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Introduction: This study aimed to identify diagnostic and therapeutic biomarkers related to glucose metabolism in sepsis, as 
hyperglycemia and blood glucose fluctuations influence sepsis progression.
Methods: Datasets from public databases were analyzed using various methods, including differential expression analysis, PPI 
network screening, machine learning algorithms and Mendelian randomization. A nomogram model was developed, and biomarker 
functions were explored through enrichment analysis, immunoinfiltration analysis, transcription factors (TFs) and microRNA 
(miRNA) prediction, and drug prediction. Quantitative reverse transcription-polymerase chain reaction (qRT-PCR) was performed 
to validate the expression of biomarkers in sepsis and control group.
Results: There were 3,899 differential expressed genes (DEGs) in sepsis, with 141 related to glucose metabolism. Eleven hub genes were 
identified from the PPI network, and six biomarkers were selected through machine learning and area under the curve (AUC) validation. 
Notably, PPARG (OR = 1.0730, 95% CI: 1.0330–1.1160) and AKT1 (OR = 0.9211, 95% CI: 0.8569–0.9902) had causal relationships with 
sepsis. The diagnostic nomogram based on these biomarkers showed good efficacy. Enrichment analysis suggested AKT1 inhibits sepsis 
development, while PPARG promotes it. Drug prediction indicated strong interactions between AKT1 and gigantol, and PPARG with 
echinatin. qRT-PCR showed reduced expression of PPARG and AKT1 in sepsis, aligning with bioinformatics predictions.
Conclusion: In summary, AKT1 and PPARG are causally associated with sepsis, showing diagnostic potential. AKT1 may inhibit sepsis 
development, while PPARG may promote it. These findings provide valuable insights for sepsis diagnosis and therapeutic drug development.
Keywords: sepsis, glucose metabolism, transcriptomics, Mendelian randomization, biomarkers

Introduction
Sepsis is a dysregulation of the host’s systemic inflammatory and immune responses to infection, leading to life- 
threatening organ dysfunction.1 It is a common complication following serious infections, trauma, burns, shock and 
major surgery, characterised by a high prevalence, severity, mortality and health care costs.2,3 A global observational 
study in 2017 showed that approximately 10 million patients died due to sepsis, accounting for approximately 20% of the 
total mortality in that year.4,5 In addition, sepsis patients accounted for the majority of admissions to intensive care units, 
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with a 90-day mortality rate of 35.5%, according to a 2020 study conducted in mainland China.6 In addition to causing 
serious damage to patients’ health, sepsis also imposes a heavy economic burden on the healthcare sector, reportedly 
amounting to US$24 billion per year worldwide.7 The World Health Organization has described sepsis as a serious global 
public health problem and designated it as a “global health priority” in 2017. Currently, despite advances in clinical care 
and research methods, sepsis is a heterogeneous syndrome characterised by a wide range of clinical and biological 
features, which has hindered the development and advancement of the field of sepsis care.8 It has been suggested that 
deeper and broader research into altering signalling pathways, gene targeting to modify the characteristically high and or 
low immune response, prevention by optimising the microbiome and the molecular pathways of the immune response in 
sepsis may improve the prognosis of sepsis.9 Conventional biomarkers such as CRP, PCT and cytokines are not sensitive 
and specific enough to be used exclusively for patient diagnosis and prognosis.10 Therefore, further research into the 
pathogenesis and treatment of sepsis is of great theoretical importance and clinical value. It is imperative that we find 
sensitive and specific biomarkers as early as possible to aid in the early diagnosis, prognosis and treatment of sepsis.

Glucose is the primary energy source in animals and an important precursor for the synthesis of nucleic acids, lipids, and 
other macromolecules. Infections can affect the absorption, transport, and metabolism of glucose by cells.11 During sepsis, 
various degrees of glucose metabolism disorders are commonly observed.12 Glucose metabolism includes aerobic oxidation 
and glycolysis. In aerobic oxidation, one molecule of glucose is completely oxidized to produce 36 (or 38) molecules of ATP, 
which serves as the main energy source in the body. Under anaerobic conditions, glucose is converted to lactic acid through 
glycolysis, yielding only 2 molecules of ATP.13 Recent studies have shown that in the cytoplasm, glucose is broken down into 
two pyruvate molecules via glycolysis before entering the mitochondria. Within the mitochondria, a large amount of ATP and 
water is generated through the tricarboxylic acid cycle and oxidative phosphorylation, releasing carbon dioxide. However, 
during sepsis, cells may experience mitochondrial dysfunction due to inflammation and oxidative stress, leading to a reliance 
on glycolysis to meet energy demands even in the presence of sufficient oxygen. This results in excessive production and 
abnormal accumulation of lactic acid.14 Sepsis patients exhibit suppressed glucose oxidation while increasing fatty acid 
oxidation. Preclinical studies have indicated that glucose metabolism is detrimental in bacterial sepsis, while fasting 
metabolism appears to be protective.12 Furthermore, studies have found that NORAD and nuclear proteins play important 
roles in regulating glucose metabolism and immune responses under septic conditions.15,16 These findings underscore the 
significance of glucose metabolism in the context of sepsis. Further research is needed to explore new therapeutic strategies 
targeting glucose metabolism to improve outcomes for sepsis patients.

Mendelian randomization (MR) is a method used to infer causal relationships between exposure and outcome.17 This study 
utilized transcriptomic techniques and Mendelian randomization analysis to explore biomarkers related to glucose metabolism 
that have a causal relationship with sepsis. Additionally, the study employed immune infiltration drug prediction methods to 
further investigate the potential functions of these biomarkers. Overall, this research conducted an in-depth analysis of glucose 
metabolism-related genes and their functional characteristics in sepsis through a series of bioinformatics techniques, aiming to 
identify novel diagnostic targets for sepsis and provide a theoretical basis for personalized treatment of the condition.

Material and Methods
Data Source
The expression profiling datasets GSE65682 and GSE134347 of sepsis were downloaded from the Gene Expression 
Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/). Dataset GSE65682 served as the training set for this 
study, including 479 sepsis samples and 42 control samples. Dataset GSE134347 was used as the validation set, 
containing 156 sepsis samples and 82 control samples. Glucose metabolism-related genes (GMRGs)18 were retrieved 
from previous study, and detailed gene information was provided in Table S1.

Identification and Analysis of Differentially Expressed Glucose Metabolism Related 
Genes (DE-GMRGs) in Sepsis
Differentially expressed genes (DEGs) between sepsis and control samples were identified using the limma package (v 3.54.0),19 

with differential screening conditions set at log2FoldChange (FC) < 0.5 and P.value < 0.05. The expression of DEGs was 
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visualized using ggplot2 (v 3.4.1)20 and pheatmap.21 The DE-GMRGs were then identified by taking the intersection of the 
DEGs and the GMRGs using the ggvenn package (v 1.7.1).22

Enrichment Analysis of DE-GMRGs and Construction of Protein-Protein Interaction 
(PPI) Network
DE-GMRGs were analyzed using Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) with the 
clusterProfiler package (v 4.7.1.001)23 (P < 0.05) for a preliminary exploration of their biological functions. The GO enrichment 
analysis included biological processes (BP), cellular components (CC), and molecular functions (MF). The treemap package (v 
3.4–3)24 was used to visualize the top 10 most significant entries in each GO category and to highlight the major enrichment 
pathways in KEGG. Additionally, the disease ontology (DO) function of DE-GMRGs was studied using the WebGestalt online 
database. The protein-level interactions among DE-GMRGs were established through STRING (https://string-db.org/) with a 
low confidence threshold of 0.4, and the PPI network was visualized using Cytoscape (v 3.7.2).25 DE-GMRGs were then filtered 
through the Degree, Bottleneck, and Betweenness algorithms in the cytoHubba, with hub genes identified from the intersection of 
genes filtered by these algorithms for further analysis.

Screening and Validation of Diagnostic Efficacy of Biomarkers
The hub gene was further screened using machine learning algorithms. Three machine learning algorithms included 
support vector machine-recursive feature elimination (SVM-RFE) analysis based on the e1071 package (v 1.7–12),26 

least absolute shrinkage and selection operator (LASSO) algorithm based on the glmnet package (v 4.1.8),27 and Boruta 
analysis using the Boruta package (v 8.0.0).28 The genes selected by machine learning methods were intersected, and the 
resulting genes were designated as potential biomarkers. Subsequently, we analyzed the differences in expression levels 
of potential biomarkers in the training and validation sets using the Wilcoxon test. To evaluate the diagnostic capability 
of these potential biomarkers, we generated receiver operating characteristic (ROC) curves and calculated the area under 
the curve (AUC) using the pROC package (v 1.18.5)29 in the training set and the validation sets. Potential biomarkers 
passing through the validation were defined as biomarkers of sepsis.

MR Analysis
To investigate the causal relationship between the biomarkers and sepsis, we conducted MR analysis, using the 
biomarkers as the exposure variable and sepsis as the outcome variable. Expression quantitative trait loci (eQTL) data 
for the biomarkers were sourced from the Integrative Epidemiology Unit (IEU) Open Genome-Wide Association Study 
(GWAS) database (https://gwas.mrcieu.ac.uk/). Summary phenotypic data for sepsis (eu-b-4980) were obtained from the 
UK Biobank (https://gwas.mrcieu.ac.uk/) database, which included 12,243,539 single nucleotide polymorphisms (SNPs) 
from 486,484 Europeans (11,643 sepsis samples and 474,841 controls). The MR analysis was based on those key 
assumptions: (1) a robust and significant association between instrumental variables (IVs) and sepsis; (2) no causal 
relationship between IVs and other confounders; and (3) IVs affect sepsis only through the biomarkers.

To enhance the accuracy of the MR analysis, we utilized the TwoSampleMR package (v 0.5.6)30 to rigorously control 
the selection of IVs. The following steps were implemented: (1) SNPs significantly associated with the biomarker eQTL 
were selected using a threshold of P < 5 × 10−5; (2) SNPs in linkage disequilibrium (LD) were removed, with parameters 
set as r2 = 0.1 and kb = 10; (3) The statistical value (F) of the IVs was calculated using the formula: F ¼ N � k� 1ð Þ

k � R
1� R2 ;

where N represented the number of sepsis samples in GWAS, k was the number of IVs, and R2 was the variance 
proportion of IVs explaining the biomarker eQTL. The harmonise_data function was employed to unify effect alleles and 
effect sizes, sepsis related IVs were excluded to ensure consistency across datasets. For the MR analysis, we applied 5 
methods, including MR Egger,31 weighted median,32 inverse variance weighted (IVW),33 simple mode,30 and weighted 
mode.34 IVW was used as the primary method to identify genes with a significant causal relationship with sepsis as 
biomarkers (P < 0.05). Finally, sensitivity analyses were conducted to assess the robustness of the MR analyses, 
incorporating heterogeneity test,35 horizontal pleiotropy test,36 and the Leave-One-Out (LOO) test.37
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Enrichment Analysis of Biomarkers
To further investigate the underlying mechanisms of sepsis, we analyzed the differences in biological processes 
associated with biomarkers that exhibit a causal relationship to the disease, comparing the sepsis to the control simple. 
We utilized the pathway enrichment file “c2.cp.kegg.v7.4.symbols.gmt” from the Gene Set Enrichment Analysis (GSEA) 
website (http://www.gsea-msigdb.org/gsea/msigdb) for enrichment analysis. In the training set, GSEA pathway enrich
ment analysis was conducted using the clusterProfiler package, focusing on the correlation between each biomarker and 
all genes, applying the criteria |NES| > 1 and P < 0.05.

Construction of the Nomogram for Sepsis
In order to comprehensively evaluate the diagnostic efficacy of biomarkers, we developed a nomogram using the rms 
package (v 6.8.2),29 based on the expression levels of the biomarkers. We also established a calibration curve to assess 
the predictive accuracy of the nomogram. Additionally, we employed ROC analysis and decision curve analysis (DCA) 
to quantify the overall diagnostic performance of the model.

Immunoinfiltration Analysis
To assess the composition of the immune microenvironment in sepsis patients, we calculated the abundance of 28 types 
of immune cells in sepsis and control samples using ssGSEA of GSVA package (v 1.42.0)38 based on the training set. 
Differences in immune cell infiltration between the two groups were analyzed using the Wilcoxon test. Subsequent 
analyses explored the correlation between biomarkers and immune cells with varying levels of infiltration across groups. 
The results were visualized using the ggplot2 package.

Transcription Factors (TFs) and microRNAs (miRNAs) Prediction of Biomarkers
In order to gain a deeper understanding of the interactions in biomarker regulatory networks, TFs of biomarkers were 
predicted using the ChEA3 database. The miRNAs related to these genes (target score > 50) were forecasted through the 
miRDB database (https://mirdb.org/mirdb/index.html). The regulatory network was visualized using Cytoscape.

Drug Prediction and Molecular Docking
To identify potential clinical drugs for sepsis, this study utilized the DGIdb database for drug prediction based on 
biomarkers (https://www.dgidb.org/) and visualized the network using Cytoscape software. Molecular docking was 
subsequently performed to analyze the interactions between biomarkers and their corresponding active components. 
The 3D structures of the biomarker proteins (in PDB format) were obtained from the Protein Data Bank, while the active 
components’ 3D structures (in SDF format) were sourced from the PubChem database. For better analysis, the SDF files 
of the active ingredients were converted to PDB format using Babel GUI (v 3.1.1). PyMOL (v 3.1.1)39 was employed to 
remove water molecules and small molecule ligands before conducting molecular docking with AutoDock Vina,40 and 
the results were visualized using PyMOL (v 3.1.1).39

Clinical Samples
According to the predefined inclusion criteria, four cases of sepsis and four normal control samples were collected from 
the Second Affiliated Hospital of Ningxia Medical University (First People’s Hospital of Yinchuan). The inclusion 
criteria were as follows: (1) Age between 18 and 75 years; (2) Blood samples; (3) Patients with a confirmed initial 
diagnosis of sepsis and healthy donors. Sepsis patients should meet the Sepsis-3.0 diagnostic criteria, have definite or 
highly suspected infections, and have a sequential organ failure score of ≥2. The exclusion criteria for the sepsis samples 
included the presence of severe comorbidities, such as advanced cardiac insufficiency, advanced liver insufficiency, and 
advanced renal insufficiency, as well as any documented immune deficiencies or autoimmune diseases. All patients and 
healthy donors or their legal representatives agreed to participate in the study and signed an informed consent form. This 
study was approved by the Ethics Committee of the Second Affiliated Hospital of Ningxia Medical University (First 
People’s Hospital of Yinchuan) (No: KY-2025-175).
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Construction of the Mouse Model
This study was performed in line with the principles of the Declaration of Helsinki and approved by the Institutional 
Animal Care and Use Committee of the Second Clinical Medical College of Ningxia Medical University (First People’s 
Hospital of Yinchuan) (No: KY-2025-039). Male 8-wk-old mice on C57BL/6J background were purchased from Vital 
River Laboratory Animal Technology Co., Ltd (Beijing, China), which were feed in the Experimental Animal Center of 
Ningxia Medical University. All sepsis-induced mice were subjected to classic cecal ligation and puncture (CLP) to 
induce sepsis.41 Briefly, for the sepsis group, mice were anesthetized with 2% isoflurane inhalation and placed on a 
heating pad to maintain a body temperature of 36–37 °C. After disinfecting the skin, a 1 cm incision was made along the 
abdominal midline approximately 1 cm below the genital area to expose the cecum. The cecum was ligated with 3–0 silk 
thread about 1 cm from its distal end. Using a 21G needle, two punctures were made at the tip of the ligated cecum, and a 
small amount of feces was extruded. Care was taken to avoid injuring blood vessels. The cecum was then carefully 
returned to the abdominal cavity, and the abdominal wall and skin were closed with interrupted sutures using 4–0 silk 
thread. The incision was infiltrated with 0.2% ropivacaine. Post-surgery, mice received 50 mL/kg of sterile saline pre- 
warmed to 37°C for fluid resuscitation. For the control group, the same procedure was followed for abdominal incision 
and cecum exposure, but without ligation or puncture. The duration of the procedures for both groups was consistent. All 
surgical procedures were performed by the same individual. At 24 hours postoperatively, blood was collected via cardiac 
puncture under 2% isoflurane anesthesia. Immediately following blood collection, the mice were euthanized by cervical 
dislocation. Randomized double blind study was employed.

Quantitative Reverse Transcription-Polymerase Chain Reaction (qRT-PCR)
Blood samples were collected from mice under septic and control conditions for qRT-PCR.42 Total RNA was extracted 
using RNAeasy™ Blood RNA Isolation Kit with Spin Column (R0091M, Beyotime Biotechnology, China), and its 
concentration and purity were measured using a Nanodrop 2000 spectrophotometer. Total RNA was reverse-transcribed 
into cDNA with a reaction mixture containing 4 μL of 5×SweScript All-in-One SuperMix for qPCR (G3337, Servicebio, 
China), 1 μL gDNA Remover, 10 μL total RNA, and nuclease-free water to a final volume of 20 μL. Then, qRT-PCR was 
performed on the 2×Universal Blue SYBR Green qPCR Master Mix (G3326, Servicebio, China) to assess the mRNA 
expression of biomarkers. GAPDH was used as the internal reference gene, with primer sequences of biomarkers listed in 
Table 1. Relative mRNA expression levels were calculated using the 2–ΔΔCt method. All assays were conducted in 
triplicate with biological replicates.

For clinical samples, blood samples were collected from clinical samples and control conditions. Total RNA 
extraction, quantification, and cDNA synthesis were performed identically to the mouse samples (as described above). 
Then, qRT-PCR was performed on the ArtiCanATM SYBR qPCR Mix (TSE501, Tsingke, China) to assess the mRNA 
expression of biomarkers. Hs-ACTB was used as the internal reference gene, with primer sequences of biomarkers listed 
in Table 2. Relative mRNA expression levels were calculated using the 2–ΔΔCt method. All assays were conducted in 
triplicate with biological replicates.

Table 1 The Primer Sequences of Biomarkers in qRT-PCR

Gene Primer Sequences

GAPDH 5′-CCTCGTCCCGTAGACAAAATG-3′ forward
5′-TGAGGTCAATGAAGGGGTCGT-3′ reverse

AKT1 5′-TCAGGATGTGGATCAGCGAGAGTC-3′ forward

5′-AGGCAGCGGATGATAAAGGTGTTG-3′ reverse
PPARG 5′-GCCAAGGTGCTCCAGAAGATGAC-3′ forward

5′-GGTGAAGGCTCATGTCTGTCTCTG-3′ reverse
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Statistical Analysis
All analyses were conducted in R version 4.2.2. The Wilcoxon test was employed to compare differences between the 
two groups of samples during significance analysis of various parameters (such as expression levels and different 
eigenvalues). In the graphical representations, ns means have not significant difference, * means P < 0.05, ** means P 
< 0.01, *** means P < 0.001, **** means P < 0.0001.

Results
Function of DEGs and Screening of Hub Genes in Sepsis
Differential expression analysis based on the training set revealed 3,899 DEGs between sepsis and control samples, with 
1,268 genes being highly expressed in sepsis samples and 2,631 genes being lowly expressed in sepsis samples 
(Figure 1A and 1B). The intersection of the DEGs and the GMRGs resulted in 141 DE-GMRGs (Figure 1C). 
Subsequently, the study analyzed the molecular functions and mechanisms of action associated with the DE-GMRGs. 
GO enrichment analysis indicated that DE-GMRGs were significantly enriched in 864 BP entries, 46 CC entries, and 90 
MF entries, primarily involving metabolic processes such as monosaccharide metabolism, hexose metabolism, and 
glucose metabolism (Figure 1D). KEGG analysis showed that these DE-GMRGs were mainly involved in 82 metabolic 
and signal transduction pathways, including glycolysis/gluconeogenesis, carbon metabolism, and central carbon meta
bolism in cancer (Figure 1E). DO analysis also indicated that DE-GMRGs were primarily associated with blood diseases 
such as hemolysis disorder, myeloid leukemia, and hemoglobin adverse events (Figure 1F). These enrichment results 
suggest a correlation between the functions of DE-GMRGs and glucose metabolism in sepsis. The PPI network 
constructed from the DEGs contained 126 nodes and 827 edges, including GAPDH, PGK1, and LDHA, which were 
proteins with regulatory effects on sepsis (Figure 1G). Through the intersection of the top 20 genes identified using the 
Degree, Bottleneck, and Betweenness algorithms, we identified 11 hub genes for further analysis (Figure 1H).

Screening and Validation of 6 Biomarkers Related to Glucose Metabolism in Sepsis
Machine learning algorithms were employed to further screen the 11 hub genes identified in the training set. The LASSO 
algorithm selected 9 genes (Lambda.min = 0.0012) (Figure 2A), while the SVM-RFE algorithm identified 8 genes 
(Figure 2B). Boruta analysis yielded a total of 11 genes (Figure 2C). The intersection of the genes obtained from these 
machine learning approaches resulted in 6 potential biomarkers: GAPDH, AKT1, TXN, DLAT, PPARG, and PGK1 
(Figure 2D). The expression levels and diagnostic efficacy of these potential biomarkers were validated in both the 
training and validation sets. Boxplots demonstrated notable variations in the expression of these 6 genes between sepsis 
and control samples in both datasets, among them, the expression levels of AKT1 and DLAT were decreased in sepsis 
samples, while GAPDH, PGK1, PPARG and TXN were significantly higher in sepsis samples (Figure 2E). ROC curve 
analysis revealed that the AUC values for GAPDH (0.94), AKT1 (0.87), TXN (0.98), DLAT (0.91), PPARG (0.94), and 
PGK1 (0.84) in the training set confirmed their diagnostic efficacy for sepsis. In the validation set, the AUC values for 
these biomarkers were also promising: GAPDH (0.88), AKT1 (0.90), TXN (1.00), DLAT (0.89), PPARG (0.98), and PGK1 
(0.93), indicating their potential as reliable biomarkers for sepsis (Figure 2F).

Table 2 The Primer Sequences of Biomarkers in qRT-PCR

Gene Primer Sequences

Hs-ACTB 5′-CCTGGCACCCAGCACAAT-3′ forward
5′-GGGCCGGACTCGTCATAC-3′ reverse

AKT1 5′-CTGTCATCGAACGCACCTTCC-3′ forward

5′-AGTCCATCTCCTCCTCCTCCTG-3′ reverse
PPARG 5′-CCACATTACGAAGACATTCCATTCAC-3′ forward

5′-AGATGCAGGCTCCACTTTGATTG-3′ reverse

https://doi.org/10.2147/JIR.S528347                                                                                                                                                                                                                                                                                                                                                                                                                                                           Journal of Inflammation Research 2025:18 10218

Ma et al                                                                                                                                                                              

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



Figure 1 Identification of differentially expressed genes (DEGs) and hub genes in sepsis. (A) The volcano map of DEGs. The blue equilateral triangle represents up-regulated 
DEGs, the green inverted triangle represents down-regulated DEGs, and the gray represents genes that are not statistically significant; (B) The heatmap of DEGs. The 
abscissa represents samples, the ordinate represents genes, blue is high expression gene, yellow is low expression gene; (C) Identification of the differentially expressed 
glucose metabolism-related genes (DE-GMRGs) in sepsis; (D) Gene ontology (GO) functional enrichment analysis of DE-GMRGs; (E) Kyoto encyclopedia of genes and 
genomes (KEGG) enrichment analysis of DE-GMRGs; (F) Disease ontology (DO) enrichment analysis of DE-GMEGs; (G) The protein-protein interaction (PPI) network of 
DE-GMEGs; (H) The venn diagram of hub gene.
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Significant Causal Relationship Between PPARG, AKT1 and Sepsis
To explore the causal relationship between 6 biomarkers and sepsis, a MR analysis was conducted, treating the biomarkers 
as exposure variables and sepsis as the outcome variable. PGK1 was excluded due to the absence of eQTL data. For the 
remaining 5 biomarkers, 556 SNPs with F values greater than 10 were identified, confirming their strength as IVs suitable 
for MR analysis (Table S2). Subsequent steps involved aligning the effect allele with the effect size, resulting in a total of 
533 SNPs after excluding those significantly associated with sepsis. The MR analysis revealed significant associations 
between sepsis and GAPDH, PPARG, TXN, and AKT1 (P < 0.05 for the IVW algorithm). Notably, PPARG [odds ratio (OR) 
= 1.0730, 95% confidence interval (CI): 1.0330–1.1160] and TXN [OR = 1.0726, 95% CI: 1.0084–1.1409] were identified 
as risk factors for the development of sepsis. Conversely, GAPDH [OR = 0.9100, 95% CI: 0.8670–0.9550] and AKT1 [OR = 
0.9211, 95% CI: 0.8569–0.9902] were found to be protective factors against sepsis (Table 3). The correlation trends 
between the biomarkers and sepsis were illustrated in scatter plots (Figure 3A and B, Figure S1A and B), indicating that 
higher expression of PPARG and TXN was associated with an increased risk of sepsis, whereas higher expression of AKT1 

Figure 2 Continued.
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and GAPDH might reduce the risk of sepsis. The efficacy of each SNP locus in assessing biomarkers for sepsis diagnosis 
was presented in forest plots (Figure 3C and D, Figure S1C and D). The distribution of SNPs screened in this study aligns 
with Mendel’s second law, demonstrating a relatively even distribution and reinforcing the credibility of the findings 
(Figure 3E and F, Figure S1E and F).

To further validate the robustness of the findings, the sensitivity analysis was performed. Cochran’s Q test indicated 
no heterogeneity in MR analysis (P > 0.05) (Table S3). Additionally, the horizontal pleiotropy test revealed no evidence 
of confounding bias for all genes except TXN (P > 0.05) (Table S4). The LOO of SNPs further confirmed the reliability of 
the study results (Figure 3G and H, Figure S1G and H). Combining the MR analysis with transcriptomic data, the 
expression patterns of PPARG and AKT1 were consistent with the identified trends. Consequently, these 2 genes were 
recognized as biomarkers with a causal relationship to sepsis, warranting further investigation.

Nomogram Based on PPARG and AKT1 with Reliable Diagnostic Capability
After identifying PPARG and AKT1 as biomarkers causally associated with sepsis, GSEA was conducted to explore their 
biological functions. PPARG was found to enrich 52 pathways, primarily associated with the inhibition of pathways such as 
“ribosome”, “graft versus host disease”, “type I diabetes mellitus” and “cell adhesion molecules” (Figure 4A). In contrast, AKT1 

Figure 2 Screening and verification of 6 biomarkers in sepsis. (A) The least absolute shrinkage and selection operator (LASSO) regression analysis of the DE-GMRGs; (B) 
The support vector machine-recursive feature elimination (SVM-RFE) analysis of the DE-GMRGs; (C) The Boruta analysis of the DE-GMRGs; (D) The Venn diagram of 
potential biomarkers; (E) Expression of potential biomarkers in sepsis and control samples. The left graph represents the training set, the right figure represents the 
verification set; (F) The receiver operating characteristic (ROC) curve of the potential biomarkers in the training and validation sets. AUC, area under the curve.

Journal of Inflammation Research 2025:18                                                                                          https://doi.org/10.2147/JIR.S528347                                                                                                                                                                                                                                                                                                                                                                                                 10221

Ma et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/article/supplementary_file/528347/ID_528347_supplementary_file.zip
https://www.dovepress.com/article/supplementary_file/528347/ID_528347_supplementary_file.zip
https://www.dovepress.com/article/supplementary_file/528347/ID_528347_supplementary_file.zip
https://www.dovepress.com/article/supplementary_file/528347/ID_528347_supplementary_file.zip
https://www.dovepress.com/article/supplementary_file/528347/ID_528347_supplementary_file.zip
https://www.dovepress.com/article/supplementary_file/528347/ID_528347_supplementary_file.zip
https://www.dovepress.com/article/supplementary_file/528347/ID_528347_supplementary_file.zip
https://www.dovepress.com/article/supplementary_file/528347/ID_528347_supplementary_file.zip


Table 3 Mendelian randomization analysis results of biomarker and sepsis

Id.Exposure Id.Outcome Outcome Exposure Method nsnp b se pval lo_ci up_ci or or_lci95 or_uci95 pleio_P heter_P

eqtl-a-ENSG00000111640(GAPDH) ieu-b-5086 Sepsis || id:eqtl-a-ENSG00000111640 MR Egger 84 -0.1266 0.0410 0.0027 -0.2069 -0.0463 0.8810 0.8130 0.9550 0.3211 0.4400

Weighted median -0.0954 0.0352 0.0067 -0.1644 -0.0265 0.9090 0.8480 0.9740 0.3211 0.4400

Inverse variance 

weighted (fixed effects)

-0.0942 0.0247 0.0001 -0.1426 -0.0457 0.9100 0.8670 0.9550 0.3210 0.4400

Simple mode -0.0995 0.0533 0.0652 -0.2039 0.0049 0.9050 0.8160 1.0050 0.3211 0.4400

Weighted mode -0.1115 0.0299 0.0004 -0.1701 -0.0528 0.8950 0.8440 0.9490 0.3211 0.4400

eqtl-a-ENSG00000132170(PPARG) ieu-b-5086 Sepsis || id:eqtl-a-ENSG00000132170 MR Egger 212 0.0604 0.0428 0.1599 -0.0235 0.1443 1.0620 0.9770 1.1550 0.7850 0.9972

Weighted median 0.0601 0.0304 0.0485 0.0004 0.1197 1.0620 1.0000 1.1270 0.7850 0.9972

Inverse variance 

weighted (fixed effects)

0.0708 0.0197 0.0003 0.0322 0.1094 1.0730 1.0330 1.1160 0.7850 0.9972

Simple mode 0.0383 0.0600 0.5232 -0.0792 0.1558 1.0390 0.9240 1.1690 0.7850 0.9972

Weighted mode 0.0766 0.0318 0.0168 0.0143 0.1388 1.0800 1.0140 1.1490 0.7850 0.9972

eqtl-a-ENSG00000136810(TXN) ieu-b-5086 Sepsis || id:eqtl-a-ENSG00000136810 MR Egger 113 -0.1116 0.0515 0.0325 -0.2125 -0.0106 0.8944 0.8085 0.9895 0.0000 0.6685

Weighted median -0.0099 0.0493 0.8410 -0.1064 0.0867 0.9902 0.8990 1.0905 0.0000 0.6685

Inverse variance 

weighted (fixed effects)

0.0701 0.0315 0.0261 0.0083 0.1318 1.0726 1.0084 1.1409 0.0000 0.6685

Simple mode -0.0118 0.1081 0.9131 -0.2238 0.2001 0.9882 0.7995 1.2216 0.0000 0.6685

Weighted mode -0.0541 0.0433 0.2138 -0.1389 0.0307 0.9473 0.8703 1.0312 0.0000 0.6685

eqtl-a-ENSG00000142208(AKT1) ieu-b-5086 Sepsis || id:eqtl-a-ENSG00000142208 MR Egger 98 -0.1283 0.0656 0.0535 -0.2569 0.0003 0.8796 0.7735 1.0003 0.3976 0.9917

Weighted median -0.0544 0.0574 0.3437 -0.1669 0.0582 0.9471 0.8463 1.0599 0.3976 0.9917

Inverse variance 

weighted (fixed effects)

-0.0822 0.0369 0.0259 -0.1545 -0.0099 0.9211 0.8569 0.9902 0.3980 0.9917

Simple mode 0.0446 0.1146 0.6981 -0.1801 0.2693 1.0456 0.8352 1.3090 0.3976 0.9917

Weighted mode -0.0565 0.0612 0.3587 -0.1764 0.0635 0.9451 0.8383 1.0656 0.3976 0.9917

eqtl-a-ENSG00000150768(DLAT) ieu-b-5086 Sepsis || id:eqtl-a-ENSG00000150768 MR Egger 26 -0.1006 0.8599 0.9079 -1.7859 1.5847 0.9043 0.1676 4.8780 0.9886 0.9998

Weighted median -0.1572 0.1523 0.3018 -0.4559 0.1413 0.8544 0.6339 1.1517 0.9886 0.9998

Inverse variance 

weighted (fixed effects)

-0.0883 0.1168 0.4495 -0.3172 0.1406 0.9154 0.7281 1.1510 0.989 0.9998

Simple mode -0.3198 0.2672 0.2426 -0.8434 0.2040 0.7263 0.4302 1.2262 0.9886 0.9998

Weighted mode -0.3238 0.2922 0.2784 -0.8965 0.2490 0.7234 0.4080 1.2827 0.9886 0.9998
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was associated with 33 pathways, including the activation of pathways such as “ribosome” “graft versus host disease” and “type I 
diabetes mellitus” (Figure 4B). This indicates that PPARG and AKT1 play distinct roles in the development of sepsis.

To further enhance the diagnostic utility of these biomarkers, we constructed a nomogram model based on the 
biomarker to predict the risk of sepsis (Figure 4C). In this nomogram, individual scores for each biomarker were summed 
to yield an overall score that reflected the likelihood of developing sepsis, with higher scores indicating greater risk. The 
calibration curve of this model showed an ideal fit, with a slope close to 1, indicating high predictive reliability 

Figure 3 Mendelian randomization (MR) analysis of PPARG, AKT1, and sepsis. (A and B) Scatter plot of MR analysis results. Each point represents a single nucleotide 
polymorphisms (SNPs), the abscissa represents the effect size of exposure, and the ordinate represents the effect size of the outcome. (A) PPARG. (B) AKT1; (C and D) 
Forest plot illustrating the effect size of biomarkers on sepsis. (C) PPARG. (D) AKT1; (E and F) Funnel plots were symmetrical indicating little heterogeneity. (E) PPARG. (F) 
AKT1; (G and H) Leave-One-Out (LOO) analysis showing minor variations in the impact on sepsis when each SNP is sequentially excluded. (G) PPARG. (H) AKT1.
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(Figure 4D). Additionally, the AUC value of the model’s ROC curve was 0.964, surpassing the AUC values of PPARG 
(0.94) and AKT1 (0.87) in the training set (Figure 4E). This confirms the strong predictive power of the combined 
diagnostic approach for sepsis. Finally, DCA demonstrated the clinical benefit of the model (Figure 4F).

Investigating Differences in Immune Microenvironment of Sepsis and Normal 
Individuals
Analysis of differences in immune cell composition between sepsis patients and healthy individuals provides insight into how 
the immune microenvironment influences the onset and progression of sepsis. The study illustrated the proportions of 
individual immune cells in sepsis and control samples from the training set using stacked bar graphs (Figure 5A). 
Wilcoxon test analysis revealed significant differences in the infiltration of 24 immune cell types between sepsis and control 

Figure 4 Function analysis and nomogram construction of PPARG and AKT1. (A) Gene set enrichment analysis (GSEA) of PPARG; (B) GSEA of AKT1; (C) Nomogram model 
based on biomarkers; (D) The calibration curve of the nomogram model; (E) The ROC curve of the nomogram model; (F) The decision curve analysis (DCA) of the 
nomogram model.
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Figure 5 Immunoinfiltration analysis of sepsis. (A) Infiltration ratio of 28 kinds of immune cells; (B) Difference analysis of 28 kinds of immune cell scores between sepsis and 
control group. Ns means have not significant difference, ** means P < 0.01, *** means P < 0.001, **** means P < 0.0001; (C) Association of biomarkers with differential 
immune-infiltrating cells.
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samples (P < 0.05) (Figure 5B). Specifically, sepsis samples showed reduced infiltration of immune cells such as activated B 
cells, type 2 T helper cells, and natural killer T cells, while infiltration of activated dendritic cells, neutrophils, and type 17 T 
helper cells was elevated. Further analysis indicated that PPARG was negatively associated with most immune cells, whereas 
AKT1 showed positive associations. Notably, AKT1 exhibited the highest positive correlation with central memory CD4 T 
cells (cor = 0.57, P < 0.05). Conversely, PPARG demonstrated the largest positive correlation with macrophages (cor = 0.39, P 
< 0.05) and the strongest negative correlation with effector memory CD8 T cells (cor = −0.37, P < 0.05) (Figure 5C). These 
findings suggested that septic patients experience inflammatory responses and sustained immune activation, indicating that 
PPARG might exert an opposing immune response compared to AKT1.

Molecular Regulatory Networks of Biomarker and Predictive Analysis of Drugs
Using public databases, we constructed TF-miRNA-mRNA networks for PPARG and AKT1. A total of 40 miRNAs and 8 
TFs were predicted to have regulatory relationships with AKT1, including pairs like TAL1-AKT1 and HNF4A-AKT1, 
which positively regulate the alleviation of septic conditions. Similarly, 64 miRNAs and 4 TFs were associated with 
PPARG, including regulatory pairs such as CTCF-PPARG and E2F1-PPARG that promoted the development of sepsis 
(Figure 6A). We also explored potential therapeutic agents targeting PPARG and AKT1 using the DGIdb database. AKT1 
was predicted to interact with 71 drugs, while PPARG was associated with 125 drugs (Figure 6B). Notably, the 
interaction score between AKT1 and gigantol was the highest at 1.479, while the highest interaction score for PPARG 
was with echinatin at 0.840. These interactions were selected for molecular docking (Table S5). The molecular binding 
energy for the AKT1-gigantol complex was −5.72 kcal/mol, and for the PPARG-echinatin complex, it was −4.79 kcal/ 
mol, indicating strong stability of both complexes (Figures 6C and D).

Validation of the Biomarkers’ Expression by qRT-PCR
To further substantiate the robustness of our results, we collected clinical samples and established a sepsis model to 
validate the expression levels of biomarkers using qRT-PCR. The results in sepsis model indicated that the expression 
levels of PPARG and AKT1 were significantly reduced in the sepsis group, with the expression trend of AKT1 aligning 
with bioinformatics predictions (Figure 7A). In the clinical sample verification, the expression trend of AKT1 was found 
to be consistent with that observed in the mouse model, exhibiting statistically significant differences (Figure 7B). The 
expression trend of PPARG may be attributed to factors such as sample size, species differences, tissue heterogeneity, and 
other variables.

Discussion
The pathogenesis of sepsis is a highly intricate process, encompassing not only dysregulated host responses but also 
systemic disturbances in multiple organ functions.43,44 Disturbed glucose metabolism represents a pivotal pathophysio
logical process in sepsis, affecting not only energy supply and cellular function but also multiple facets of the 
inflammatory response, immune regulation and oxidative stress.45,46 In patients with sepsis, abnormalities of glucose 
metabolism manifest as insulin resistance, hyperglycaemia and impaired glucose utilisation. These changes are closely 
associated with the severity and prognosis of sepsis.47–50 Identifying diagnostic and therapeutic biomarkers related to 
glucose metabolism in sepsis can provide valuable insights for clinical treatment strategies. Therefore, this study 
conducted bioinformatics research by integrating transcriptomic analysis and Mendelian randomization, successfully 
identifying and validating the biomarkers associated with sepsis-induced glucose metabolism disorders—PPARG and 
AKT1. In this study, both AKT1 and PPARG demonstrated AUC values greater than 0.85 in both the training and 
validation sets. Notably, the AUC value for PPARG in the validation set reached as high as 0.98, indicating its excellent 
ability to differentiate between sepsis and normal samples. Their diagnostic performance is significantly superior to many 
commonly used biomarkers in sepsis, such as CRP (CRPAUC = 0.76, PCTAUC = 0.72, IL-6AUC = 0.71, HMGB1AUC = 
0.58, PSPAUC = 0.75).51 This discovery not only offers potential biomarkers for the early diagnosis of sepsis but also 
provides new therapeutic targets for interventions targeting glucose metabolism disorders.

It has been established that in a state of septic shock, there is a tendency for dysregulation of glucose metabolism to 
exacerbate the inflammatory response. This may, in turn, lead to further metabolic dysfunction within the body.52 The study of 
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Figure 6 Molecular regulatory networks of biomarker and predictive analysis of drugs. (A) Construction of the molecular regulatory networks of biomarkers. Yellow indicates biomarker, blue indicates microRNAs (miRNAs), and green 
indicates transcription factors (TFs); (B) Drug prediction of biomarkers; (C) Molecular docking of AKT1 to gigantol; (D) Molecular docking of PPARG to echinatin.
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the role of the PPARG activation in the context of immune response, inflammatory processes and metabolic regulation has 
yielded significant findings, cell proliferation and cell differentiation.53,54 Existing studies have demonstrated that increased 
expression of the PPARG gene has been observed to decrease levels of reactive oxygen species (ROS) and to inhibit the 
TXNIP/NLRP3 signalling pathway, thereby contributing to the reduction of pyroptosis and liver dysfunction during the course 
of sepsis.55 In addition, upregulation of the PPARG gene has been shown to allow IL-37a to exert its function in immune 
response modulation and to inhibit inflammation through a process that does not involve the IL-1R8 receptor.56 Notably, our 
findings indicate a potential association between increased risk of sepsis and the expression of the PPARG gene. This 
association may be attributable to gene polymorphisms, with the rs10865710 polymorphism of the PPARG gene being a 
particular focus of research.57 Research has shown that the activation of PPARG has a protective effect against organ 
dysfunction caused by sepsis by regulating inflammatory pathways and reducing cell death mechanisms such as apoptosis 
and necrosis, particularly in the heart and liver.58 PPARG has been identified as a key gene in the glycolytic pathway, which 
plays a central role in coordinating immune responses during sepsis. The differential expression of PPARG and its association 
with immune cell subtypes highlight the importance of its complex interactions between metabolism and immune responses 
under septic conditions.59,60 The function of the PPARG gene is crucial in the regulation of glucose metabolism. Some studies 
have shown that activation of the PPARG gene is closely associated with improved insulin sensitivity, especially in diabetic 
patients, and that it can regulate glucose metabolism homeostasis in vivo and improve insulin resistance.61 This mechanism 
underscores the potential of PPARG not only to play a pivotal role in metabolic diseases, but also to influence the prognosis of 
sepsis patients by regulating their metabolic status. Overall, PPARG exerts its protective effect in sepsis by regulating immune 
responses, inflammation, metabolism and cell survival mechanisms, and may affect the prognosis of sepsis by improving 
metabolic function.

Figure 7 Validation of the biomarkers by qRT-PCR. (A and B) The results of qRT-PCR in the mouse model (A) and clinical samples (B), (nControl = 4, nSepsis = 4).
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On the other hand, the activation of the PI3K/AKT/mTOR pathway has been shown to inhibit functional cell apoptosis 
and reduce inflammation and oxidative stress, which in turn ameliorates sepsis-induced organ damage.62,63 AKT1 is a 
pivotal regulator of cell survival and metabolism and a signal transduction protein that performs a variety of functions 
within cells.64 It has been hypothesised that the small molecule compound 7460–0250 activates the AKT-mTOR pathway, 
specifically promotes the phosphorylation of AKT1 and attenuates acute lung injury in sepsis.65 Another study has shown 
that puerarin, which has anti-inflammatory properties, exerts a protective effect against sepsis-associated encephalopathy 
by regulating the AKT1 pathway in microglia. This regulation helps reduce neuroinflammation and cognitive impairment 
associated with sepsis, suggesting that targeting AKT1 may be beneficial for managing complications related to sepsis.66 

These findings collectively suggest that enhanced expression of AKT1 is important in the pathological development of 
sepsis and may serve as a key molecule in preventing sepsis progression.The role of AKT1 in glucose metabolism is 
controversial. Early studies have indicated that AKT1 knockout mice exhibit a normal metabolic profile; therefore, AKT1 
may be non-essential in the process of glucose metabolism,67 although other studies have shown that the insulin sensitivity 
of mice with low blood glucose and elevated serum glucagon concentrations was improved by the absence of AKT1.68 

Recent studies have demonstrated that the interaction of transforming growth factor-β1 stimulated clone 22 D4 (TSC22D4) 
and AKT1 promotes insulin sensitivity and regulates insulin signalling and glucose metabolism.69 Research has shown that 
Wenqing Decoction can protect against sepsis-induced acute lung injury by regulating the PI3K/AKT pathway,70 which 
reflects the protective role of AKT1 in sepsis to some extent. This is consistent with our Mendelian findings. In summary, 
these findings highlight the multifaceted potential significance of AKT1 in sepsis and glucose metabolism regulation, 
suggesting that targeting this pathway may provide new therapeutic strategies for managing sepsis-related complications.

In order to ascertain whether there is a correlation between the expression of the genes PPARG and AKT1 and the 
specific biological pathways and functions in sepsis, GSEA was utilised to identify their potential pathways of action. 
The results demonstrated that both genes were associated with pathways such as ribosome, graft versus host disease, type 
1 diabetes mellitus and antigen processing and presentation. Notably, enrichment analysis indicated that, in contrast to 
AKT1, the expression pattern of PPARG exhibited an opposite trend, suggesting a divergent role for these two genes, a 
hypothesis that is further substantiated by the results of this study. Ribosomes, the site of intracellular protein synthesis, 
have been demonstrated to play a role in cell proliferation and apoptosis.71–74 During the state of sepsis, the body 
experiences heightened metabolic activity, and consequently the synthesis of significant quantities of protein is required, 
a process that the ribosome must facilitate. Nevertheless, if ribosomes are subjected to persistent overloading, they may 
incur damage, resulting in dysfunction.75 Impaired ribosome function has been shown to induce ribosomal toxic stress, 
which in turn activates the MAPK signalling pathway, thereby promoting adaptive responses and restoring intracellular 
homeostasis.76,77 Taurine has been shown to attenuate septic lung injury by suppressing inflammatory responses and 
oxidative stress through inhibition of the p38 MAPK signalling pathway.78 P38 MAPK and MKP-1 control the glycolytic 
program through the bifunctional glycolytic regulator PFKFB3 during sepsis.79

Graft-versus-host disease (GVHD) and sepsis share similar inflammatory and immune responses. It is well known 
that GVHD is a complication of stem cell or bone marrow transplantation, where transplanted cells from the donor 
trigger an abnormal immune inflammatory response in the recipient, leading the immune system to attack its own tissues 
and organs.80 The core of sepsis pathogenesis lies in the imbalance of dynamic regulation of inflammatory responses and 
immune dysfunction. When pathogens invade the body, they bind to pattern recognition receptors in the innate immune 
system, resulting in the release of various pro-inflammatory cytokines. This leads to an overactive immune response and 
further culminates in a cytokine storm,81,82 causing intense and excessive inflammatory reactions. Consequently, immune 
cells release large amounts of reactive oxygen species, proteases, and other cytotoxic substances, exacerbating tissue and 
organ damage.83 However, as sepsis progresses, the compensatory anti-inflammatory response accompanying the initial 
pro-inflammatory reaction becomes overly vigorous, resulting in significant immunosuppression.84–86

Antigen processing and presentation constitutes a pivotal component of acquired immunity, playing a role in the recognition 
of pathogenic antigens. This process involves the degradation of exogenous or endogenous antigens into short peptides, which 
are then presented to CD4 T cells and CD8 T cells via major histocompatibility complex (MHC) molecules.87 Antigen processing 
and presentation has been shown to be down-regulated in sepsis patients compared to healthy subjects, but its expression has been 
found to positively correlate with patient survival, suggesting a protective role for this pathway in sepsis.88
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As mentioned earlier, during the onset of sepsis, both pro-inflammatory and anti-inflammatory processes are activated 
simultaneously.89 Conducting immune-related analyses on sepsis patients to understand changes in the immune microenviron
ment can aid in the early diagnosis of sepsis and reflect the severity of the condition. Our correlation analysis of biomarkers with 
differentially infiltrating immune cells indicates that AKT1 has the strongest positive correlation with central memory CD4 T 
cells, while PPARG shows the strongest positive correlation with macrophages. In the early stages of sepsis, macrophages, as key 
immune cells, are excessively activated. The TLR4 on the surface of macrophages can recognize LPS, thereby activating 
inflammatory signaling pathways such as NF-κB and MAPK, leading to the release of a large number of pro-inflammatory 
cytokines and inducing various anti-infection mechanisms to promote inflammation and pathogen clearance.90 As the patho
physiology of sepsis progresses, there is also a significant occurrence of apoptosis in macrophages. Meanwhile, M2-like 
macrophages secrete numerous anti-inflammatory mediators to suppress excessive inflammatory responses. However, with 
the apoptosis of various immune cells, including macrophages, T lymphocytes, and B lymphocytes, M2 phenotype macrophages 
can induce immunosuppression and increase the risk of infection.91

CD4+ T cells play a crucial role in adaptive immunity by assisting Tc cells and antibody-mediated immune responses. 
They are activated through the recognition of MHC-II and subsequently differentiate into various effector CD4+ T cell 
subsets,92 such as Th1, Th2, and Th17. Th1 and Th2 are two mutually inhibitory subsets of CD4+ T cells. Studies have 
shown that in the early stages of sepsis in mice, the level of Th1 increases, releasing pro-inflammatory cytokines that 
further activate macrophages and promote inflammation and pathogen clearance mechanisms. However, as sepsis 
progresses, the number of Th1 cells significantly decreases, leading to the differentiation of CD4+ T cells into Th2 
cells, which causes immunosuppression in sepsis.93 In a normal organism, there is a dynamic balance between Treg and 
Th17 cells; however, in sepsis patients, the ratio of Treg to Th17 is significantly elevated, indicating a weakened ability to 
clear pathogens and impaired immune function.94 We speculate that the roles of AKT1 and PPARG in sepsis may be 
related to the quantity and function of immune cells.

The transcription factor prediction results presented here correspond with the findings of studies on the subject. The 
aforementioned studies identified transcription factors such as TAL195 and HNF4A96 as being positively regulated by 
AKT1, which is associated with the alleviation of sepsis. Furthermore, the studies identified TFs such as CTCF97 and 
E2F198 that are associated with the promotion of sepsis development. In the present study, a selection of drugs was 
identified on the basis of their strongest interactions with AKT1 and PPARG. This selection was then subjected to 
molecular docking, with AKT1-gigantol and PPARG-echinatin proving to be the most effective. Gigantol is a benzyl 
compound extracted from various medicinal plants and has demonstrated potential anti-inflammatory properties in 
preclinical pharmacological testing systems. It effectively reduces the levels of pro-inflammatory markers and arachi
donic acid metabolites through multiple pathways such as NF-κB, AKT, PI3K, and JNK/cPLA2/12-LOX.99 Echinatin is 
a bioactive flavonoid derived from the licorice plant, widely used in traditional herbal medicine.100 In vivo experiments 
have shown that echinatin significantly inhibits the activation of the NLRP3 inflammasome and improves LPS-induced 
septic shock and dextran sulfate sodium (DSS)-induced colitis in mice.101 Besides, gigantol has been shown to alleviate 
inflammatory responses in the liver of mice,102 while echinatin has been shown to intervene in sepsis by modulating NF- 
κB and MEK/ERK signalling pathways.103 In summary, AKT1 and PPARG are potential therapeutic drugs for sepsis, and 
the specific mechanism of action still needs to be further verified in the septic model.

Our study comprehensively elucidated the functional mechanisms of the glycolysis-related biomarkers AKT1 and PPARG in 
sepsis. However, certain limitations remain in our research. Although we utilized training and validation datasets, the sample size 
was still relatively small, and future studies should expand the sample size to enhance the reliability of the results. The efficacy, 
sensitivity, specificity, and clinical performance of biomarkers need further validation in clinical samples. While we validated 
biomarker expression by establishing mouse model and through clinical samples, there is a need to increase the number of 
clinical samples for further validation. In the future, we will continue to explore the mechanisms of action of key biomarkers. 
These biomarkers have the potential to serve as crucial clues in future research, helping us further investigate the pathophysio
logical mechanisms of sepsis and providing valuable insights for clinical practice. In addition, the potential drugs targeting 
biomarkers obtained in drug prediction still need further experiments to explore their therapeutic effects on sepsis. In summary, 
this study provides a new perspective for the discovery and application of sepsis-related biomarkers, and we anticipate that it will 
have a positive impact on clinical practice in the future.
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Conclusion
In summary, by integrating multi-omics data, bioinformatics analysis, and the MR method, we successfully identified two 
promising sepsis biomarkers, namely AKT1 and PPARG. These findings not only provide potential targets for the early diagnosis 
and personalized treatment of sepsis but also lay the foundation for understanding the molecular mechanisms underlying sepsis.
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