal
tissues were immediately excised and luminal contents were cleared with ice-cold PBS perfusion. This animal study was
approved by the Institutional Animal Care and Use Committee of The Affiliated Wuxi People’s Hospital of Nanjing
Medical University (Approval No. DL2020001) and conducted in accordance with the Guide for the Care and Use of
Laboratory Animals of the National Institutes of Health (8th edition).

Immunohistochemical Analysis of IgA in the lleum

The ileum tissues were fixed in 4% paraformaldehyde for 24 hours, then dehydrated in graded ethanol, and embedded in
paraffin. Sections of 4 um thickness were cut with a microtome, mounted on glass slides, and baked at 60°C for
50 minutes. For immunohistochemistry, tissue sections underwent deparaffinization and rehydration, followed by antigen
retrieval with citrate buffer (pH 6.0) at 95 °C for 20 minutes then cooled naturally. The activity of endogenous peroxidase
was inhibited using 3% hydrogen peroxide for 10 minutes. The sections were incubated overnight at 4 °C with a primary
antibody against IgA (MAB12771, Abnova). After washing, the sections were incubated with a horseradish peroxidase-
conjugated secondary antibody at room temperature for 1 hour. Diaminobenzidine was used as the chromogen, and
sections were counterstained with hematoxylin. Stained sections were observed with a light microscope, and images were
taken with a digital camera.”®

Analysis of Single-Cell RNA Sequencing Data

Data Source

GSE167363 was a single-cell RNA sequencing dataset of peripheral blood mononuclear cells obtained from GEO. This
study included two healthy controls, three sepsis survivors, and two sepsis nonsurvivors, excluding any repeated
sampling data.

Quality Control

The “Seurat” package (version 5.1.0, https://satijalab.org/seurat/) was used to process the single-cell RNA sequencing
data. To ensure data quality, cells with counts from 200 to 10000, feature > 200, log;oGenesPerUMI > 0.8, and
mitochondrial percentages < 20% were included, then the cell cycle processing was performed. Afterwards, doublets

cells were identified and removed using the “scDblFinder” package (version 1.16.0), the batch effect was removed by the
“harmony” package (version 1.2.1).

Cell Annotation and Visualization

After quality control, the Uniform Manifold Approximation and Projection (UMAP) was used for the dimensionality
reduction and visualization. Next, cells were clustered with a resolution of 1.0 using unsupervised clustering, and
annotated using ScType and “HGNChelper” packages (version 0.8.14). Additionally, gene set enrichment analysis was
conducted using the “AUCell” package (version 1.24.0). At last, the “Seurat” and “ggplot2” package (version 3.5.1) were
used to generate dot plots for the visualization of gene set enrichment scores as well as the expression patterns of
biomarkers in the single-cell level.
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Mendelian Randomization (MR) Analysis
Data Source

The GWAS data for MR analysis were obtained from the “IEU OpenGWAS Project”, and no further ethical approval was
required. The details of the data source for the MR analysis are presented in Table S4.

Study Design

MR analysis is a robust mothed that reveals unbiased causal relationships between potential exposures and specific
outcomes. It utilizes genetic variants, the single nucleotide polymorphisms (SNPs), as instrumental variables (IVs). This
method effectively addresses the inherent limitations of observational studies.?’ In this study, the exposures were
expression levels of biomarkers, and the outcomes were the risk of sepsis and 28-day death in sepsis, the causal
relationships between exposures and outcomes were investigated by the two-sample MR analysis using the
“TwoSampleMR” package (version 0.6.8), following the guideline of the STROBE-MR Statement.**

IVs Selection

Three key assumptions need to be considered during the selection of SNPs. (i) SNPs must be strongly associated with the
exposure. (ii) SNPs must be independent of any confounders that could influence the relationship between exposure and
outcome. (iii) SNPs should affect the outcome solely through their direct impact on the exposure, without involving other
pathways.>' The clumping procedure was used to avoid linkage disequilibrium among the included SNPs, with parameters set at
> =0.001 and a clump window of 10,000 kb. To secure an adequate number of SNPs, the selection threshold was set at p <
1x107°.*! During the harmonization procedure, non-concordant and palindromic alleles were removed. To minimize potential
biases, only SNPs that generated an F-statistic > 10 were accepted.”

MR and Sensitivity Analysis
This MR analysis employed four complementary approaches: (i) The inverse-variance weighted (IVW) method, serving as
primary analysis under the assumption of balanced pleiotropy, which aggregates Wald ratio estimates through variance-weighted
meta-analysis; (ii) The weighted median estimator, providing consistent causal estimates when more than 50% of IVs satisfy
valid instrument assumptions; (iii) MR Egger regression, incorporating an intercept term to detect directional pleiotropy while
generating pleiotropy-adjusted effect estimates; (iv) The weighted mode-based approach, which identifies the clustered genetic
variants exhibiting congruent causal effects through density-weighted modal estimation, demonstrating particular robustness to
heterogeneous pleiotropic effects.” The conclusions of the MR study mainly considered the results of IVW method due to its
slightly greater power.>*

In addition, four visualization methods were used in this MR study: (i) Forest plots displayed individual and pooled
IV estimates with 95% confidence intervals, allowing assessment of effect heterogeneity; (ii) Scatter plots illustrated
SNP-exposure (x-axis) versus SNP-outcome (y-axis) associations with fitted regression lines, visually demonstrating core
MR assumptions; (iii) Leave-one-out analysis systematically excluded each IV to evaluate result stability and identify
influential variants; (iv) Funnel plots, plotting effect sizes against precision, detected potential directional pleiotropy
through asymmetry.

Sensitivity analyses were performed to enhance the stability and reliability of this MR study. The heterogeneity
among IVs was assessed by Cochran’s Q test.*> The horizontal pleiotropy was evaluated by the MR Egger intercept
test.>® Moreover, the direction of causal relationship was confirmed depend on the correlations between SNPs and

exposures/outcomes.

Statistical Analysis

The data processing, statistical analysis and visualization were conducted utilizing R language (version 4.3.3) and
Xiantao (https://www.xiantaozi.com/). Wilcoxon test was used for the comparisons between two groups. P < 0.05 was
considered statistically significant. ***P < 0.001; **P < 0.01; *P < 0.05.
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Results
Diagnosis-DEGs and the Intestinal Immune Network for IgA Production (hsa04672)

First, we performed differential expression analysis between 475 sepsis patients (104 with community-acquired pneu-
monia, 77 with hospital-acquired pneumonia, and 294 with other origins) and 42 healthy controls in the training dataset
GSE65682. A total of 2645 DEGs were identified, including 1189 upregulated genes and 1456 downregulated genes
(Figure 2A). In the following study, we referred to these DEGs as “Diagnosis-DEGs”. Next, we conducted GSEA, GO,
and KEGG enrichment analyses to identify potential mechanisms and pathways associated with sepsis (Figure 2B—F).
Among the results of enrichment analyses, the “intestinal immune network for IgA production” (hsa04672) was closely
related to the intestinal barrier. Then we displayed the chromosome localization of hsa04672-associated genes
(Figure 3A). Using the hsa04672 pathway diagram from KEGG, we showed the expression patterns of hsa04672-
associated genes in sepsis patients (Figure 3B).

In the following study, we investigated the role of hsa04672 pathway and its associated genes in the development and
progression of sepsis.

Hsa04672 and the Diagnosis of Sepsis

To estimate the role of hsa04672-associated genes in sepsis diagnosis, we preselected 19 genes as the intersection of
Diagnosis-DEGs and hsa04672-associated genes (Figure 3C). From these 19 genes we employed four machine learning
algorithms to respectively identify potential biomarkers for sepsis diagnosis. The XGBoost algorithm selected 6 genes
with a Gain > 0.02 (Figure 4A). The RF algorithm identified 14 genes with an importance score > 1.0 (Figure 4B and C).
In the GMM regression analysis, the model with highest accuracy comprised 5 genes (Figure 4D). In the SVM-RFE
analysis, the lowest classifier error and highest classifier accuracy occurred when the number of features was 19
(Figure 4E and F). The common genes of four gene sets identified by machine learning algorithms were determined to
be the sepsis diagnostic biomarkers, including HLA-DPA1, ITGB7, and CXCR4 (Figure 4G). In the GSE65682 dataset,
these diagnostic biomarkers were all downregulated in sepsis patients (Figure 4H). The ROC curves showed that the
AUC for HLA-DPAI, ITGB7, and CXCR4 were 0.995, 0.967, and 0.942 respectively, indicating excellent diagnostic
value for sepsis (Figure 41).

To investigate the role of the whole hsa04672 pathway in sepsis, we generated hsa04672 GSVA scores to quantify the
overall activities of this pathway for all samples. The comparison of hsa04672 GSVA scores between sepsis patients and
healthy controls revealed that the scores were significantly lower in sepsis patients, suggesting that the overall activity of
hsa04672 pathway was downregulated during sepsis (Figure SA).

Hsa04672 and the Prognosis of Sepsis

To estimate the role of hsa04672 in sepsis prognosis, we employed two methods to divide sepsis patients into hsa04672-
associated subgroups and compared their outcomes. (i) According to the hsa04672 GSVA scores, we stratified sepsis
patients into high-score and low-score subgroups. K-M survival analysis demonstrated that the high-score subgroup had
a better outcome than the low-score subgroup (Figure 5B). Then the DEGs of high-score and low-score subgroups were
identified using differential analysis (Figure 5C). (ii) Using consensus clustering analysis, we divided sepsis patients into
Cluster]l and Cluster2 (Figure 5D-F). The PCA revealed a clear separation between two clusters (Figure 5G).
K-M survival analysis showed that patients in Cluster]l had a better outcome than those in Cluster2 (Figure 5SH). Then
the DEGs of Cluster] and Cluster2 were identified using differential analysis (Figure 5I). These results suggested that
hsa04672 was associated with sepsis prognosis, and the reduced activity of hsa04672 indicated a worse outcome of
sepsis.

Nomogram Model for the Prognosis of Sepsis

Knowing the prognosis difference between hsa04672-associated subgroups, the DEGs of these subgroups were asso-
ciated with both hsa04672 pathway and sepsis prognosis. We identified 475 DEGs as “GSVA-DEGs” in the differential
analysis between high-score and low-score subgroups, and 373 DEGs as “Clustering-DEGs” in the differential analysis
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Figure 2 DEGs and enrichment analyses. (A) the volcano plot illustrated the DEGs between sepsis patients and healthy controls. (B) GSEA result of the hsa04672 pathway.
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encyclopedia of genes and genomes.

between Cluster] and Cluster2. Besides, we identified 2459 potential prognostic genes as “Uni-Cox genes” through
univariable Cox regression analysis. Then from the intersection of Uni-Cox genes, GSVA-DEGs, Clustering-DEGs, and

Diagnosis-DEGs, we obtained 111 hub genes (Figure 5J).
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Next, we selected 11 of the 111 hub genes through LASSO regression (Figure 5K and L). Since there were 112 sepsis
nonsurvivors in the GSE65682 dataset, to avoid overfitting and optimize clinical utility, we identified three of these genes
using multivariable Cox regression (Figure 6A). The three genes (ANKRDS5, CX3CR1, and GIMAP4) were recognized
as prognostic biomarkers of sepsis. Based on these biomarkers, we constructed a prognostic nomogram model
(Figure 6B) and validated the robust performance of this model using calibration curves (Figure 6C-E), DCA
(Figure 6F-H) and time-dependent ROC (Figure 61). Notably, the AUC of time-dependent ROC curves decreased over
time, indicating that the model’s predictive ability was more accurate in the early stage of sepsis (Figure 61 and J). The
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expression patterns of three prognostic biomarkers showed that ANKRDS55 was upregulated while CX3CR1 and

GIMAP4 were downregulated in sepsis patients (Figure 6K).

Interactions of Biomarkers

After we identified three diagnostic biomarkers (HLA-DPA1, ITGB7, and CXCR4) and three prognostic biomarkers
(ANKRDS5S5, CX3CR1, and GIMAP4), we constructed PPI networks, TF-mRNA regulatory network, and ceRNA
regulatory network to show the interactions between these genes and their closely related molecules. In the PPI

network generated by the GeneMANIA database, we identified 20 genes closely related to these biomarkers
(Figure 7A). The PPI network constructed in the STRING database showed that ANKRDS55 did not directly interact
with the other five biomarkers (Figure 7B). The TF-mRNA regulatory network showed that ITGB7, CXCR4, and
CX3CR1 possessed multiple TFs, while ANKRDS55 and GIMAP4 each had one TF (Figure 7C). The ceRNA
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Figure 7 Interactions of hsa04672-associated biomarkers. (A) PPl network generated by the GeneMANIA database. (B) PPl network constructed in the STRING database.

(C) TF-mRNA regulatory network. (D) CeRNA regulatory network.
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regulatory network showed a regulatory relationship involving CXCR4 and GIMAP4 mediated by mRNA, miRNA,
and IncRNA (Figure 7D).

Validation of Biomarkers

After the identification of biomarkers in the training dataset GSE65682, we validated the expression patterns of
biomarkers and the diagnostic values of diagnostic biomarkers in four validation datasets (GSE57065, GSE95233,
GSE131761 and GSE134347). Since no survival time data was recorded in these datasets, the prognostic values of
prognostic biomarkers had not been validated. Additionally, we conducted a clinical trial to assess the expression patterns
of biomarkers. The results from independent validation datasets and clinical trial showed that ANKRDS55 was upregu-
lated while other biomarkers were downregulated in sepsis patients, which were consistent with what we found in
GSE65682 (Figure 8A-E). When it came to the diagnosis values, ROC curves were constructed for all diagnostic
biomarkers in each independent datasets, and the results showed that the AUC of the ROC curves were all over 0.9,
suggesting that HLA-DPA1, ITGB7 and CXCR4 were promising candidates in sepsis diagnosis (Figure 8F-I).

Intestinal IgA Expression in Sepsis Mice

Knowing the importance of hsa04672 in sepsis, we investigated the intestinal IgA expression in the ileum of sepsis mice.
The result showed that the IgA expression was higher in sepsis mice compared with that in healthy controls (Figure 9A-F);
in the sepsis subgroups, IgA expression was lower in the severe sepsis group than that in the mild sepsis group
(Figure 9D-I).

Hsa04672 and Biomarkers in Single-Cell RNA Sequencing Data

Given the vital role of hsa04672 and its associated biomarkers in sepsis, we further investigated them in a single-cell
RNA sequencing dataset (GSE167363). After excluding repeated sampling data, we obtained cells of three groups:
healthy controls (n = 2), sepsis survivors (n = 3), and sepsis nonsurvivors (n = 2).

Followed cell quality control process, we categorized all cells into 21 groups (Figure 10A) and identified 11 specific
immune cell types (Figure 10B). When the colors were mapped according to the groups, cells with different colors were
not well mixed in some cell populations, that clearly illustrated the diversity of these cells across groups (Figure 10C).
Then we showed the percentage of each immune cell in every group (Figure 11A). Here we known that the percentages
of immune cells were distinct from healthy controls to sepsis survivors to sepsis nonsurvivors.

Based on the hsa04672-associated genes, we generated enrichment score for each cell to quantify the overall activity
of hsa04672. Then we investigated the activities of hsa04672 and the expression patterns of hsa04672-associated
biomarkers in three groups across different immune cells. The results showed significant differences in the activities
of hsa04672 among different immune cells. From healthy controls to sepsis survivors to sepsis nonsurvivors, the
activities of hsa04672 in most immune cells showed a decreasing trend, which was most significant in classical
monocytes (Figure 11B). Besides, there were notable differences in the expression patterns of hsa04672-associated
biomarkers, with HLA-DPA1 and CXCR4 exhibiting higher expression levels and cell ratios. HLA-DPA1 was expressed
in most immune cells except neutrophils, naive CD4" T cells, and megakaryocytes (Figure 11C); CXCR4 was expressed
in most immune cells except megakaryocytes (Figure 11D). The expression levels and cell ratios of the remaining
biomarkers were relatively low and exhibited specific patterns in certain immune cells. Among them, ITGB7 was
relatively high expressed in natural killer cells of healthy controls (Figure 11E); The expression level of ANKRDS5 was
relatively high in megakaryocytes of sepsis survivors (Figure 11F); The expression level of CX3CR1 was relatively high
in non-classical monocytes of sepsis survivors and natural killer cells of healthy controls (Figure 11G); The expression
level of GIMAP4 was relatively high in natural killer cells of healthy controls and non-classical monocytes of sepsis
survivors (Figure 11H).
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Figure 8 Validation of hsa04672-associated biomarkers. (A-D) The expression patterns of hsa04672-associated biomarkers between sepsis patients and healthy controls in
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Abbreviations: Hsa04672, the KEGG identifier for the “intestinal immune network for IgA production” pathway; ROC, receiver operating characteristic; TPR, true
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Figure 9 Intestinal IgA expression in sepsis mice. (A-C) Intestinal IgA expression in the control group (n = 5). (D-F) Intestinal IgA expression in the mild sepsis group
(n = 5). (G-I) Intestinal IgA expression in the severe sepsis group (n = 5).

MR Analysis Between hsa04672-Associated Biomarkers and Sepsis

Considering the correlation between hsa04672-associated biomarkers and sepsis, it is essential to examine how they
affect the development and outcome of sepsis. In this study, we performed MR analyses to investigate the causal
relationships between hsa04672-associated biomarkers and sepsis.

In the MR analyses about diagnostic biomarkers and sepsis, results of IVW showed that the upregulated CXCR4
expression was associated with a higher risk of sepsis (OR = 1.27, 95% CI: 1.02-1.58, P = 0.036). In the MR analyses
about prognostic biomarkers and 28-day death in sepsis, results of [IVW showed that the upregulated GIMAP4 expression
was associated with a lower risk of 28-day death (OR = 0.76, 95% CI: 0.60-0.98, P = 0.032). The causal relationship has
not been confirmed between other biomarkers and sepsis. The IVs used in this study are showed in Table S5 and the main
results are shown in Table S6 and Figure 12A.

For CXCR4 and GIMAP4, we also generated forest plots and scatter plots to visually evaluate the estimated
relationships and eliminate potential outlier impacts. The leave-one-out plots showed that no single SNP significantly
affected the causal estimates between exposures and outcomes, which highlighted the stability and reliability of the
observed relationships.®>” The symmetry of the funnel plots indicates the absence of pleiotropy (Figure 12B-I). Sensitivity
analyses revealed no significant heterogeneity or horizontal pleiotropy in the relationships (Table S7). And the correla-
tions between SNPs and exposures were significantly stronger than those between SNPs and outcomes, reinforcing the
validity of these causal relationships (Table S7).
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Figure |1 The activities of hsa04672 and the expression patterns of hsa04672-associated biomarkers in single-cell RNA sequencing data. (A) The percentages of each
immune cell in different groups. (B) The activities of hsa04672 across different immune cells in different groups. (C-H) The expression patterns of hsa04672-associated
biomarkers across different immune cells in different groups.

Abbreviations: Hsa04672, the KEGG identifier for the “intestinal immune network for IgA production” pathway; pct.score, percentage of cells that had enrichment scores;
avg.score, average of the enrichment scores; pct.exp, percentage of cells that expressed the targeted gene; avg.exp, average of the expression levels.

Discussion

Previous studies have confirmed that the intestinal barrier injury plays a significant role during sepsis.”'' > In this study,
we aimed to explore the specific mechanism by which intestinal barrier injury affects the development and progression of
sepsis. We integrated the results from bulk and single-cell RNA sequencing data, GWAS data, animal study, and clinical
trial, highlighted the role of “intestinal immune network for IgA production” (hsa04672) during sepsis, investigated the
intestinal IgA expression in sepsis mice, obtained hsa04672-associated diagnostic biomarkers (HLA-DPA1, ITGB7 and
CXCR4), and hsa04672-associated prognostic biomarkers (ANKRDS55, CX3CR1 and GIMAP4), constructed
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Figure 12 MR study between hsa04672-associated biomarkers and sepsis. (A) The forest plot showed the IVW results of causal relationships between biomarkers and
sepsis or sepsis mortality. (B) The forest plot of the association between CXCR4 and sepsis. (C) The scatter plot of the association between CXCR4 and sepsis. (D) The
leave-one-out plot of the association between CXCR4 and sepsis. (E) The funnel plot of the association between CXCR4 and sepsis. (F) The forest plot of the association
between GIMAP4 and sepsis mortality. (G) The scatter plot of the association between GIMAP4 and sepsis mortality. (H) The leave-one-out plot of the association between
GIMAP4 and sepsis mortality. (I) The funnel plot of the association between GIMAP4 and sepsis mortality.

Abbreviations: MR, mendelian randomization; IVWV, inverse-variance weighted; SNPs, single nucleotide polymorphisms.

a prognostic nomogram model for sepsis. Then we explored the activities of hsa04672 and the expression patterns of
hsa04672-associated biomarkers across immune cells in healthy controls, sepsis survivors, and sepsis nonsurvivors.
Furthermore, we confirmed the causal relationships between CXCR4 and sepsis, GIMAP4 and 28-day death in sepsis
through MR analysis.

Hsa04672 is Associated with the Development and Progression of Sepsis

Hsa04672 is the KEGG identifier for the “intestinal immune network for IgA production”, which involves coordinated
interactions between immune cells and epithelial cells in the intestine-associated lymphoid tissue.*® Hsa04672 is
responsible for the production and secretion of IgA, a key antibody that protects mucosal surfaces, especially in the
intestine. Previous studies employing the CLP sepsis model demonstrated that impaired intestinal IgA production
correlated with intestinal barrier injury, higher intestinal IgA levels were related to better innate immunity and lower
mortality,*>** and intravenous IgA administration preserved blood-brain barrier integrity.*' In clinical studies, lower
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plasma IgA levels were associated with shorter survival times,*? and plasma IgA levels of sepsis survivors progressively
increased from day 1 to day 10.*> With the ability of pathogen neutralization, immune exclusion, microbiota regulation,
and anti-inflammatory effects, the intestine derived IgA plays essential role in maintaining intestinal barrier integrity,
preventing systemic infections, and avoiding bacterial translocation.** Therefore, the dysfunction of hsa04672 could play
a critical role in the development of sepsis.

In the study of bulk RNA sequencing data, GSEA and KEGG enrichment analyses demonstrated the importance of
hsa04672 in the development of sepsis. The hsa04672 GSVA scores in sepsis patients were significantly lower than those
in healthy controls, implying that the activity of hsa04672 was reduced during sepsis.

Unlike the role of hsa04672 in the development of sepsis, the role of hsa04672 in the prognosis of sepsis could not be
directly clarified. Based on the hsa04672-associated genes, we employed two methods to divided sepsis patients into
hsa04672-associated subgroups. The separated outcomes of hsa04672-associated subgroups indicated that the different
status of hsa04672 was associated with sepsis prognosis, and the reduced activity of hsa04672 was related to the worse
outcome of sepsis.

In the study of single-cell RNA sequencing data, we found that the percentages of immune cells differed among
healthy controls, sepsis survivors, and sepsis nonsurvivors. The single-cell data provided a deeper insight into hsa04672
activity in each immune cell, showing that its activity progressively decreased from healthy controls to sepsis survivors
and then to sepsis nonsurvivors. This pattern was consistent with the results observed in bulk RNA sequencing data.

In our animal study, intestinal IgA expression was higher in sepsis mice than in healthy controls; In sepsis mice,
hsa04672 was stimulated and IgA was produced to counteract the translocation of intestinal components caused by
intestinal barrier injury.*> However, the reduced activity of hsa04672 during sepsis might produce insufficient IgA,
leading to inadequate pathogen clearance and persistent intestinal barrier injury.*® Our animal study also showed that
mice with severe sepsis had lower intestinal IgA expression than those with mild sepsis. The relationship between
intestinal IgA expression and the severity of sepsis further supported the role of hsa04672 in the progression of sepsis.

Previous animal studies on intestinal IgA production were mainly conducted using the CLP-induced sepsis model.**~
“!' In this study, we investigated intestinal IgA production in the LPS-induced sepsis model. The results showed that mice
with severe sepsis had lower intestinal IgA expression than those with mild sepsis, which supported the relationship
between hsa04672 and sepsis prognosis. Since the sepsis model was induced by LPS, our results further indicated that the
hsa04672 pathway was involved not only in sepsis caused by intestinal damage but also in other forms of sepsis.

In summary, hsa04672 was associated with the development and prognosis of sepsis. The reduced activity of
hsa04672 was a notable feature of sepsis, and was involved in the progression of sepsis.

Hsa04672-Associated Biomarkers for the Diagnosis of Sepsis

After establishing the significance of hsa04672 during sepsis, we aimed to identify hsa04672-associated biomarkers for
the diagnosis of sepsis. We first located 19 genes from the intersection of hsa04672-associated genes and Diagnosis-
DEGs. Next, we employed four machine learning algorithms to create independent gene sets for sepsis diagnosis. Finally,
we identify the intersection of these gene sets as the hsa04672-associated biomarkers for sepsis diagnosis, including
HLA-DPAL, ITGB7, and CXCR4.

In the training dataset, four validation datasets, and clinical trial, these diagnostic biomarkers were downregulated in
sepsis patients. The ROC curves showed that AUC of these biomarkers were all above 0.9 in training and validation
datasets, suggesting the excellent utility in sepsis diagnosis.

In the single-cell RNA sequencing dataset, we found that the percentages of immune cells differed among healthy
controls, sepsis survivors, and sepsis nonsurvivors. Furthermore, the subsequent investigation provided more precise
information about the expression of hsa04672-associated diagnostic biomarkers in each immune cell. We observed that
HLA-DPA1 and CXCR4 were highly expressed across most immune cells, while ITGB7 was only found in a small
fraction of immune cells. The expression patterns of these biomarkers varied across different immune cells, providing
valuable insights for the further investigation about the cell-cell interactions in sepsis. Although all these biomarkers
were associated with sepsis, only the causal relationship between CXCR4 and sepsis was confirmed through the MR
analysis.
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Hsa04672-Associated Biomarkers and Nomogram Model for the Prognosis of Sepsis
In addition to the diagnosis of sepsis, we also identified hsa04672-associated biomarkers and constructed a nomogram
model for the prognosis of sepsis.

We first performed differential expression analyses between hsa04672-associated subgroups to obtain two prognostic
gene sets: GSVA-DEGs and Clustering-DEGs. Then we performed univariable Cox regression analysis to obtain Uni-
Cox genes. Next, we identified 111 hub genes from the intersection of GSVA-DEGs, Clustering-DEGs, Uni-Cox genes
and Diagnosis-DEGs. As the intersection of GSVA-DEGs and Clustering-DEGs, hub genes were related to hsa04672
pathway; as the intersection of GSVA-DEGs, Clustering-DEGs, and Uni-Cox genes, hub genes were associated with
sepsis prognosis; as a subset of Diagnosis-DEGs, hub genes were related to the development of sepsis. Further, we
employed LASSO regression to reduce the candidate pool to 11 key genes. To avoid overfitting and optimize clinical
utility, we employed multivariable Cox regression to identify three hsa04672-associated biomarkers for sepsis prognosis,
including ANKRDS55, CX3CR1, and GIMAP4.

In this study, stepwise selection was applied to the pre-filtered 11 genes. Although multivariable Cox regression with
a stepwise approach was incapable of avoiding multiple testing, the P values (P < 0.001) remained significant after strict
Bonferroni correction (threshold ~ 0.0045 for 11 tests). Furthermore, the differences in ORs between univariable and
multivariable models were less than 20%, indicating consistent effect sizes for these selected genes.

In the training dataset, four validation datasets, and clinical trial, ANKRDS55 was upregulated, while CX3CR1 and
GIMAP4 were down regulated in sepsis patients. In the single-cell RNA sequencing dataset, we found that the
percentages of immune cells differed among healthy controls, sepsis survivors, and sepsis nonsurvivors. The subse-
quent investigation showed that these hsa04672-associated prognostic biomarkers were expressed in just a small part
of immune cells, and their expression patterns varied across different immune cells, offering plentiful information for
the further investigation about cell-cell interactions in sepsis. Although all these biomarkers were linked to the
prognosis of sepsis, only the causal relationship between GIMAP4 and 28-day death in sepsis was confirmed through
the MR analysis.

Based on three prognostic biomarkers, we further constructed a nomogram model for sepsis prognosis. The accuracy
and robustness of this model were demonstrated through calibration curve, DCA and time-dependent ROC curve.
However, restricted by the lack of survival information, this model had not been validated in other independent datasets.
What’s more, the AUC of time-dependent ROC suggested that the model’s predictive ability for long-term sepsis was
limited.

Sepsis is a rapidly changing condition, whose progression is influenced by various factors, including patient
characteristics, disease severity, and therapeutic interventions. As the illness advances, these factors accumulate,
making initial biomarkers less reliable for predicting long-term outcomes in sepsis patients.*” The dynamic nature
of sepsis presents significant challenges in prognosis assessment. Consequently, early biomarkers useful for initial
diagnosis and short-term prognosis often fail to account for the complex interactions of factors that develop over
time.*® The cumulative effect of these variables can alter disease progression in ways that initial assessments
cannot anticipate. This evolving complexity underscores the need for dynamic prognostic models in sepsis
management.*’ Future research should focus on the development of time-dependent biomarkers and predictive
algorithms that consider the progressive accumulation of prognostic factors.’® Such advancements could enhance
our ability to predict long-term outcomes and guide personalized treatment strategies throughout the course of
sepsis.

Perspectives

In the study of single-cell RNA sequencing data, we found that the percentages of immune cells differed among healthy
controls, sepsis survivors, and sepsis nonsurvivors. This finding provided crucial context for interpreting the changes in
hsa04672-associated biomarkers. While the bulk RNA sequencing data revealed overall changes, the single-cell RNA
sequencing data demonstrated how these alterations occurred in two aspects: variations in cell proportions and
differential gene expression within specific cell types. For example, during sepsis, the overall increase in ANKRDS5S5
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expression resulted from both a higher proportion of megakaryocytes and increased expression levels within these cells.
The combined effects of altered immune cell proportions and gene expression within specific immune cell types during
sepsis deserve further investigation.

Limitations

This study has some limitations. (i) There are 48 genes in the hsa04672 pathway. But restricted by sequencing methods,
only 33 genes have been annotated in the training dataset, the other genes have not been discussed in this study. (ii) There
was no survival time data for sepsis patients in four validation datasets, the performance of prognostic nomogram model
has not been validated in independent datasets. (iii) The samples of datasets used in this study were blood cells, the
intestinal IgA expression is not directly correlated with the overall activity of hsa04672, the interaction among hsa04672,
intestinal microflora, and intestinal barrier during sepsis needs further investigation.

Conclusion

“Intestinal immune network for IgA production” (hsa04672) is deeply involved in the development and progression of
sepsis. HLA-DPA1, ITGB7, and CXCR4 were the hsa04672-associated diagnostic biomarkers, with elevated CXCR4
expression representing a risk factor of sepsis. ANKRD55, CX3CR1, and GIMAP4 were the hsa04672-associated
prognostic biomarkers, with decreased GIMAP4 expression being a risk factor of 28-day death in sepsis. A prognostic
nomogram model incorporating ANKRD55, CX3CR1 and GIMAP4 demonstrated robust predictive performance,
especially in the early stage of sepsis.
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