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[ Abstract] Objective To explore the mechanism and key genes involved in glucose metabolism in ischemic stroke
(IS) based on weighted gene co—expression network analysis (WGCNA) and machine learning. Methods The experiment was
conducted from November 2022 to June 2023. The IS chip dataset GSE16561 was downloaded from the GEO database GPL6883
platform, which included the total RNA expression profile data of peripheral blood of 39 IS patients (IS group) and 24 healthy
subjects (control group) . The total RNA expression profile data were preprocessed, and the genes in the module with the strongest
correlation with the IS group were screened based on WGCNA. These genes were intersected with genes with correlation scores

> 5 in the GeneCards database to obtain the genes related to glucose metabolism and gene ontology (GO) functional enrichment
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analysis was performed on them. Based on protein—protein interaction (PPI) network analysis, machine learning methods [random
forest (RF) and support vector machine—recursive feature elimination (SVM-RFE) algorithm] were used to screen key genes
in glucose metabolism. The expression levels of key genes in glucose metabolism were compared between the IS group and the
control group in GSE16561. ROC curve of key genes in glucose metabolism in diagnosing IS was drawn, and area under the
curve (AUC) was used to evaluate their diagnostic efficacy. Results A total of 11 gene co—expression modules were obtained by
WGCNA, among which the brown module had the strongest correlation with the IS group (r=0.56, P=2 x 10™°) , containing a total of
461 genes. There were 2 386 genes with correlation score > 5 in GeneCards database, and 85 genes related to glucose metabolism
were obtained by intersected with brown module genes. The results of GO functional enrichment analysis showed that the genes
related to glucose metabolism were mainly involved in biological processes (BP) , such as peptide response, peptide hormone
response and cellular carbohydrate metabolism, cell components (CC) , such as fibrinosin-rich granules, secretory granules and
cytoplasmic vesicle cavities, and molecular functions (MF) , such as ubiquitin-like protein ligase binding, phosphoprotein binding
and protease binding. PPI network analysis results showed that a core module containing 12 genes was obtained. RF algorithm
analysis results showed that the top 12 important genes were MMP9, STAT3, ITGAM, NFKB1, TLR2, MYDS88, STATSA, TLR4,
SYK, LYN, CEBPB and MAPK3. The analysis results of SVM-RFE algorithm showed that four key genes were obtained, namely
MMP9, STAT3, ITGAM and TLR2. The intersection of key genes obtained by RF algorithm and SVM-RFE algorithm was used to
obtain 4 key genes of glucose metabolism, namely MMP9, STAT3, ITGAM and TLR2. The expressions of MMP9, STAT3, ITGAM
and TLR2 in IS group were higher than those in control group (P < 0.05) . The ROC curve analysis results showed that the AUC of
MMP9, STAT3, ITGAM, and TLR2 for diagnosing IS was 0.855 [95%CI (0.762-0.948) |, 0.872 [95%CI (0.784-0.960) ], 0.842
[95%CI (0.747-0.936) ], and 0.829 [95%CI (0.727-0.931) |, respectively. Conclusion Glucose metabolism related genes are
mainly involved in the occurrence and development of IS by influencing inflammation and oxidative stress, and MMP9, STAT3,
ITGAM, TLR2 are key genes for glucose metabolism, which can provide new ideas for the research on glucose metabolism involved
inIS.
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Figure 1  Soft threshold selection
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