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This study explores the differential expression of inflammation and iron metabolism-related genes 
(IIMRDEGs) in Ischemic Stroke (IS), a major contributor to global morbidity and mortality. Using the 
Gene Expression Omnibus (GEO) query tool, we integrated gene expression datasets GSE22255 and 
GSE16561. We identified 56 differentially expressed genes (DEGs), including 42 that were upregulated 
and 14 downregulated, according to criteria of |logFC| > 0.5 and p < 0.05. An intersection with known 
IIMRDEGs revealed 16 genes with significant relevance to IS, such as SLC22A4 and DUSP1. Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses indicated 
that these genes are mainly involved in leukocyte chemotaxis and responses to bacterial molecules, 
in addition to IL-17 and TNF signaling pathways. A protein-protein interaction (PPI) network of 12 
IIMRDEGs identified 8 hub genes, including IL7R and ADM, which exhibited significant expression 
differences (p < 0.001) and potential diagnostic utility with AUC values between 0.7 and 0.9 in ROC 
curve analysis. Furthermore, immune infiltration analysis showed notable differences in 7 immune 
cell types between IS and control samples. Our findings advance the understanding of ischemic stroke 
mechanisms and present potential biomarkers for improving diagnosis and therapeutic strategies.
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IS is a major cause of mortality and long-term disability globally, significantly burdening healthcare systems and 
societies. It accounts for approximately 87% of all stroke cases worldwide, affecting millions of individuals each 
year. The pathophysiology of IS involves the obstruction of blood flow to the brain, primarily due to thrombosis 
or embolism, resulting in neuronal injury and death1. Various risk factors are associated with IS, including 
hypertension, diabetes, atrial fibrillation, and hyperlipidemia2. Despite advancements in acute management and 
secondary prevention, the recurrence rate of IS remains high, highlighting the urgent need for further research 
into its underlying mechanisms and potential therapeutic targets3. Current treatment options for ischemic 
stroke include intravenous thrombolysis and mechanical thrombectomy. However, thrombolysis is limited by a 
narrow therapeutic window and carries a risk of bleeding, while thrombectomy necessitates specialized facilities. 
Moreover, existing preventive measures do not completely eliminate the risk of recurrence, underscoring the 
need for new therapeutic approaches.

Inflammation and iron metabolism have emerged as critical factors in the pathogenesis of IS. Inflammatory 
processes play a pivotal role in the onset and progression of IS, contributing to endothelial dysfunction, plaque 
instability, and thrombus formation4. Key inflammatory markers such as C-reactive protein (CRP), interleukins, 
and tumor necrosis factor-alpha (TNF-α) have been implicated in IS, with elevated levels correlating with worse 
outcomes5. Similarly, iron metabolism is intricately linked to oxidative stress and neuroinflammation in IS. 
Dysregulation of iron homeostasis lead to the generation of reactive oxygen species (ROS), exacerbating neuronal 
damage and promoting inflammatory responses6. Studies have shown that iron-related proteins, including 
ferritin, transferrin, and hepcidin, are altered in IS patients, suggesting their potential role as biomarkers and 
therapeutic targets7.

IIMRDEGs have garnered attention for their involvement in IS. Genes such as HAMP (hepcidin antimicrobial 
peptide), FTH1 (ferritin heavy chain), and TF (transferrin) are crucial regulators of iron metabolism and 
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have been found to be differentially expressed in IS8. Additionally, genes encoding inflammatory cytokines 
and chemokines, such as IL6 (interleukin 6), TNF (tumor necrosis factor), and CCL2 (C-C motif chemokine 
ligand 2), are upregulated in IS, further highlighting the interplay between inflammation and iron metabolism 
in this condition9. Understanding the differential expression of these genes in IS could provide insights into 
the molecular mechanisms driving the disease and identify novel targets for therapeutic intervention10.Despite 
identifying key IIMRDEGs involved in IS, the precise molecular mechanisms and their interconnected roles 
in disease progression remain poorly understood. Therefore, this study aims to elucidate these interactions to 
identify potential therapeutic targets for intervention.

Given the critical role of inflammation and iron metabolism in IS, this study aims to investigate the differential 
expression of IIMRDEGs in IS and elucidate their potential mechanisms in disease progression. We will utilize 
public gene expression datasets from the GEO database, specifically GSE22255 and GSE16561, to analyze the 
expression profiles of IIMRDEGs in IS patients. By employing advanced bioinformatics tools and statistical 
methods, we will identify key DEGs and perform functional enrichment analyses to uncover the biological 
pathways involved. Additionally, we will construct PPI networks and regulatory networks to identify hub genes 
and their interactions with transcription factors and microRNAs (miRNAs). The findings from this study could 
enhance our understanding of IS pathogenesis and pave the way for the development of targeted therapies aimed 
at modulating inflammation and iron metabolism in IS.

Results
Technology roadmap (Fig. 1)
To provide a clearer description of the entire research process, we have included a technical roadmap in Fig. 1. 
This study integrated the GSE22255 and GSE16561 datasets and utilized the sva package to remove batch 
effects. Subsequently, we employed the limma package for differential analysis and identified IIMRDEGs. To 
further explore the biological functions of these genes, we conducted GO and KEGG enrichment analyses and 
constructed a PPI network using the STRING database. Additionally, GSEA analysis revealed key signaling 
pathways, while ROC curve analysis assessed the diagnostic value of the genes. The CIBERSORT algorithm was 
used to analyze immune cell infiltration. Finally, we constructed a regulatory network to clarify the regulatory 
roles of key genes. This technical roadmap ensures the systematic and scientific nature of the study, providing a 
reliable basis for exploring potential biomarkers and mechanisms related to ischemic stroke.

Merging of cerebral infarction datasets
The R package sva was used to remove batch effects from the IS datasets GSE22255 and GSE16561, resulting in 
a combined GEO datasets. Subsequently, distribution boxplots (Fig. 2A-B) were created to compare expression 
values before and after batch effect removal. Additionally, PCA (Principal Component Analysis) plots (Fig. 2C-
D) were generated to assess the distribution of low-dimensional features. The results of both the boxplot and 
PCA demonstrated that the batch effects in the IS datasets were largely eliminated after applying the correction.

Cerebral infarction-related inflammation and iron metabolism related differentially 
expressed genes
The data from the combined GEO datasets were divided into IS samples and control samples, respectively. To 
analyze the differences in gene expression values between the IS samples and control samples in the combined 
GEO datasets, the R package limma was used for differential analysis. This analysis yielded a total of 56 DEGs 
in the integrated GEO datasets (combined datasets) that met the thresholds of |logFC| > 0.5 and p < 0.05. Under 
these criteria, there were 42 upregulated genes (logFC > 0.5 and p < 0.05) and 14 downregulated genes (logFC < 
-0.5 and p < 0.05). A volcano plot was created based on the differential analysis results of this dataset (Fig. 3A).

In order to obtain the IIMRDEGs, all the previously obtained DEGs with |logFC| > 0.5 and p < 0.05 were 
compared with the IIMRGs using a Venn diagram (Fig. 3B). A total of 16 IIMRDEGs were identified, which 
included SLC22A4, DUSP1, MXD1, SLC2A3, C5AR1, ADM, MMP9, PTGS2, ACSL1, CA1, XK, LCN2, IL1B, 
CCR7, IL7R, and HLA-DQB1. According to the intersection results, the expression differences of IIMRDEGs 
between different sample groups in the combined GEO datasets were analyzed, and the R package pheatmap was 
used to create a heatmap to display the analysis results (Fig. 3C).

GO and KEGG enrichment analysis
GO and KEGG enrichment analyses were used to further explore the relationship between the biological 
process (BP), cellular component (CC), molecular function (MF), and biological pathways (KEGG) of the 16 
identified differentially expressed genes (IIMRDEGs) and IS. The 16 IIMRDEGs were analyzed for GO and 
KEGG enrichment, and the specific results are shown in Table 1. The results indicated that the 16 IIMRDEGs 
were primarily enriched in the following biological processes: leukocyte chemotaxis, response to molecules of 
bacterial origin, leukocyte migration, cell chemotaxis, response to glucocorticoids, and others (BP); in cellular 
components, they were enriched in specific granules, secretory granule lumen, cytoplasmic vesicle lumen, vesicle 
lumen, and specific granule lumen (CC); and in molecular functions, they included hydrolase activity acting on 
carbon-nitrogen (but not peptide) bonds, linear amidines, carbonate dehydratase activity, hydro-lyase activity, 
immune receptor activity, carbon-oxygen lyase activity, and others (MF). Additionally, they were enriched in the 
IL-17 signaling pathway, Leishmaniasis, TNF signaling pathway, Coronavirus disease (COVID-19), fluid shear 
stress, and atherosclerosis (KEGG). The results of the GO and KEGG enrichment analyses were visualized using 
bar and bubble plots (Fig. 4A-B).

At the same time, the network diagram of BP, CC, MF, KEGG was drawn according to GO and KEGG 
enrichment analysis (Fig.  4C-F). The lines show the corresponding molecules and the annotations of the 
corresponding entries, and the larger the nodes, the more molecules contained in each entry.
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Fig. 1.  Flow Chart for the Comprehensive Analysis of IIMRDEGs. IS, Ischemic Stroke; GSEA, Gene Set 
Enrichment Analysis; DEGs, Differentially Expressed Genes; IRGs, Inflammatory-Related Genes; IMRGs, 
Iron-Metabolism-Related Genes; IIMRGs, Inflammatory&Iron-Metabolism-Related Genes; GO, Gene 
Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes; IIMRDEGs, Inflammatory&Iron-Metabolism-
Related Differentially Expressed Genes; PPI, Protein-Protein Interaction Network; ROC, Receiver Operating 
Characteristic; TF, Transcription Factor.
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Gene set enrichment analysis (GSEA)
To determine the impact of expression levels of all genes in the integrated GEO datasets (combined datasets) 
on IS, GSEA was used to investigate the expression of all genes and the biological processes involved in the 
integrated GEO datasets. The link between the affected cellular components and the molecular functions 
involved is illustrated in (Fig. 5A), with detailed results shown in Table 2. The results indicated that all genes in 
the combined GEO datasets were significantly enriched in the NF-κB activation through FADD-RIP1 pathway 
mediated by caspase 8 and 10 (Fig. 5B), TRAF6-mediated NF-κB activation (Fig. 5C), NF-κB pathway (Fig. 5D), 
NF-κB canonical pathway (Fig. 5E), and other biologically relevant functions and signaling pathways.

Construction of PPI network and screening of hub genes
A PPI network of 16 IIMRDEGs was constructed using the STRING database (Fig.  6A). The results of the 
PPI network showed that 12 IIMRDEGs were related, namely: DUSP1, C5AR1, ADM, MMP9, PTGS2, CA1, 
XK, LCN2, IL1B, CCR7, IL7R, and HLA-DQB1. Subsequently, the scores of the 12 IIMRDEGs were calculated 
using the five algorithms from the CytoHubba plug-in of Cytoscape software, and the IIMRDEGs were ranked 
according to their scores. The five algorithms were as follows: Maximal Clique Centrality (MCC), Density 
of Maximum Neighborhood Component (DMNC), Degree, Closeness, and Betweenness. Then, the top 10 
IIMRDEGs from the five algorithms were used to draw the PPI network, which included the following: MCC 
(Fig.  6B), DMNC (Fig.  6C), Degree (Fig.  6D), Closeness (Fig.  6E), and Betweenness (Fig.  6F). The color of 

Fig. 2.  Batch Effects Removal of GSE22255 and GSE16561. (A) Box plot of Combined GEO Datasets 
distribution before batch removal. (B) Post-batch integrated GEO datasets (combined datasets) distribution 
box plots. (C) PCA plot of the datasets before debatching. (D) Go to the PCA map of the combined GEO 
datasets after batch processing. PCA, Principal Component Analysis; IS, Ischemic Stroke. GSE16561 is the IS 
dataset in light green, and GSE22255 is the IS dataset in light brown.
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the circles ranges from red to yellow, representing ratings from high to low. Finally, the intersection of the 
genes identified by the five algorithms was taken, and a Venn diagram (Fig. 6G) was created for analysis. The 
intersecting genes from the algorithms were identified as hub genes of IS, and the eight hub genes were: IL7R, 
LCN2, HLA-DQB1, ADM, PTGS2, IL1B, DUSP1, and MMP9.

The interaction network of the 8 hub genes and their functionally similar genes (Fig.  6H) was predicted 
and constructed using the GeneMANIA website. The lines with different colors represent the co-expression 
and shared protein domains and other information between them. Among them, there are 8 hub genes and 20 
functionally similar proteins. The detailed information is shown in Table S2.

Construction of regulatory network
Firstly, the transcription factors (TFs) that bind to hub genes were obtained from the ChIPBase database, and 
the mRNA-TF regulatory network was constructed and visualized using Cytoscape software (Fig. 7A). Among 
them, there were 5 IIMRDEGs and 32 TFs. The specific information is provided in Table S3.

Fig. 3.  Differential Gene Expression Analysis. (A) Volcano plot of differentially expressed gene analysis of IS 
samples and control samples in the combined GEO datasets. (B) Venn diagram of DEGs and IIMRGs in the 
integrated GEO datasets (combined datasets). (C) Heatmap of IIMRDEGs in the integrated GEO datasets 
(combined datasets). IS, ischemic stroke; DEGs, differentially expressed genes; IIMRGs, inflammation and 
iron metabolism-related genes; IIMRDEGs, inflammation and iron metabolism-related differentially expressed 
genes. IS samples are shown in orange, and control samples are shown in light gray. In the heatmap, red 
represents high expression and blue represents low expression.
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Then, the miRNAs related to the hub genes were obtained from the TarBase database, and the mRNA-miRNA 
regulatory network was constructed and visualized using Cytoscape software (Fig. 7B). Among them, there were 
4 hub genes and 30 miRNAs, with the specific information shown in Table S4.

Differential expression verification and ROC curve analysis of hub genes
To explore the expression differences of hub genes in the combined GEO datasets, the group comparison figure 
(Fig. 8A) presents the analysis results of the expression levels of eight hub genes in IS samples compared to 
control samples in the integrated GEO datasets. The differential results showed (Fig. 8A) that the expression 
levels of five hub genes in IS samples and control samples of the combined GEO datasets were highly statistically 
significant (p < 0.001). These genes are: ADM, DUSP1, IL7R, MMP9, and PTGS2. Two hub genes with statistically 
significant expression (p < 0.01) in IS samples compared to control samples in the combined GEO datasets were 
HLA-DQB1 and LCN2. The expression of IL1B in IS samples and control samples in the combined GEO datasets 
was statistically significant (p < 0.05).

Finally, the R package pROC was used to draw ROC curves based on the expression levels of hub genes in the 
integrated GEO datasets (combined datasets). The ROC curves (Fig. 8B-E) showed that the expression levels of 
the hub genes IL7R, ADM, DUSP1, and MMP9 demonstrated certain accuracy in the classification of IS samples 
and control samples (0.7 < AUC < 0.9). In contrast, the expression levels of LCN2, HLA-DQB1, PTGS2, and IL1B 
displayed low accuracy (0.5 < AUC < 0.7) in the classification of IS samples and control samples.

Immune infiltration analysis of cerebral infarction (CIBERSORT)
The infiltration abundance of 22 immune cells in the combined GEO datasets was calculated using the 
CIBERSORT algorithm. According to the results of the immune infiltration analysis, a bar chart showing the 
proportion of immune cells in the integrated GEO datasets was created (Fig.  9A). Group comparison plots 
(Fig. 9B) were then used to illustrate the differences in immune cell infiltration abundance between IS samples 
and control samples in the integrated GEO datasets. The results indicated that the expression levels of seven 
immune cells in IS samples and control samples were statistically significant (p < 0.05) in the combined datasets, 
including: immature dendritic cells, neutrophils, M0 macrophages, CD8 T cells, monocytes, gamma-delta T 
cells, and activated dendritic cells.

Next, the correlation results of the infiltration abundance of these seven immune cells in the immune 
infiltration analysis were displayed using a correlation heat map (Fig. 9C). The results showed that neutrophils 
and M0 macrophages exhibited the greatest positive correlation (r = 0.363), while neutrophils and CD8 T cells 
showed the greatest negative correlation (r = -0.466).

Finally, correlation bubble plots were used to demonstrate the relationship between hub genes and immune 
cell infiltration abundance in the combined GEO datasets (Fig. 9D). The results of the correlation bubble map 
indicated a significant positive correlation between the hub gene MMP9 and the immune cells (M0 macrophages) 

ONTOLOGY ID Description GeneRatio BgRatio p value p.adjust q value

BP GO:0030595 Leukocyte chemotaxis 8/51 236/18,800 2.19016E-07 0.000360943 0.000241429

BP GO:0002237 Response to molecule of bacterial origin 9/51 354/18,800 4.07384E-07 0.000360943 0.000241429

BP GO:0050900 Leukocyte migration 9/51 384/18,800 8.03477E-07 0.000474587 0.000317444

BP GO:0060326 Cell chemotaxis 8/51 315/18,800 1.93458E-06 0.000711702 0.000476046

BP GO:0051384 Response to glucocorticoid 6/51 139/18,800 2.00819E-06 0.000711702 0.000476046

CC GO:0042581 Specific granule 11/52 160/19,594 3.44322E-13 4.09743E-11 2.86331E-11

CC GO:0034774 Secretory granule lumen 12/52 322/19,594 3.62506E-11 1.2893E-09 9.00972E-10

CC GO:0060205 Cytoplasmic vesicle lumen 12/52 325/19,594 4.03646E-11 1.2893E-09 9.00972E-10

CC GO:0031983 Vesicle lumen 12/52 327/19,594 4.33379E-11 1.2893E-09 9.00972E-10

CC GO:0035580 Specific granule lumen 7/52 62/19,594 2.68005E-10 6.37851E-09 4.45734E-09

MF GO:0016813 Hydrolase activity, acting on carbon-nitrogen 
(but not peptide) bonds, in linear amidines 2/51 10/18,410 0.000333812 0.034002352 0.027532269

MF GO:0004089 Carbonate dehydratase activity 2/51 14/18,410 0.000670271 0.034002352 0.027532269

MF GO:0016836 Hydro-lyase activity 3/51 64/18,410 0.000740767 0.034002352 0.027532269

MF GO:0140375 Immune receptor activity 4/51 148/18,410 0.000747304 0.034002352 0.027532269

MF GO:0016835 Carbon-oxygen lyase activity 3/51 79/18,410 0.001365548 0.049705939 0.040247723

KEGG hsa04657 IL-17 signaling pathway 5/31 94/8164 2.43792E-05 0.003388702 0.002899836

KEGG hsa05140 Leishmaniasis 4/31 77/8164 0.000189729 0.013186145 0.011283865

KEGG hsa04668 TNF signaling pathway 4/31 112/8164 0.000793696 0.036774583 0.031469352

KEGG hsa05171 Coronavirus disease - COVID-19 5/31 232/8164 0.00164807 0.042433213 0.036311648

KEGG hsa05418 Fluid shear stress and atherosclerosis 4/31 139/8164 0.001771832 0.042433213 0.036311648

Table 1.  Result of GO and KEGG enrichment analysis for IIMRDEGs. GO, Gene Ontology; BP, Biological 
Process, CC, Cellular Component, MF, Molecular Function,  KEGG, Kyoto Encyclopedia of Genes and 
Genomes, IIMRDEGs, Inflammatory&Iron-metabolism-Related Differentially Expressed Genes.
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Fig. 4.  GO and KEGG Enrichment Analysis for IIMRDEGs. (A) Bar graph of GO and KEGG enrichment 
analysis results of IIMRDEGs : BP, CC, MF and KEGG. B. Bubble diagram of GO and KEGG enrichment 
analysis results of IIMRDEGs : BP, CC, MF and KEGG. GO terms and KEGG terms are shown on the ordinate. 
C-F. GO and KEGG enrichment analysis results of IIMRDEGs: BP (C), CC (D), MF (E) and KEGG (F). 
Yellow nodes represent items, blue nodes represent molecules, and the lines represent the relationship between 
items and molecules. The bubble size in the bubble plot represents the number of genes, while the color of the 
bubbles indicates the size of the p value. Redder colors correspond to smaller p values, whereas bluer colors 
correspond to larger p values. The screening criteria for GO and KEGG enrichment analysis were p value < 0.05 
and FDR (q value) < 0.25, with the p value correction method being Benjamini-Hochberg (BH).
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(r = 0.535, p < 0.05). There was also a significant negative correlation between the hub gene MMP9 and resting 
dendritic cells (r = -0.573, p < 0.05).

Discussion
IS stands as a major cause of death and long-term disability globally, with an estimated incidence rate of around 
15 million cases annually and a mortality rate of approximately 11% within the first 30 days. This highlights 
the urgent need for research into its underlying mechanisms and potential therapeutic targets. Recent studies 
have emphasized the critical roles of inflammation and iron metabolism in the pathophysiology of IS11; yet, 
specific molecular mechanisms and potential biomarkers remain inadequately explored. Addressing these gaps, 
our study aimed to identify DEGs related to these pathways in IS, thereby contributing to a better understanding 
of the disease and the identification of new diagnostic targets.

In our study, we identified 16 DEGs linked to inflammation and iron metabolism in IS. Through integrative 
analyses, including GO and KEGG enrichment, we found that these DEGs participate in essential biological 
processes and pathways such as immune response, oxidative stress, and iron homeostasis. Our findings align with 
previous research that highlights the roles of inflammatory mediators and iron-related genes in IS12. To further 
explore the interactions among these identified genes, we constructed a PPI network using the CytoHubba 
plugin. This analysis revealed eight hub genes, including IL7R and ADM, which showed statistically significant 
expression differences in the integrated GEO datasets. The diagnostic potential of these hub genes was validated 
through ROC curve analysis, which produced AUC values ranging from 0.7 to 0.9, suggesting their potential as 
biomarkers for IS.

We conducted a differential expression analysis of GEO datasets and identified 56 genes that met the criteria 
of |logFC| > 0.5 and p-value < 0.05. Notably, 16 of these DEGs are involved in inflammation and iron metabolism, 
such as SLC22A4, DUSP1, MXD1, and IL1B.

SLC22A4, also known as OCTN1, is an organic cation transporter linked to various autoimmune diseases. 
Numerous studies have established associations between polymorphisms in SLC22A4 and conditions such 
as rheumatoid arthritis (RA) and Crohn’s disease (CD) across diverse populations13,14. Notably, an intronic 
SNP within a RUNX1 binding site of SLC22A4 has been recognized as a significant genetic risk factor for RA, 

Fig. 5.  GSEA for Combined Datasets. (A) GSEA mountain map presentation of biological functions in the 
combined GEO datasets. B-E. GSEA showed that all genes were significantly enriched in NF-κB activation 
through the FADD-RIP1 pathway mediated by caspase 8 and 10 (B), TRAF6-mediated NF-κB activation (C), 
the NF-κB pathway (D), and the NF-κB canonical pathway (E). The screening criteria for GSEA were p < 0.05 
and FDR (q-value) < 0.25, with the p-value correction method being Benjamini-Hochberg (BH).
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particularly in the Japanese population15. Furthermore, SLC22A4 is highly expressed in inflammatory tissues, 
suggesting its involvement in immune responses. In the context of IS, recent studies have identified SLC22A4 
as an immune-related signature gene, with increased expression observed in astrocytes within affected brain 
regions16. This aligns with our findings, which indicate that SLC22A4 contributes to the inflammatory processes 
following IS, potentially positioning it as a promising therapeutic target for modulating immune responses to 
improve patient outcomes. Additionally, we are investigating SLC22A4’s role in iron metabolism, given that 
iron homeostasis is vital for neuronal function and survival after a stroke. Our study not only corroborates 
previous research but also highlights the significance of SLC22A4 in understanding the molecular mechanisms 
underlying IS.

The identified DEGs warrant further exploration into their specific expression patterns across various tissues or 
cell types. For instance, genes such as IL1B and MMP9 are well-known for their roles in inflammatory responses, 
particularly in neuronal tissues during ischemic conditions17. Understanding whether these genes show varied 
expression in glial cells versus neurons could elucidate their distinct contributions to neuroinflammation. 
Additionally, identifying tissue-specific expression profiles help in pinpointing the cellular sources of these 
inflammatory mediators, further unraveling their roles in the pathophysiology of cerebral ischemia18.

Studies have shown that the immediate response to ischemia involves a surge in inflammatory cytokines, 
followed by a more complex regulatory network as the condition progresses19. Investigating how the expression 
levels of our identified DEGs evolve over time could provide insights into their functional relevance at different 
stages of disease progression. For example, while some genes play a role in early inflammatory responses, others 
be more involved in the later stages of recovery or secondary injury20.

The possibility of utilizing these DEGs as potential biomarkers for early diagnosis and prognosis in ischemic 
stroke is a promising avenue for future research. The identification of specific genes that reliably indicate the onset 

ID Description setSize
Enrichment 
Score NES pvalue p.adjust qvalue

WP_PHOTODYNAMIC_THERAPYINDUCED_NFKB_
SURVIVAL_SIGNALING

WP_PHOTODYNAMIC_
THERAPYINDUCED_NFKB_
SURVIVAL_SIGNALING

34 0.72750833 2.220565891 9.94639E-07 4.77626E-05 3.26242E-05

WP_QUERCETIN_AND_NFKB_AP1_INDUCED_
APOPTOSIS

WP_QUERCETIN_AND_
NFKB_AP1_INDUCED_
APOPTOSIS

14 0.798778131 1.997676573 0.000131818 0.002138475 0.001460683

WP_PHOTODYNAMIC_THERAPYINDUCED_NFE2L2_
NRF2_SURVIVAL_SIGNALING

WP_PHOTODYNAMIC_
THERAPYINDUCED_NFE2L2_
NRF2_SURVIVAL_SIGNALING

21 0.622249388 1.687272727 0.008808603 0.041352613 0.02824585

PID_NFKAPPAB_CANONICAL_PATHWAY PID_NFKAPPAB_
CANONICAL_PATHWAY 20 0.622326066 1.674035783 0.010242821 0.045852593 0.031319555

BIOCARTA_NFKB_PATHWAY BIOCARTA_NFKB_PATHWAY 18 0.627968408 1.656189124 0.015533778 0.061343094 0.041900323

REACTOME_TRAF6_MEDIATED_NF_KB_ACTIVATION
REACTOME_TRAF6_
MEDIATED_NF_KB_
ACTIVATION

21 0.600226735 1.627556762 0.01706623 0.06619712 0.045215859

REACTOME_NF_KB_ACTIVATION_THROUGH_FADD_
RIP_1_PATHWAY_MEDIATED_BY_CASPASE_8_AND_10

REACTOME_NF_KB_
ACTIVATION_THROUGH_
FADD_RIP_1_PATHWAY_
MEDIATED_BY_CASPASE_8_
AND_10

12 0.675082232 1.60772532 0.030255904 0.096217782 0.065721434

PID_NFAT_TFPATHWAY PID_NFAT_TFPATHWAY 42 0.450446712 1.432931689 0.047023233 0.134728856 0.092026374

REACTOME_TNFR2_NON_CANONICAL_NF_KB_
PATHWAY

REACTOME_TNFR2_NON_
CANONICAL_NF_KB_
PATHWAY

90 -
0.413154109

-
1.508585909 0.009786732 0.044503682 0.030398183

REACTOME_FCERI_MEDIATED_NF_KB_ACTIVATION
REACTOME_FCERI_
MEDIATED_NF_KB_
ACTIVATION

70 -
0.435252975

-
1.524881124 0.013156459 0.054936796 0.037524509

REACTOME_DECTIN_1_MEDIATED_
NONCANONICAL_NF_KB_SIGNALING

REACTOME_
DECTIN_1_MEDIATED_
NONCANONICAL_NF_KB_
SIGNALING

55 -
0.515096862

-
1.716037549 0.001310976 0.010967436 0.007491293

REACTOME_AKT_PHOSPHORYLATES_TARGETS_IN_
THE_CYTOSOL

REACTOME_AKT_
PHOSPHORYLATES_
TARGETS_IN_THE_CYTOSOL

14 0.699240003 1.74874013 0.005624151 0.030977057 0.021158839

WP_PI3KAKTMTOR_SIGNALING_PATHWAY_AND_
THERAPEUTIC_OPPORTUNITIES

WP_PI3KAKTMTOR_
SIGNALING_PATHWAY_
AND_THERAPEUTIC_
OPPORTUNITIES

24 0.53740902 1.517503851 0.039532177 0.116462279 0.079549412

WP_FOCAL_ADHESION_PI3KAKTMTORSIGNALING_
PATHWAY

WP_FOCAL_ADHESION_
PI3KAKTMTORSIGNALING_
PATHWAY

277 0.34619082 1.472749614 0.001591233 0.012652235 0.008642093

WP_HOSTPATHOGEN_INTERACTION_OF_HUMAN_
CORONAVIRUSES_MAPK_SIGNALING

WP_HOSTPATHOGEN_
INTERACTION_OF_HUMAN_
CORONAVIRUSES_MAPK_
SIGNALING

33 0.686264529 2.08767977 1.31134E-05 0.000372041 0.000254122

Table 2.  Results of GSEA for combined datasets. GSEA, Gene Set Enrichment Analysis.
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of stroke or predict outcomes could revolutionize clinical approaches. For example, elevated levels of certain 
inflammatory markers have been associated with poorer prognoses in stroke patients21. Therefore, analyzing the 
expression levels of our identified DEGs in patient samples could validate their utility as biomarkers, ultimately 
aiding in timely interventions and tailored therapeutic strategies.

Fig. 6.  PPI Network and hub genes Analysis. PPI network of IIMRDEGs calculated from the STRING 
database (A). (B–F) The PPI network of the top 10 IIMRDEGs, calculated using five algorithms from the 
CytoHubba plug-in, including Maximal Clique Centrality (MCC) (B), Density of Maximum Neighborhood 
Component (DMNC) (C), Degree (D), Closeness (E), and Betweenness (F). G. Venn diagram of the top 
10 IIMRDEGs from the five algorithms of the CytoHubba plug-in. H. GeneMANIA website predicts the 
interaction network of the eight hub genes with similar functions. The circles in the figure represent the hub 
genes and genes with similar functions, while the colors corresponding to the lines indicate the interconnected 
functions.
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The enrichment analysis of 16 DEGs related to IIMRDEGs in IS showed significant involvement in key 
biological processes and pathways, including leukocyte chemotaxis, response to bacterial molecules, and the IL-
17 and TNF signaling pathways. These pathways are crucial for understanding the mechanisms of inflammation 
and immune response in ischemic stroke.

Fig. 8.  Differential Expression Validation and ROC Curve Analysis. (A) Group comparison plots of hub 
genes in IS samples and control samples from the combined GEO datasets. ROC curves for hub genes IL7R 
and LCN2 (B), HLA-DQB1 and ADM (C), PTGS2 and IL1B (D), and DUSP1 and MMP9 (E) in the integrated 
GEO datasets (combined datasets) are displayed. The symbols denote statistical significance: * indicates 
p < 0.05 (statistically significant); ** represents p < 0.01 (highly statistically significant); and *** represents 
p < 0.001 (very highly statistically significant). When AUC > 0.5, it indicates that the expression of the molecule 
is trending towards promoting the occurrence of the event, and the closer the AUC is to 1, the better the 
diagnostic effect. AUC demonstrates low accuracy in the range of 0.5 to 0.7, and moderate accuracy in the 
range of 0.7 to 0.9. TPR, true positive rate; FPR, false positive rate. Light gray represents control samples, while 
orange represents IS samples.

 

Fig. 7.  Regulatory Network of IIMRDEGs. (A) mRNA-TF Regulatory Network of hub genes. (B) mRNA-
miRNA Regulatory Network of hub genes. Orange is mRNA, green is TF, and blue is miRNA.
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The IL-17 signaling pathway plays a key role in the pathogenesis of ischemic stroke by mediating 
inflammation. IL-17 A, a pro-inflammatory cytokine predominantly produced by Th17 cells, has been shown to 
exacerbate brain injury by promoting the infiltration of neutrophils and the release of other pro-inflammatory 
cytokines22. Studies have shown that IL-17 A is involved in both the acute and chronic phases of ischemic stroke, 
contributing to neuronal damage and impairing recovery23. Furthermore, the IL-17 signaling pathway has 
been implicated in the regulation of astrocytic responses post-stroke, which are critical for neurogenesis and 
synaptic plasticity24.Similarly, the TNF signaling pathway is another critical inflammatory pathway activated 

Fig. 9.  Combined Datasets Immune Infiltration Analysis by CIBERSORT Algorithm. (A,B) The proportion of 
immune cells in the integrated GEO datasets is shown in a bar graph (A) and a group comparison graph (B). 
(C) Correlation heatmap of immune cell infiltration abundance in the integrated GEO datasets. (D) Bubble 
plot illustrating the correlation between hub genes and immune cell infiltration abundance in the integrated 
GEO datasets. The symbols indicate statistical significance: * represents p < 0.05 (statistically significant); 
** represents p < 0.01 (highly statistically significant); and *** represents p < 0.001 (very highly statistically 
significant). An absolute value of the correlation coefficient (r) below 0.3 indicates weak or no correlation, 
while a correlation between 0.5 and 0.8 is considered moderate. IS samples are depicted in orange, and control 
samples are shown in light gray. Blue indicates negative correlation, while red indicates positive correlation, 
with color depth representing the strength of the correlation.
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in IS. TNF-α, a central cytokine in this pathway, is known to induce apoptosis and exacerbate inflammation, 
thereby contributing to the extent of brain damage following an ischemic event25. The pathway’s activation leads 
to the upregulation of various inflammatory mediators, including interleukins and chemokines, which further 
propagate the inflammatory response26.

Identifying these pathways highlights the need to focus on inflammatory processes when managing IS. 
Therapeutic strategies that adjust IL-17 and TNF signaling reduce inflammatory damage. This could lead to 
better outcomes for IS patients. For example, interventions that block IL-17 A or its receptor have shown promise 
in reducing infarct size and enhancing neurological function in preclinical stroke models27. Similarly, researchers 
are investigating TNF-α inhibitors for their potential neuroprotective effects in stroke therapy28. The presence 
of IIMRDEGs in the IL-17 and TNF signaling pathways emphasizes the significant role that inflammation plays 
in IS29. Understanding these pathways provides valuable insights into the molecular mechanisms driving IS and 
opens up new avenues for therapeutic intervention aimed at modulating inflammatory responses to improve 
patient outcomes.

From the PPI network, we identified eight hub genes: IL7R, LCN2, HLA-DQB1, ADM, PTGS2, IL1B, 
DUSP1, and MMP9. These genes serve as critical nodes within the network and indicate their roles as important 
regulatory molecules in IS. Previous studies have established connections between several of these hub genes 
and IS. For instance, IL1B has been recognized for its involvement in the inflammatory response following 
ischemic events, linking it to neuronal damage and recovery30. Likewise, DUSP1, a dual specificity phosphatase, 
modulates MAPK pathways, which play a key role in cellular responses to stress and inflammation; it has 
also been associated with protective effects during cerebral ischemia31. Moreover, PTGS2, as a key enzyme in 
prostaglandin synthesis, is frequently upregulated in IS and contributes to the inflammatory cascade following 
ischemic injury32. Our findings not only support the existing literature connecting these hub genes to IS but also 
underscore their potential significance as therapeutic targets, enhancing our understanding of the molecular 
mechanisms underlying the disease.

We analyzed the interactions among the identified hub genes and found that many of them directly interact 
and share regulatory targets. For instance, IL7R and IL1B modulate lymphocyte activation and differentiation, 
potentially enhancing the immune response during a stroke33. Additionally, LCN2 regulates MMP9 
expression, linking iron metabolism to matrix remodeling crucial for the post-stroke inflammatory response34. 
These interactions illustrate a complex regulatory network where hub genes collaboratively influence the 
pathophysiology of IS. These hub genes are considered core nodes due to their significant roles in key biological 
processes; for example, IL7R is vital for T cell function and adaptive immunity after ischemic events. MMP9 
facilitates immune cell migration to injury sites and contributes to inflammation35. Similarly, ADM promotes 
vasodilation and nerve protection, underscoring the interplay between the nervous and vascular systems in 
IS36. Identifying these eight hub genes enhances our understanding of IS mechanisms and paves the way for 
future experimental validation. Exploring these interactions could yield important therapeutic targets for IS 
intervention, ultimately improving patient outcomes.

Our study identified significant changes in key immune cell types in IS samples, particularly Neutrophils 
and regulatory T cells. These findings illustrate dynamic alterations in the immune microenvironment critical 
for understanding IS pathophysiology and immune interactions during stroke development. During the acute 
phase, Neutrophils increase significantly, contributing to tissue damage and inflammation through the release of 
pro-inflammatory cytokines37. In contrast, the later stages are marked by an upsurge in regulatory T cells, which 
are essential for promoting tissue repair and modulating the inflammatory response38. This shift in immune 
cell populations suggests that targeting specific cell types at different stages could enhance treatment outcomes. 
For instance, MMP9, which is involved in extracellular matrix remodeling, may activate M0 macrophages 
and further amplify inflammatory responses39. The hub gene DUSP1 also plays a crucial role in regulating T 
cell activation, indicating that these hub genes together might significantly influence immune responses in 
IS40. Our findings highlight the potential for tailored immunotherapy strategies. Enhancing the function of 
regulatory T cells could mitigate inflammation, while targeted activation of specific macrophage populations 
may support recovery. Additionally, therapies aimed at modulating dendritic cell activity could improve antigen 
presentation and adaptive immune responses41. By focusing on Neutrophils and regulatory T cells, our research 
underscores the importance of the immune microenvironment in IS pathology, providing valuable insights for 
the development of innovative therapeutic strategies to improve patient outcomes.

The key genes identified in this study, such as IL7R and ADM, may hold significant value in the clinical 
diagnosis and treatment of ischemic stroke. IL7R has demonstrated diagnostic potential in studies of other 
immune-related diseases, while ADM, due to its role in vascular biology, could serve as a target for future 
therapeutic interventions. Future research could focus on developing biomarker detection methods based on 
these genes, such as measuring their expression levels in blood samples to improve the early diagnosis rate of 
ischemic stroke. Additionally, drug development targeting these relevant genes may provide novel treatment 
options for patients. To further validate the clinical application of these genes, we plan to incorporate larger 
clinical cohorts in our subsequent research and conduct a deeper exploration of the underlying mechanisms.

Despite the comprehensive approach and rigorous analysis employed in this study, several limitations 
should be acknowledged. Firstly, the study relies solely on bioinformatics and computational methods without 
incorporating wet lab experiments, which could provide more direct evidence of the biological mechanisms 
involved. Secondly, the sample size from the datasets GSE22255 and GSE16561 is relatively small, which limit 
the generalizability of the findings. Thirdly, the study lacks clinical validation, which is crucial for translating 
these findings into potential diagnostic or therapeutic applications. Additionally, the integration of multiple 
datasets introduces the possibility of batch effects, despite the use of sva package for batch correction. These 
factors influence the robustness and reproducibility of the results.
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Conclusion
In conclusion, this study provides valuable insights into the differential expression of inflammation and iron 
metabolism-related genes in ischemic stroke. By integrating data from multiple sources and employing a variety 
of bioinformatics tools, we identified key differentially expressed genes and constructed a comprehensive 
regulatory network involving transcription factors and miRNAs. The findings from GO and KEGG enrichment 
analyses, as well as the PPI network, highlight the potential biological functions and pathways involved in the 
disease. Furthermore, the immune infiltration analysis offers a deeper understanding of the immune landscape 
in ischemic stroke. Although there are limitations, the results of this study lay a foundation for future research 
and potential clinical applications. Future studies should aim to validate these findings through experimental 
and clinical approaches to fully elucidate the mechanisms and therapeutic targets for ischemic stroke.

Materials and methods
Data download
Using the R package GEOquery42 (Version 2.70.0) downloaded from the GEO database43 ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​n​c​b​i​.​n​l​
m​.​n​i​h​.​g​o​v​/​g​e​o​​​​​)​, we accessed the cerebral infarction (Ischemic Stroke, IS) datasets GSE2225544 and GSE1656145. 
This revision clarifies the use of the software and improves the flow of the sentence.The samples in datasets 
GSE22255 and GSE16561 were all from Homo sapiens, with blood as the tissue source. The chip platform 
for dataset GSE22255 is GPL570, while that for dataset GSE16561 is GPL6883. Please see Table 3 for specific 
information. Among them, dataset GSE22255 contained 20 cerebral infarction (IS) samples and 20 control 
samples. Dataset GSE16561 contains 39 cerebral infarction (IS) samples and 24 control samples. All IS samples 
and control samples were included in this study.We selected two publicly available datasets (GSE22255 and 
GSE16561) from the GEO database. The selection criteria were based on the following considerations: (1) 
Both datasets comprise whole blood samples, ensuring biological consistency between cases and controls; (2) 
The combination of these datasets provides a total of 103 samples (59 IS cases and 44 controls), enhancing the 
statistical power of the study(PMID: 38637126, PMID: 36818726); (3) These datasets have been widely utilized 
in previous ischemic stroke research, further validating their relevance. To address potential batch effects, we 
applied the ComBat algorithm for normalization and verified the effect through PCA plots.

The GeneCards database46 (https://www.genecards.org/) is a collection of inflammation and iron ​m​e​t​a​b​o​l​i​s​m​
-​r​e​l​a​t​e​d genes (Inflammatory and Iron Metabolism Related Genes, IIMRGs). The GeneCards database provides 
comprehensive information on human genes. We used the terms ‘Inflammatory’ and ‘Iron Metabolism’ as search 
keywords, respectively. For inflammation-related genes (IRGs), only those that were ‘Protein Coding’ and had a 
‘Relevance Score > 12’ were retained, resulting in a total of 214 IRGs. Similarly, for iron metabolism-related genes 
(IMRGs), the same criteria were applied, yielding a total of 743 IMRGs.

In addition, we used ‘Inflammatory’ as a keyword on the PubMed ​w​e​b​s​i​t​e​(​​​h​t​t​p​s​:​/​/​p​u​b​m​e​d​.​n​c​b​i​.​n​l​m​.​n​i​h​.​g​o​
v​/​​​​​) to search for published literature47–49 related to inflammation, identifying a total of 264 IRGs. We then used 
‘Iron Metabolism’ as a keyword on PubMed to identify a total of 14 IMRGs from the published literature50–52. 
After merging and de-duplicating the inflammation-related genes, a total of 426 IRGs were retained. Applying 
a similar process to the iron metabolism-related genes, we obtained a total of 743 IMRGs after combined de-
duplication. Finally, by merging the IRGs and IMRGs, we obtained a total of 1,123 IIMRGs, with detailed 
information provided in Table S1.

The R package sva53 (Version 3.50.0) was used to debatching the Datasets GSE22255 and GSE16561 to 
obtain the Combined GEO datasets. Among them, the Combined Datasets included 59 cerebral infarction (IS) 
samples and 44 Control samples. The sva package is widely used to identify and remove batch effects from high-
throughput datasets, such as microarray gene expression data. In our study, we applied the ComBat algorithm 
within the sva package to correct for batch effects between the datasets GSE22255 and GSE16561. This algorithm 
adjusts for systematic differences between batches by modeling the batch effects and normalizing the data 
accordingly. Finally, the integrated GEO Datasets (Combined Datasets) were standardized by R package limma54 
(Version 3.58.1), and the annotation probes were standardized and normalized. The expression matrices before 
and after removing batch effect were subjected to Principal Component Analysis (PCA) to verify the effect of 
removing batch effect55. PCA is a method of data dimensionality reduction, which extracts the feature vectors 
(components) of data from high-dimensional data. To transform the data into low-dimensional data and display 
these features in 2D or 3D graphs.

GSE22255 GSE16561

Platform GPL570 GPL6883

Species Homo sapiens Homo sapiens

Tissue Blood Blood

Samples in IS group 20 39

Samples in Control group 20 24

Reference PMID: 22,453,632
PMID: 20,837,969
PMID: 28,446,746
PMID: 29,263,821

Table 3.  GEO microarray chip information. GEO, Gene Expression Omnibus; IS, Ischemic Stroke.
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Differentially expressed genes related to cerebral infarction-related inflammation and iron 
metabolism
Based on the sample grouping from the combined GEO datasets, we categorized the samples into cerebral 
ischemic stroke (IS) samples and control samples, performing differential gene expression analysis with the 
R package limma (Version 3.58.1). We set the thresholds for identifying differentially expressed genes (DEGs) 
at |logFC| > 0.5 and p < 0.05. Genes with logFC > 0.5 and p < 0.05 were considered upregulated DEGs, while 
those with logFC < -0.5 and p < 0.05 were classified as downregulated DEGs, using the Benjamini-Hochberg 
(BH) method for p-value adjustment. The differential analysis results were visualized with volcano plots created 
using the R package ggplot2 (Version 3.4.4). We selected the filtering threshold of |logFC| > 0.5 and p < 0.05 
to maximize the inclusion of potential DEGs during preliminary screening, allowing us to detect subtle gene 
expression changes that may be significant in ischemic stroke pathophysiology. A lenient threshold helps identify 
key genes associated with disease progression, providing a solid basis for further analysis. Additionally, similar 
studies in the biomedical field have adopted comparable thresholds to avoid overlooking biologically relevant 
gene expression changes.

To obtain the IIMRDEGs associated with IS, all DEGs with |logFC| > 0.5 and p < 0.05 obtained from the 
differential analysis in the combined GEO datasets were compared with IIMRGs, and a Venn diagram was 
drawn. IIMRDEGs were identified, and a heatmap was created using the R package pheatmap (Version 1.0.12).

GO and pathway KEGG enrichment analysis
GO analysis56 is a common method for large-scale functional enrichment studies, encompassing Biological 
Processes (BP), Cellular Components (CC), and Molecular Functions (MF). KEGG57 is a widely used database 
that stores information on genomes, biological pathways, diseases, and drugs. We performed GO and KEGG 
pathway enrichment analyses of IIMRDEGs using the R package clusterProfiler58 (Version 4.10.0). The criteria 
for item screening were p < 0.05 and an FDR (q-value) < 0.25, with the p-value correction method being the 
Benjamini-Hochberg (BH).

Gene set enrichment analysis (GSEA)
GSEA59 is a method used to assess the distribution trend of genes within a predefined gene set, based on a 
ranked gene table correlated with phenotypes, thereby determining their contribution to the phenotype. In this 
study, genes from the combined GEO datasets were first ranked by log2 fold change (logFC) value. Then, the R 
package clusterProfiler (version 4.10.0) was used to perform GSEA on all genes in the integrated GEO datasets 
(combined datasets). The parameters used in GSEA were as follows: the seed was set to 2020, the number of 
computations was 1000, the minimum number of genes contained in each gene set was 10, and the maximum 
number was 500. Gene sets were accessed through the Molecular Signatures Database (MSigDB)60 using the 
c2 gene set “Cp. All. V2022.1. Hs. Symbols.” The GMT [all canonical pathways] (3050) was used for GSEA. The 
screening criteria for GSEA were p-value < 0.05 and false discovery rate (FDR) < 0.25, and the p-value correction 
method used was Benjamini-Hochberg (BH).

Protein-protein interaction (PPI) network and hub gene screening
The PPI is known as the protein-protein interaction network, which is composed of proteins that interact with 
each other, participating in biological signaling, gene expression regulation, all aspects of life processes such as 
energy and substance metabolism and cell cycle regulation. Systematic analysis of the interaction of proteins 
in biological systems is of great significance for understanding the working principle of proteins in biological 
systems, understanding the reaction mechanism of biological signals and energy and substance metabolism 
under special physiological conditions such as diseases, and understanding the functional relationship between 
proteins.

The STRING database61 (https://string-db.org) is a database that searches for interactions between known 
and predicted proteins. In this study, the STRING database was applied based on differentially expressed genes 
related to IIMRDEGs, with a minimum interaction coefficient greater than 0.40 (minimum required interaction 
score: medium confidence (0.40)) used as the standard to construct the PPI network related to IIMRDEGs. 
The closely connected local regions in the PPI network represent molecular complexes with specific biological 
functions. Genes that interact with other genes in the PPI network were selected for subsequent analysis.

In the CytoHubba62 plug-in of Cytoscape63 software, five algorithms were applied: Maximal Clique Centrality 
(MCC), Density of Maximum Neighborhood Component (DMNC), Degree, Closeness, and Betweenness. We 
calculated the scores of IIMR DEGs within the PPI network and selected the top 10 IIMR DEGs based on these 
scores. Finally, the results from the five algorithms were compared, and a Venn diagram was created to analyze 
the intersection genes, which were identified as exosome-related hub genes.

GeneMANIA database64 (https://genemania.org) was used to generate hypotheses about gene functions, 
analyze gene lists, and prioritize genes for functional analysis. Given a list of query genes, GeneMANIA finds 
functionally similar genes using a large set of genomics and proteomics data. In this mode, it weights each 
functional genomic dataset according to the predicted value of the query. Another use of GeneMANIA is gene 
function prediction. Given a query gene, GeneMANIA finds genes that are likely to share functions with it, 
based on how the gene interacts with it. We predicted the functionally similar genes of hub genes through 
GeneMANIA’s online website to construct a PPI network.

Construction of regulatory network
Transcription factors (TFs) control gene expression through their interactions with hub genes at the post-
transcriptional stage. By using the ChIPBase database (http://rna.sysu.edu.cn/chipbase)65 to retrieve 

Scientific Reports |        (2025) 15:15233 15| https://doi.org/10.1038/s41598-025-00369-9

www.nature.com/scientificreports/

https://string-db.org
https://genemania.org
http://rna.sysu.edu.cn/chipbase
http://www.nature.com/scientificreports


transcription factors (TFs), we conducted an analysis of transcription factor (TF) regulation of hub genes (hub 
genes). Cytoscape software was used to visualize the mRNA-TF Regulatory Network.

In addition, miRNAs play an important regulatory role in the process of biological development and 
evolution. They regulate a variety of target genes, and the same target gene can also be regulated by multiple 
miRNAs. To analyze genetic variations associated with inflammation & iron metabolism (IIMRDEGs) and the 
relationship between miRNAs, we accessed the TarBase66 database (http://www.microrna.gr/tarbase) to identify 
hub genes that are associated with microRNAs. The mRNA-miRNA Regulatory Network was visualized by 
Cytoscape software.

Differential expression verification and ROC curve analysis of hub genes
In order to further explore the expression differences of hub genes between IS samples and control samples in 
the combined GEO datasets, a group comparison map was drawn based on the expression levels of hub genes. 
Finally, the R package pROC67 (Version 1.18.5) was used to plot the ROC Curve of the hub genes and calculate 
the Area Under the Curve (AUC) value. To evaluate the diagnostic effect of the expression of hub genes on the 
occurrence of IS. The AUC of the ROC curve was generally between 0.5 and 1. The closer the AUC is to 1, the 
better the diagnostic performance. When AUC was between 0.5 and 0.7, the accuracy was low, when AUC was 
between 0.7 and 0.9, the accuracy was moderate, and when AUC was above 0.9, the accuracy was high.

Immune infiltration analysis of cerebral infarction (CIBERSORT)
CIBERSORT68 is based on linear support vector regression to deconvolute the transcriptome expression matrix, 
estimating the composition and abundance of immune cells in a mixture. The CIBERSORT algorithm, combined 
with the LM22 feature gene matrix, filtered out data with immune cell enrichment scores greater than zero, 
resulting in a specific immune cell infiltration matrix for the combined datasets. A proportion bar chart was 
created for display. Subsequently, the R package ggplot2 (Version 3.4.4) was used to generate group comparison 
plots to illustrate the expression differences of LM22 immune cells between IS samples and control samples in 
the integrated GEO datasets. Subsequently, the immune cells with significant differences in the two groups were 
screened for subsequent analysis, and the correlation between immune cells was calculated based on Spearman 
algorithm. The R package pheatmap (Version 1.0.12) was used to draw the correlation heatmap to .show the 
correlation analysis results of immune cells themselves. The correlation between hub genes and immune cells 
was calculated based on Spearman algorithm, and the results with p value < 0.05 were retained. The R package 
ggplot2 (Version 3.4.4) was used to draw correlation bubble plot to show the correlation analysis results of hub 
genes and immune cells.

Statistical analysis
All data processing and analysis in this article were based on R software (Version 4.2.2). If not otherwise specified, 
the statistical significance of normally distributed variables was estimated by independent Student’s t-test for 
comparisons of continuous variables between two groups. Mann-Whitney U test (Wilcoxon Rank Sum test) 
was used to analyze the differences between variables that were not normally distributed. Kruskal-Wallis test 
was used for the comparison among three or more groups. Spearman correlation analysis was used to calculate 
the correlation coefficient between different molecules. All statistical p-values were two-sided unless otherwise 
noted, with a p-value of less than 0.05 considered statistically significant.

Data availability
Data is provided within the manuscript and supplementary information files.
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