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Background: Sepsis is a systemic inflammatory response syndrome (SIRS) with heterogeneity of clinical symptoms. Studies further exploring the molecular subtypes of sepsis and elucidating its probable mechanisms are urgently needed.
Methods: Microarray datasets of peripheral blood in sepsis were downloaded from the Gene Expression Omnibus (GEO) database, and differentially expressed genes (DEGs) were identified. Weighted gene co-expression network analysis (WGCNA) analysis was conducted to screen key module genes. Consensus clustering analysis was carried out to identify distinct sepsis molecular subtypes. Subtype-specific pathways were explored using gene set variation analysis (GSVA). Afterward, we intersected subtype-related, dramatically expressed and module-specific genes to screen consensus DEGs (co-DEGs). Enrichment analysis was carried out to identify key pathways. The least absolute shrinkage and selection operator (LASSO) regression analysis was used for screen potential diagnostic biomarkers.
Results: Patients with sepsis were classified into three clusters. GSVA showed these DEGs among different clusters in sepsis were assigned to metabolism, oxidative phosphorylation, autophagy regulation, and VEGF pathways, etc. In addition, we identified 40 co-DEGs and several dysregulated pathways. A diagnostic model with 25-gene signature was proven to be of high value for the diagnosis of sepsis. Genes in the diagnostic model with AUC values more than 0.95 in external datasets were screened as key genes for the diagnosis of sepsis. Finally, ANKRD22, GPR84, GYG1, BLOC1S1, CARD11, NOG, and LRG1 were recognized as critical genes associated with sepsis molecular subtypes.
Conclusion: There are remarkable differences in and enriched pathways among different molecular subgroups of sepsis, which may be the key factors leading to heterogeneity of clinical symptoms and prognosis in patients with sepsis. Our current study provides novel diagnostic and therapeutic biomarkers for sepsis molecular subtypes.
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INTRODUCTION
Sepsis, a systemic inflammatory response syndrome (SIRS) caused by various infectious processes, is one of the common diseases that leads to the death of hospitalized patients in the ICU (Fleischmann et al., 2016; Novosad et al., 2016). At present, we lack effective strategies for early diagnosis and treatment of sepsis due to the heterogeneity of pathogenesis and clinical symptoms in patients with sepsis (Davenport et al., 2016; Seymour et al., 2019). In addition, with the progression of sepsis and the persistence of systemic inflammation, patients with severe sepsis are commonly accompanied by multiple organ dysfunction syndromes (MODS), hypoperfusion, or hypotension, which brings a great challenge to sepsis treatment (Rello et al., 2017). Therefore, a thorough understanding of the distinct molecular subtypes of sepsis is needed to improve the prognosis of sepsis patients with different subtypes.
The release of a large number of cytokines and inflammatory mediators can result in dysregulated immune responses, which may be the decisive factor affecting the prognosis of sepsis patients (Markwart et al., 2015). In addition, the activation of abnormal genes in sepsis patients may play a critical role in the progression of the disease. In recent years, a variety of biomarkers, including serum cytokine/chemokine, cellular receptor, coagulation factors, vascular endothelial damage factors, and acute inflammatory factors have been implemented in the diagnosis and prognosis of sepsis (Pierrakos and Vincent, 2010; Sandquist and Wong, 2014). Nevertheless, because of the complexity of the pathogenesis of sepsis, the specificity and sensitivity of these biomarkers in disease diagnosis and prognosis are significantly lower than expected. Further exploring more potent biomarkers for the early diagnosis and treatment of sepsis has become urgent.
Bioinformatics analysis at the molecular biology level has been extensively applied for clinical practice by screening and predicting potential key pathways and biomarkers (Banwait and Bastola, 2015; Cheng et al., 2021). Few studies to date have explored the significance of identified molecular subtypes in the early diagnosis and treatment of diseases including cancer, respiratory diseases, and myocardial infarction (Hu et al., 2021; Li et al., 2021; Rao et al., 2021; Shi et al., 2021). Zhang et al. classified sepsis patients into three clusters based on m6A methylation regulatory genes (Zhang et al., 2020). However, whether the specific molecular subtypes could be determined based on whole genome sequencing data of sepsis patients is not yet thoroughly understood.
In this study, we classified sepsis into three molecular subtypes using unsupervised consensus clustering based on whole gene expression. Moreover, we identified consensus differentially expressed genes (co-DEGs) by intersecting the DEGs among three subtypes with differential genes screened by DEGs and WGCNA methods. Based on these results, we performed various analyses, including Gene set variation analysis (GSVA), Gene Ontology (GO), Kyoto Encyclopedia of Genes and Genomes (KEGG), Reactome enrichment analysis, Pearson correlation analysis, and protein—protein interaction (PPI) analysis. In addition, we constructed a 25-gene-based diagnosis model using least absolute shrinkage and selection operator (LASSO) regression analysis and validated their expression levels and diagnostic values for sepsis. Eventually, we identified 7 distinct hub genes among the three molecular subtypes.
MATERIALS
Data Acquisition
All GEO datasets were downloaded from Gene Expression Omnibus (GEO, www.ncbi.nlm.nih.gov/geo/) (Barrett et al., 2013). We selected 6 datasets (GSE154918, GSE54514, GSE9960, GSE69063, GSE25504, and GSE13904) related to sepsis for analysis. The whole gene expression profiles of peripheral blood were extracted for further analysis. The GEO datasets collected are exhibited in Table 1. The flowchart of the study was elucidated in Figure 1.
TABLE 1 | Information for selected microarray datasets.
[image: Table 1][image: Figure 1]FIGURE 1 | Flowchart for bioinformatics analysis in this study. The following datasets were used for screening potential diagnostic genes and mechanisms associated with the progress of sepsis (GSE154918 and GSE25504 datasets) and the sepsis molecular subtypes (GSE54514 and GSE9960, and GSE13904 datasets). Abbreviations: GEO, Gene Expression Omnibus; DEG, differentially expressed genes; WGCNA, Weighted gene co-expression network analysis; GSVA, gene set variation analysis; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; AUC, area under the curve; LASSO, The least absolute shrinkage and selection operator; ROC, Receiver operator characteristic curve.
The GSE154918 dataset (GPL20301 platform) is composed of whole gene expression profiles of peripheral blood from 40 control and 24 sepsis samples, The GSE54514 dataset (GPL6947 platform) was composed of whole gene expression profiles of peripheral blood from 36 non-sepsis healthy control subjects and 127 sepsis patients, The GSE9960 dataset (GPL570 platform) was composed of whole gene expression profiles of peripheral blood from 16 control and 54 sepsis samples, The GSE69063 dataset (GPL20301 platform) was composed of whole gene expression profiles of peripheral blood from 33 control and 57 sepsis samples, The GSE25504 dataset (GPL570 platform) was composed of whole gene expression profiles of peripheral blood from 37 control and 26 sepsis samples, The GSE13904 dataset (GPL570 platform) was composed of whole gene expression profiles of peripheral blood from 18 control and 52 sepsis samples.
DEGs Analysis
R software’s “limma” package was applied for identifying the DEGs between the sepsis and control samples in the GSE154918 and GSE25504 datasets, respectively (Ritchie et al., 2015). DEGs with |log2 fold change (FC)| > 0.5 and p < 0.05 were defined as statistically significant. Volcano plots and heatmaps of the identified DEGs were visualized using the “ggplot2” and “heatmap” R packages.
Construction of the Co-Expression Network by WGCNA
R software’s “WGCNA” package was used to construct the co-expression network of the GSE154918 and GSE25504 datasets, respectively (Langfelder and Horvath, 2008). In brief, we explored the association among different pairs of genes and weighted them based on the expression levels of related genes in control and sepsis samples. Afterward, we transformed the adjacency matrix into a topological overlap matrix (TOM) to further verify the gene connectivity in the network. Next, the hierarchical clustering method was conducted to determine remarkably interconnected clusters (modules) according to gene connectivity and covariance coefficients. We selected the best power value and established the correlated modules. Finally, we performed Pearson correlation analysis and defined the highest three gene modules as statistically significant based on the correlation coefficient.
Unsupervised Consensus Clustering Analysis
The GSE9960, GSE13904, and GSE54514 datasets were log2 transformed. The robust multi-chip average (RMA) method was utilized to normalize gene expression, and the batch effect between different platforms was eliminated using the ComBat method based on the “sva” R package. Principal component analysis (PCA) was applied for evaluating the aggregation between different samples. Afterward, R software’s “ConsensusClusterPlus” package was carried out to perform unsupervised consensus analysis (Wilkerson and Hayes, 2010) among the 233 standardized sepsis patients. The number of re-samplings settled at 1,000, with each re-sampling containing 80% of the samples. The maximum number of clusters was set to 10, and the optimal k value was determined by the cumulative distribution function (CDF) index and the consensus matrix. Finally, t-SNE was carried out to validate the subtype assignments based on the gene expression profiles of the above sepsis patients.
The dataset was normalized and summarized using robust multi-chip average (RMA) implemented in the R package affy, and batch effects were corrected.
GSVA Analysis in Different Molecular Subtypes of Sepsis
R software’s “GSVA” and “GSEABase” packages were utilized to validate the performance of gene sets (c2. cp.kegg.v7.4. symbols) among sepsis patients with different molecular subtypes, thus identifying the enriched pathways in each subtype. Gene sets with adjusted p-value < 0.05 were defined as significantly enriched gene sets.
Identification and Correlation Analysis of Co-DEGs
The DEGs were screened using DEGs analysis and the WGCNA method in GSE154918 and GSE25504 datasets, and the specific genes were also identified in sepsis patients with distinct molecular subtypes. Eventually, a total of 48 core genes were identified by intersecting all the results. The “ggVennDiagram” package was used in generating the Venn diagrams of co-DEGs.
Spearman correlation analysis was performed to determine the correlation between core genes based on the gene expression profiles. The heatmap of the correlation coefficient among these hub genes was visualized using the “corrplot” R package, and the gene relationship network diagram with a correlation coefficient >0.9 was constructed using the “igraph” R package.
Enrichment Analysis
The Database for Annotation, Visualization, and Integrated Discovery (DAVID, https://david.ncifcrf.gov/summary.jsp), an online tool, was utilized to perform the GO enrichment analysis of co-DEGs (Huang da et al., 2009). Statistically significant GO terms (BP) with FDR <0.05 were screened and the results were visualized using the “GOplot” R package.
KEGG and Reactome enrichment analysis of these co-DEGs were conducted using the “clusterProfile” and “org.Hs.eg.db” R packages (Yu et al., 2012). The statistically significant enrichment pathways with adjusted p-value < 0.05 were defined and visualized using a bubble plot.
PPI Network Analysis
The STRING database (https://strin g-db.org/) was applied for constructing the PPI network of co-DEGs, and the core genes with a combined score of more than 0.4 were screened (Szklarczyk et al., 2015). The protein–protein interaction information was visualized utilizing the Cytoscape software (version 3.8.2).
LASSO Regression Analysis
LASSO is a regularization method with strong predictability, that is better than regression analysis when examining high-dimensional data (Bader and Hogue, 2003). A total of 303 samples including 70 health and 233 sepsis patients from GSE9960, GSE13904, and GSE54514 datasets were applied for LASSO regression analysis. As a training set, 70% of samples (N = 217, 58 controls, and 169 sepsis samples) were randomly selected. As a validation set, 30% of samples (N = 86, 22 controls, and 54 sepsis samples) were selected. The LASSO regression analysis was performed based on the expression profiles of co-DEGs using the “glmnet” R package. The predictive model constructed in the training set was verified in the testing set. In addition, receiver operating characteristic (ROC) curves were drawn in the validation set and train set using the “pROC” R package to assess the performance of the constructive model. AUC more than 0.75 was defined as a model with a high diagnostic value.
Validation of Hub Genes
GSE154918 and GSE69063 datasets were selected as the validation set to verify the diagnostic value of these genes identified by LASSO in sepsis. Genes with AUC >0.9 in both the GSE154918 and GSE69063 were defined as the ultimate hub genes. Subsequently, we verified the expression of these hub genes in GSE154918 and GSE69063 datasets and in distinct molecular subtypes of sepsis.
RESULTS
Identification of DEGs and Construction of Co-Expression Network
The flowchart of our study is shown in Figure 1. To identify sepsis-related genes, we firstly analyzed the DEGs between sepsis and control samples in the GSE154918 dataset. A total of 1,671 up-regulated and 1,623 down-regulated genes were determined using the DEGs method (Figures 2A,B, Supplementary Figure S1A). Subsequently, we applied the WGCNA method to study the co-expression network in the GSE154918 dataset. When the best soft threshold power settled at 6, the mean connectivity was more effective (Figures 2C,D). A total of 13 co-expressed gene modules were created. among which the blue (4,036 genes, R = 0.87, p < 0.05), turquoise (4,618 genes, R = 0.83, p < 0.05), and yellow modules (1719 genes, R = 0.8, p < 0.05) had the most correlation with sepsis patients (Figure 2E, Supplementary Figure S1B). In addition, the blue (R = 0.85, p < 0.05), turquoise (R = 0.95, p < 0.05), and yellow (R = 0.92, p < 0.05) modules were significantly correlated with module-related genes (Supplementary Figures S1C–H). Meanwhile, we identified 945 up-regulated and 793 down-regulated genes using the DEGs method in the GSE25504 dataset (Figures 3A,B, Supplementary Figure S2A). Based on the WGCNA method, a relatively high mean connectively was maintained by setting the best soft threshold power to 8 (Figures 3C,D). We clustered a total of 14 co-expressed gene modules, among which the blue (2,174 genes, R = 0.79, p < 0.05), brown (1717 genes, R = -0.83, p < 0.05), and turquoise (2,478 genes, R = 0.8, p < 0.05) modules were closely correlated with sepsis patients (Figure 3E, Supplementary Figure S2B). Moreover, blue (R = 0.88 p < 0.05), brown (R = 0.93, p < 0.05), and turquoise (R = 0.9, p < 0.05) modules were also remarkably correlated with module-related genes (Supplementary Figures S2C–H).
[image: Figure 2]FIGURE 2 | GSE154918 datasets analyzed by DEGs and WGCNA methods, respectively. (A) Representative volcano plot in GSE154918 dataset. (B) Representative heat map of DEGs between normal subjects and sepsis patients. (C,D) Soft threshold selection process. (E) Correlation of modules with clinical characteristics. Each row represents a distinct module; each column represents a distinct clinical phenotype. Red rectangle indicates positive correlation; blue rectangle indicates negative correlation.
[image: Figure 3]FIGURE 3 | GSE25504 datasets analyzed by DEGs and WGCNA methods, respectively. (A) Representative volcano plot in GSE25504 dataset. (B) Representative heat map of DEGs between normal subjects and sepsis patients. (C,D) Soft threshold selection process. (E) Correlation of modules with clinical characteristics. Each row represents a distinct module; each column represents a distinct clinical phenotype. Red rectangle indicates positive correlation; blue rectangle indicates negative correlation.
Consensus Clustering Analysis for Sepsis
The GSE9960, GSE13904, and GSE54514 datasets were mixed into a combined dataset containing a total of 233 sepsis samples. These three datasets exhibited obvious separation before batch correction (Figure 4A). While the batch effect among these datasets from different platforms had been successfully eradicated after batch correction (Figure 4B). Then, we performed molecular subtypes analysis in a combined dataset based on the expression of genes via the “ConsensusClusterPlus” R package. Clustering results suggested that the classification was most reliable and stable when k = 3 (Figures 4C–E, Supplementary Figure S3). Consistently, the t-SNE confirmed that only cluster1, cluster3, and cluster4 could be significantly separated (Figure 4F). In total, 233 sepsis patients were classified into three subtypes, including cluster1 (n = 144), cluster 3 (n = 26), and cluster4 (n = 39) based on gene expression levels, which were chosen for subsequent analysis.
[image: Figure 4]FIGURE 4 | The consensus clustering analysis of sepsis patients. (A) Representative PCA clustering diagram of GSE13904, GSE54514, and GSE9960 datasets before batch correction. (B) Representative PCA clustering diagram of GSE13904, GSE54514, and GSE9960 datasets after batch correction. (C) Cumulative distribution function (CDF) curves of clustering (k, 2–10). (D) The CDF Delta area curve of all sepsis samples when k = 2–10. (E) Consistency matrix of the sample with k = 3. (F) t-SNE confirmed the classification of three clusters: Cluster1, Cluster3, and Cluster4.
Identification of the DEGs Between Different Clusters in Sepsis
The DEGs among different molecular subtypes of sepsis patients were identified based on whole genome expression profiles. Eight hundred and sixty-seven (473 up-regulated and 394 down-regulated) DEGs were identified between cluster 1 and cluster 3 samples (Supplementary Figures S4A,B). The top 10 overexpressed and suppressed DEGs between cluster 1 and cluster 3 were exhibited in Table 2. In addition, a total of 420 (237 up-regulated and 183 down-regulated) DEGs were screened after comparing cluster 1 with cluster 4 samples (Supplementary Figures S4C,D). The top 10 overexpressed and suppressed DEGs between cluster 1 and cluster 4 were exhibited in Table 3. Moreover, one thousand four hundred and forty-five (696 up-regulated and 749 down-regulated) DEGs were acquired after comparing cluster 3 with cluster 4 samples (Supplementary Figures S4E,F). The top 10 overexpressed and suppressed DEGs between cluster 3 and cluster 4 were exhibited in Table 4. Overall, we identified 1803 specific genes among three subgroups.
TABLE 2 | The top 10 upregulated and downregulated DEGs between cluster 1 and cluster 3.
[image: Table 2]TABLE 3 | The top 10 upregulated and downregulated DEGs between cluster 1 and cluster 4.
[image: Table 3]TABLE 4 | The top 10 upregulated and downregulated DEGs between cluster 3 and cluster 4.
[image: Table 4]GSVA Analysis in Different Molecular Subtypes of Sepsis
GSVA analysis was performed among distinct molecular subtypes of sepsis patients based on the expression profiles of DEGs. In total, 103 differentially enriched gene pathways, comprising 59 pathways with activation and 44 pathways with suppression were screened when comparing cluster1 with cluster3 samples (Supplementary Table S1). The top 20 differentially enriched gene pathways between cluster1 and cluster3 are exhibited in a heatmap (Figure 5A). A total of 90 differentially enriched gene pathways, consisting of 42 pathways with activation and 48 pathways with suppression, were obtained when comparing cluster1 with cluster4 samples (Supplementary Table S2). The top 20 differentially enriched gene pathways between cluster1 and cluster4 are exhibited in a heatmap (Figure 5B). A total of 110 differentially enriched gene pathways were obtained, including 56 pathways with activation and 54 pathways with suppression after comparing cluster3 with cluster4 samples (Supplementary Table S3). The top 20 differentially enriched gene pathways between cluster3 and cluster4 are exhibited in a heatmap (Figure 5C). Finally, a total of 34 enriched gene pathways among clusters were identified and presented in a heatmap (Figure 5D).
[image: Figure 5]FIGURE 5 | GSVA analysis in different molecular subtypes of sepsis. (A) Representative heat map of the top 20 differentially enriched gene pathways between Cluster1 and Cluster3. (B) Representative heat map of the top 20 differentially enriched gene pathways between Cluster1 and Cluster4. (C) Representative heat map of the top 20 differentially enriched gene pathways between Cluster3 and Cluster4. (D) Representative heat map of the differentially enriched gene pathways among distinct clusters.
Identification and Enrichment Analysis of Co-DEGs
The DEGs identified by the DEGs and WGCNA methods in GSE154918 and GSE54514 datasets were intersected with the specific genes among different molecular subtypes of sepsis patients. Eventually, a total of 40 co-DEGs were screened (Figure 6A). Spearman’s correlation analysis was performed to illuminate the correlation patterns among these 40 co-DEGs, and the area of the pie chart represents the exact value of correlation coefficients. We found a significant correlation among these co-DEGs. For example, GPR84 show strong antagonistic effects with GYG1 (coefficient = 0.968), FCGR1B (coefficient = 0.968), and ANKRD22 (coefficient = 0.912). Simultaneously, CARD11 could also present synergistic effects with GYG1 (coefficient = -0.908), GPR84 (coefficient = -0.91), and BLOC1S1 (coefficient = -0.918) (Figure 6B). These results suggested the regulatory balance among these co-DEGs. In addition, the gene relationship network indicated that genes with a correlation coefficient of more than 0.9 were as follows: IRAK3, IL18R1, ATP6V1CA, GYG1, ATP9A, NMT2, ITK, EIF4B, CCND2, CARD11, FBXO21, BLOC1S1, GPR84, LRG1, ANKRD22, FCGR1B (Figure 6C), indicating that the molecular subtypes of sepsis may be the results of multi-gene interactions. Subsequently, we assessed the enrichment pathways in which these co-DEGs involve. The GO enrichment analysis suggested that these co-DEGs were primarily enriched in immune-related biological functions and pathways, such as immune response, T cell receptor signaling pathway, T cell costimulation, positive regulation of NF-kappaB transcription factor activity 4, positive regulation of T cell proliferation (Table 5 and Figures 6D,E). KEGG pathway enrichment analysis indicated that co-DEGs chiefly participated in autoimmune and inflammation-related diseases including Graft−versus−host disease, Inflammatory bowel disease, and Rheumatoid arthritis. Additionally, Immune responses and hematopoietic-related signaling pathways such as T cell receptor signaling pathway and Hematopoietic cell lineage were also closely associated with these co-DEGs (Figure 6F). Consistently, Reactome enrichment analysis also revealed that these co-DEGs were mainly implicated in immunomodulation and signal transduction such as Translocation of ZAP-70 to immunological synapse, Generation of second messenger molecules, Costimulation by the CD28 family, TCR signaling, and Downstream TCR signaling (Figure 6G). Combining these results, it can be inferred that abnormal immune function may be the critical pathogenesis of sepsis. In addition, the PPI network of 40 co-DEGs, including 22 nodes and 27 edges, was analyzed by the STRING website and visualized by the Cytoscape software (Supplementary Figure S5).
[image: Figure 6]FIGURE 6 | Identification of co-DEGs and screening enriched pathways related to co-DEGs. (A) Representative Venn diagram of intersection genes. (B) Representative correlation coefficient heat map of 40 co-DEGs. (C) Representative diagram of gene relationship network with a correlation coefficient of more than 0.9. (D) The first 5 GO enrichment analysis (BP) results of the 40 co-DEGs. (E) Representative chord plot of the first 5 GO enrichment analysis (BP) results of the 40 co-DEGs. (F,G) The top 5 KEGG (F) and Reactome (G) enrichment analysis results of the 40 co-DEGs.
TABLE 5 | Top 5 GO terms (BP) of the 40 co-DEGs with the DAVID analysis.
[image: Table 5]Identification of Potential Biomarkers Associated With Sepsis Using LASSO Regression
To further screen out potential biomarkers for sepsis, we performed the LASSO regression analysis based on the expression profile of co-DEGs. We separated a total of 303 samples in the combined dataset (GSE9960, GSE13904, and GSE54514 datasets, 233 sepsis and 70 control samples) into a training set (70%) and a validation set (30%). Eventually, a total of 25 potential biomarkers with a non-zero coefficient were obtained (Figures 7A,B). The AUC of the 25-gene signature was 0.9051 in the training set and 0.7955 in the validation set (Figure 7C), which suggests that the 25-gene-based model may be able to correctly diagnose sepsis. Subsequently, we also utilized external datasets to ascertain the diagnostic value of these potential biomarkers. The value of the AUC of these potential biomarkers in the GSE154918 and GSE69063 datasets were exhibited in a scatter plot (Figure 7D). Genes with AUC >0.95 in both the GSE154918 and GSE69063 datasets were as follows: ANKRD22, GPR84, GYG1, BLOC1S1, CARD11, NOG, and LRG1 (Figure 7E). These results reveal that the 7 core genes identified have the most ability to differentiate sepsis from healthy controls.
[image: Figure 7]FIGURE 7 | Identification of potential core genes through the LASSO model. (A) Selection of potential gene signature based on the optimal parameter (lambda) in the LASSO regression model. (B) The LASSO coefficient profiles of DEGs identified by the optimal lambda. (C) ROC curve analysis in train dataset and test dataset. (D) Potential genes with the value of AUC in both GSE154918 and GSE69063 datasets are shown in a scatter plot. (E) Genes with a value of AUC more than 0.95 in both GSE154918 and GSE69063 datasets are shown in a bar chart.
Verification of the Hub Genes Expression
To further demonstrate whether these 7 hub genes were worth using in clinical practice, we validated the expression of these core genes in different datasets. In GSE154918 and GSE69063 datasets, ANKRD22, GPR84, GYG1, BLOC1S1, and LRG1 were all highly expressed in sepsis patients, whereas NOG and CARD11 were dramatically decreased in sepsis patients (Figures 8A,B). Meanwhile, these 7 core genes were also subtype-specific biomarkers. Therefore, we speculated that these 7 hub genes have a high diagnostic ability in sepsis patients and are closely related to different subtypes of sepsis.
[image: Figure 8]FIGURE 8 | Validation of the 7 specifically expressed hub genes. (A) Verification of the expression of 7 specifically hub genes in the GSE154918 dataset. (B) Verification of the expression of 7 specifically hub genes in different sepsis molecular subtypes.
DISCUSSION
Sepsis is a life-threatening inflammatory response syndrome caused by an unbalanced response of the host to various infection processes (van der Poll et al., 2017). Due to a lack of timely early diagnosis and treatment, sepsis has become one of the diseases with a high fatality and disability rate worldwide, and reducing the mortality rate has become the ultimate goal of its treatment. With in-depth studies of the pathogenesis of sepsis and the continuous attempt at treatment methods, distinct biomarkers have been employed in the diagnosis and treatment monitoring of sepsis (Faix, 2013; Nguyen et al., 2016). However, the interaction of the multiple genes involved in diverse biological functions may cause individual differences and complex pathophysiological mechanisms of sepsis (Maslove and Wong, 2014), which leads to unsatisfactory clinical diagnosis of a single biomarker. Therefore, it is urgent to identify distinct molecular subtypes of sepsis and elucidate the core genes and pathways associated with sepsis.
In our current study, we identified the DEGs and specific gene modules associated with sepsis in GSE154918 and GSE25504 datasets, utilizing the DEGs and WGCNA methods, respectively. Moreover, the “Consensus ClusterPlus” package was used to unsupervised cluster the patients of 233 sepsis patients from the GSE9960, GSE13904, and GSE54514 datasets. Afterward, a total of 40 co-DEGs were obtained by intersecting the DEGs, specific gene modules, and molecular cluster-related genes. GO, KEGG and Reactome enrichment analysis of these co-DEGs all indicated that sepsis was closely related to immune response and signal transduction, which may be the primary factor leading to sepsis progression. Therefore, screening of co-DEGs and identification of enrichment pathways significantly reduced the scope of our research, which may be able to ascertain more effective biomarkers for the early diagnosis and treatment of sepsis.
Defining different cut-off values plays a decisive role in DEG analysis. It is widely recognized that a more stringent screening criterion makes the results more convincing. However, according to the strict criterion for DEGs analysis (adjusted P-value < 0.05 and |logFC| > 1) (Liu et al., 2021; Lu et al., 2021; Su et al., 2021), we only obtained a total of 208 up-regulated and 380 down-regulated genes in the GSE154918 datasets, and 119 up-regulated and 302 down-regulated genes in the GSE25504 dataset. Therefore, we selected relatively rough cut-off values (p-value < 0.05 and |logFC| > 0.5) to identify as many DEGs and co-DEGs as possible. We finally acquired 3,294 DEGs, including 1,671 up-regulated and 1,623 down-regulated genes in the GSE154918 dataset, and 1738 DEGs, including 945 up-regulated and 793 down-regulated genes in the GSE25504 dataset.
Different sepsis patients have distinct prognoses, which may be caused by multiple pathways in which different key genes are involved. In our study, we performed an unsupervised cluster for sepsis patients based on whole-genome expression profiles and clustered 233 sepsis patients into three molecular subtypes. However, only 79 overlapped cluster-specific DEGs were screened when overlapping these DEGs among three subgroups. Therefore, to identify as many cluster-specific DEGs as possible, we merged these results and applied these 1803 merged cluster-specific DEGs for subsequent analysis. The consequences of GSVA analysis indicated that 103 differentially enriched gene pathways between cluster1 and 3 were screened, 90 differentially enriched gene pathways between clusters 1 and 4 were identified, and 110 differentially enriched gene pathways between clusters 1 and 4 were screened. These enriched gene pathways, such as metabolism, oxidative phosphorylation, autophagy regulation, and VEGF pathways have proved to be associated with the sepsis prognosis. Metabolism, the chemical reaction necessary for cell survival, usually retains the homeostasis between anabolism and catabolism under normal conditions (Qiu P. et al., 2019; Judge and Dodd, 2020; Xu et al., 2021). Additionally, metabolism involves the regulation of diverse cellular pathways, thus offering a large amount of energy for cells to ensure the execution of the function (Mulukutla et al., 2016; Panda, 2016). Oxidative phosphorylation is a coupling reaction that usually occurs in the mitochondrial inner membrane, which is characterized by the generation of cellular ATP based on mitochondrial electron transfer reactions (Ashton et al., 2018; Nolfi-Donegan et al., 2020; Głombik et al., 2021). Targeting mitochondrial oxidative phosphorylation is generally considered to be a novel strategy for the treatment of sepsis. Autophagy has been widely explored in numerous diseases including sepsis (Levy, 2007; Su et al., 2019). As previously described, autophagy exerts effects on immune regulation and inhibition of tissue damage after sepsis through regulating the expression of various immune cells (Oami et al., 2017). Moreover, autophagy has been demonstrated as an effective target for alleviating oxidative stress-induced organ failure after sepsis (Thiessen et al., 2017). VEGF pathways mainly participated in the regulation of blood vessel growth and play a vital role in promoting endothelial proliferation, migration, and survival by preserving the homeostasis of microvasculature (Ferrara and Gerber, 2001; Breen, 2007; Apte et al., 2019). With the progression of sepsis, VEGF activation results in vascular leak and dysfunction of host response, eventually leading to sepsis-related hypotension (van der Flier et al., 2005; Schuetz et al., 2011). To further screen sepsis-related hub genes, we intersected the DEGs identified by the DEGs and WGCNA methods with subtypes-related specific genes. A total of 40 co-DEGs were identified, most of which existed with significant correlation. The results of GO, KEGG, and Reactome enrichment analysis revealed that the immune response may be closely connected with the severity of sepsis. Therefore, we speculated that the interaction of immune response with autophagy, VEGF, oxidative stress, and metabolic pathways may be the major factor leading to the progression of sepsis (Minion and Tewari, 2018; Yin et al., 2019; McBride et al., 2020; Huff et al., 2021). These results, combined with our findings, indicate that these differentially activated pathways could develop potential therapeutic targets for sepsis patients with distinctive molecular subtypes.
In our current study, we received a 25-gene signature based on the LASSO model, which can accurately diagnose sepsis in both the train and validation datasets. Among them, ANKRD22, GPR84, GYG1, BLOC1S1, CARD11, NOG, and LRG1 were further identified as the most relevant key genes based on AUCs in the GSE154918 and GSE69063 datasets. Bioinformatics analysis demonstrated that ANKRD22 and NOG can serve as potential biomarkers for the progression of cancers (Tarragona et al., 2012; Qiu Y. et al., 2019; Wu et al., 2021). GPR84 is a kind of G-protein-coupled receptor activated by free fatty acids (FFA) and plays a critical role in regulating lipid metabolism (Paulsen et al., 2014; Recio et al., 2018). Enhanced GPR84 is closely related to the activation of inflammation, thus exacerbating the development of adiposity and diabesity (Nagasaki et al., 2012). GYG1 deficiency is known to be associated with polyglucosan body myopathy (Malfatti et al., 2014) and BLOC1S1 is widely recognized as a degradation substrate for IRE1alpha (Hur et al., 2012). Mutations in CARD1, a protein carrying special caspase-related recruitment domains, can result in the poor prognosis of diffuse large B-cell lymphoma (Dong et al., 2020). LRG1, which serves as a novel angiogenic factor, is required for the regulation of pathogenic angiogenesis (Wang et al., 2017). Although no previous studies have reported on the association between these 7 key genes and sepsis, the results of our analysis indicate that these hub genes may be potential markers for early diagnosis of sepsis.
To further explore and verify the clinical application value, we validated the expression levels of these 7 core genes in external datasets. All of the genes varied significantly between normal and sepsis samples in the GSE154918 and GSE69063 datasets. Additionally, sepsis with different molecular subtypes also exhibited the distinct expression of these 7 core genes. Further research needs to be carried out to elucidate the molecular mechanism of the 7 hub genes involved in the pathogenesis of sepsis molecular subtypes.
Several limitations have to be taken into account in our current study. First, the datasets used for analyses contained different sample sizes of normal and sepsis patients, which may influence the accuracy of the analytical results. Second, these datasets were downloaded from a publically available database, and lacked information on main clinical features such as sex, age, complications, recurrence rate, and individual therapeutic effect. A supplementary study is required, with a more detailed analysis of the demographic and clinical characteristics of sepsis. In addition, relatively rough cut-off values (p-value < 0.05 and |logFC| > 0.5) may influence the accuracy of the results. Moreover, the results of our analysis need to be confirmed in vitro, in vivo, and in clinical trials studies.
CONCLUSION
In conclusion, we identified 40 co-DEGs and several immune response pathways related to sepsis prognosis using various bioinformatics analyses. We constructed a 25-gene signature diagnostic model based on LASSO regression analysis, which has a high value for the early diagnosis of sepsis. There are remarkable differences in ANKRD22, GPR84, GYG1, BLOC1S1, CARD11, NOG, and LRG1 gene expression and enriched pathways among different molecular subgroups of sepsis, which may be the key factors leading to the heterogeneity of clinical symptoms and prognosis in patients with sepsis. Our current study provides novel diagnostic and therapeutic biomarkers for sepsis molecular subtypes.
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