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Bioinformatics prediction of
function of T-cell exhaustion
related genes in ischemic stroke

Yajun Gao?, Ruyu Bai', Bo Gao? & Ma Li?**

Ischemic stroke (IS) is a multifactorial disease caused by the interaction of a variety of environmental
and genetic factors, which can lead to severe disability and heavy social burden. This study aimed to
find potential biomarkers related to T cell exhaustion (TEX) in IS. Based on the GSE16561 dataset,
differentially expressed genes (DEGs) were screened from IS and control groups, and their enriched
biological pathways were explored. The TEX enrichment score for each sample was calculated using
the GSEA algorithm, and the gene modules with the highest correlation with the TEX score were
screened by WGCNA. Then, two machine learning algorithms were used to screen the key genes and
test the correlation between the key genes and the level of immune cell infiltration. Potential drugs

or molecular compounds that interact with key genes were predicted by searching DGIdb, and the
drug-gene interaction network was visualized by Cytoscape software. Using GSE16561 dataset, we
performed differential expression analysis and identified 482 DEGs. By weighted gene co-expression
network analysis (WGCNA) and machine learning algorithms, we identified five key genes: CD163,
LAMP2, PICALM, RGS2 and PIN1. Functional enrichment analysis revealed that these genes were
involved in immune response and cellular processes, which were closely related to the level of immune
cell infiltration. In addition, potential drug interactions were predicted using the drug-Gene Interaction
database, providing avenues for future therapeutic strategies. This study enhances the understanding
of TEX-related biomarkers in ischemic stroke and provides insights into the development of novel
interventions aimed at improving patient outcomes.
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Ischemic stroke (IS) is a disease caused by the interaction of environmental, genetic and other factors, which can
lead to a variety of complications such as hemiplegia, language impairment, and blurred vision, which brings a
heavy burden to society and families!. At present, the treatment of IS mainly includes drug therapy and surgical
treatment, but the treatment effect is not ideal due to postoperative complications and the narrow thrombolysis
window of drugs®*. Therefore, there is an urgent need to explore new biomarkers and therapeutic drugs for
IS to improve the prognosis of patients and reduce the burden on families. Some studies have found that the
immune microenvironment and inflammatory response are involved in the whole process of the occurrence
and development of IS®, and are closely related to the severity and prognosis of IS. Based on this, exploring the
immune microenvironment and inflammatory mechanism of IS may provide new ideas and perspectives for the
treatment of IS.

Zhang et al. found that T cells play an important role in the inflammatory response of IS patients, and they can
infiltrate the brain parenchyma through three pathways®. In addition, the various combinations of chemokines
and their receptors on T cell subsets provide spatial and temporal “addresses” for T cell infiltration into the
brain parenchyma. T cell exhaustion (TEX) is a newly discovered state of T cell dysfunction characterized by
poor effector T cell function, persistent inhibitory receptor expression, and altered transcriptional status that is
different from that of functional effector or memory T cells’. It has been found that CD8 T cell subsets at different
developmental stages of TEX have different functional and developmental properties and play a crucial role in
adaptive immune responses®. These cells can perform cytotoxic functions by recognizing antigens through TCRs
and subsequently releasing granzymes and perforins to form pores on target cells and induce apoptosis’. Due
to their adaptability, the deleterious effects of CD8 T cells occur mainly in the chronic phase. Zhang et al. found
that delaying the depletion of CD8 T cells with CD8 antibody on the 10th day after ischemic stroke significantly
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improved the recovery of brain function in mice’. Although there have been numerous recent studies exploring
the role of TEX in ischemic disease, the acquisition of IS biomarkers from TEX has not been explored in detail.

Bioinformatics analysis of microarray results extends previous studies to provide meaningful genetic
information. This study aims to use microarray datasets and perform in-depth bioinformatics analysis to
explore potential biomarkers associated with TEX in IS. Specifically, differentially expressed genes (DEGs) were
screened from IS and controls to explore their enriched biological pathways. Based on the 40 TEX-related genes,
the TEX enrichment score of each sample was calculated using the GSEA algorithm, and the gene modules most
correlated with the TEX score were screened by WGCNA. Then, two machine learning algorithms were used to
screen the key genes and examine the correlation between the key genes and the level of immune cell infiltration.
In addition, potential drugs or molecular compounds that interact with key genes were predicted by searching
DGIdb, and the drug-gene interaction network was visualized by Cytoscape software. Our study provides new
ideas for the diagnosis and treatment of IS.

Materials and methods

Data sources

We downloaded the GSE16561 dataset from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.
gov/) using the “GEOquery” R package, which includes 63 samples (IS: 39; Control: 24) The data was obtained
from Homo sapiens and the platform GPL6883 [Illumina Human Ref-8 v3.0 expression beadchip]. Forty T cell
exhaustion-related genes were obtained from the literature for further analysis®.

Differential expression analysis

The “limma” package'® in R software was utilized to screen DEGs between the IS patients and control samples
based on Bayesian calculations of t-values, f-values, and log odds ratios. An adjusted P value of <0.05 and log,
|Fold Change|>0.5 were considered statistically significant. A volcano plot of DEGs was generated using the

«

ggrepel” R package.

Weighted gene co-expression network analysis (WGCNA)

We conducted GSEA analysis on TEX-related gene data using the “GSEA” R package'!, calculating enrichment
scores for each sample. This scoring data served as input for WGCNA. WGCNA were constructed by correlating
gene expression levels with phenotypic characteristics to investigate potential interactions between genes'?.
Firstly, the outlier samples in the data set were removed to ensure accurate and reliable results. Then, the
correlation coefficient between every two genes was calculated to construct a gene expression similarity matrix,
which was transformed into an adjacency matrix. Next, the optimal soft threshold was selected to construct
the scale-free network, the adjacency value was transformed into the topological overlap matrix (TOM), and
the corresponding dissimilarity degree (1-TOM) was calculated. Finally, gene module detection was performed
based on average hierarchical clustering and dynamic tree clipping. Correlations between genes and phenotypes
in each module were determined by calculating gene significance and module membership (MM).

Functional enrichment analysis

To further analyze the biological functions of DEGs, we utilized the “clusterProfiler” R package'! for Gene
Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analyses,
visualizing results with the “ggplot2” R package'®. The P-value of less than 0.05 was identified as a significant
term.

Machine learning for key gene selection

We employed Random Forest (RF) and Least Absolute Shrinkage and Selection Operator (LASSO) machine
learning algorithms to further filter candidate genes. Random Forest is an ensemble predictive method adept
at handling numerous input variables while assessing variable importance. LASSO is a regression method that
excels in evaluating high-dimensional data'*. We used the “randomForest” and “glmnet” R packages for RF
analysis and LASSO regression'®. The intersection of genes identified by both algorithms yielded key genes,
and ROC curves were plotted to demonstrate the sensitivity and specificity of these key genes in relation to the
disease.

Immune infiltration analysis

Single-sample gene set enrichment analysis (ssGSEA) was applied to score 28 immune cell types'®, resulting
in a scoring file representing the immune cell composition of each individual sample. The immune cell scores
of IS and control groups were statistically analyzed using t-tests, with results visually represented in box plots.
Correlation tests were conducted to assess relationships between key genes and immune cells, visualized using
the “ggplot” package!”.

Potential drug identification

The drug-gene interaction database (DGIdb, https://www.dgidb.org/) is a resource for drug targeting and sensitive
genomic interactions. We utilized DGIdb to predict potential drugs or molecular compounds interacting with
key genes, visualizing drug-gene interaction networks using Cytoscape 3.9.1'8software.

Statistical analysis

All analyses were performed in R version 4.3.3. For significance testing among various values (expression levels,
infiltration ratios, and other features), we employed Wilcoxon rank-sum tests or t-tests for comparisons between
two groups, setting statistical significance at P<0.05.
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Results

Identification of DEGs and IS-related genes

A total of 482 DGEs were identified using the “limma” R package, of which 277 genes were up-regulated and 205
genes were down-regulated (|log2FC|>0.5; P<0.05; Fig. 1A). TEX enrichment scores were calculated for each
sample by GSEA analysis based on 40 TEX-related genes. After preprocessing, a gene expression matrix was
obtained, and the top 5000 genes with the highest absolute median differences were selected for further analysis.
After filtering out abnormal samples and genes, we constructed a sample clustering dendrogram (Fig. 1B). With
a soft threshold of 8, we established a scale-free network (Fig. 1C). Following the construction of an adjacency
matrix and topology overlap matrix, we identified 14 modules through average hierarchical clustering and
dynamic tree cutting (Fig. 1D). The blue module, highly correlated with IS and TEX scores, was defined as the
IS-related module (Fig. 1E,F). 1188 genes in this module were identified as IS-related genes.

Biological pathway enrichment of intersection genes

The DEGs and IS-related genes were intersected, and 225 intersection genes were obtained for subsequent analysis
(Fig. 2A). We explored the biological functions and pathways enriched by these intersection genes. GO analysis
indicated that these genes predominantly focused on biological processes such as lymphocyte differentiation,
immune response-regulating cell surface receptor signaling pathways, and T cell differentiation. Cellular
component alterations were mainly associated with the external side of the plasma membrane, ribosomes, and
ribosomal subunits, while molecular function changes centered on structural constituents of ribosomes, MHC
protein complex binding, and NADH dehydrogenase activity (Fig. 2B). KEGG analysis revealed that these
genes were primarily enriched in Th17 cell differentiation, T cell receptor signaling pathways, and oxidative
phosphorylation (Fig. 2C)!*%. The enrichment of intersection genes in immune-related pathways may suggest
that the differentiation of immune cells and the mechanism involved are closely related to the occurrence of IS.

Identification of key genes

To further identify key genes with high diagnostic value, we applied two machine learning algorithms to screen
key genes. 14 feature genes were identified by selecting the minimum criteria of LASSO classifier (Fig. 3A,B).
Random forest algorithm was applied to select the top 20 genes in terms of importance defined as feature genes
(Fig. 3C,D). The intersection of the genes screened by the two algorithms was taken to obtain 5 key genes
(CD163, LAMP2, PICALM, RGS2, PIN1) (Fig. 3E).

Immune infiltration analysis

In order to investigate the differences in immune cell composition between IS patients and normal controls, we
employed the ssGSEA algorithm to calculate immune cell scores for each sample, encompassing 28 immune
cell types. Box plots of these scores were generated using the “ggplot2” package, with t-tests performed between
disease and control groups, indicating significant differences in 11 immune cell types, including Neutrophil,
Plasmacytoid dendritic cell, Activated CD8 T cell, Effector memeory CD8 T cell, CD56 dim natural killer cell,
Activated dendritic cell, Regulatory T cell, Activated B cell, T follicular helper cell, Natural killer cell, Eosinophil
(Fig. 4A). Strong interactions also exist between different immune cells (Fig. 4B). Additionally, we assessed
correlations between key genes and immune cells, revealing strong correlations of CD163, LAMP2, PICALM,
and RGS2 with neutrophils, activated dendritic cells, and natural killer cells, while PIN1 correlated strongly with
activated CD8 T cells and effector memory CD8 T cells (Fig. 4C).

Expression and diagnostic value of key genes

We analyzed the expression levels of key genes in the GSE16561 dataset, observing up-regulation of CD163,
LAMP2, PICALM, and RGS2 in the IS group, whereas PIN1 was down-regulated (Fig. 5A). ROC curve analysis
of key genes demonstrated high sensitivity and specificity, with AUC values exceeding 0.9 for CD163, LAMP?2,
PICALM, RGS2, and PIN1 (Fig. 5B-F).

Identification of potential drug
Utilizing DGIdb, we identified 22 drugs capable of interacting with PIN1, 2 drugs with CD163, and 1 drug each
for RGS2 and PICALM. Interaction networks were visualized using Cytoscape software 3.9.1 (Fig. 6).

Discussion

IS is a craniocerebral disease caused by temporary or permanent blockage or thrombosis of cerebral arteries,
resulting in a further reduction of blood flow to specific brain regions, which triggers pathophysiological
processes such as inflammation and oxidative stress, and ultimately leads to neuronal cell death and brain
damage in patients?!~2%. Current treatments are limited and the prognosis of patients is poor, and there is an
urgent need to explore new treatments to improve the prognosis and prolong the survival of patients.

Neal et al. found that regulatory T cells have immunomodulatory and neuroprotective effects on stroke?>,
because there is a persistent inflammatory state in stroke patients, which leads to a decline in T cell function
and changes in metabolic pathways, thus accelerating T cell exhaustion, and the depleted T cells in turn lead
to dysregulation of the inflammatory response, and the enhancement of the function of regulatory T cells can
inhibit the occurrence of the TEX response, thus playing an immunomodulatory role. The enhancement of
regulatory T cell function can inhibit the occurrence of TEX response and thus play an immunomodulatory role,
but whether it has the same role in IS is not yet known. Based on this, this study screened 225 IS-related TEX
genes by WGCNA analysis and differential analysis results. KEGG analysis showed that these genes were mainly
enriched in signaling pathways such as T cell receptor signaling pathway, oxidative phosphorylation, and Th17
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Fig. 1. Identification of DEGs and IS-related genes (A) Volcano plot of DEGs. The cut-off criteria were
[log2FC|>0.5 and P<0.05. (B) Sample clustering was conducted to detect outliers. (C) Scale-free fit index
analysis and average connectivity analysis of each soft threshold power. (D) Clustering dendrogram of genes,
various colors represent different modules. (E) Heatmap of the association between modules and different
cluster. P values and correlation coeflicients are represented by numbers inside and outside parentheses,
respectively. (F) Correlation chart between MM and GS of the clustered genes in the module.
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Fig. 2. Biological pathway enrichment of intersection genes. (A) Venn diagram showing the numbers of
intersection genes. (B) GO functional analysis showing enrichment of intersection genes. (C) KEGG pathway
enrichment analysis of intersection genes.

cell differentiation. Based on the above results, these genes may contribute to IS by affecting the function of T
cells and the signaling pathways they participate in.

PIN1, a peptidyl proline isomerase that regulates p53 transactivation in response to stress, is involved in
the pathogenesis of IS through the Notch signaling pathway®®. PIN1 has also been found to play a key role in
neuronal cell death and neurological deficits induced by cerebral ischemia®. Further exploration of IS in this
study revealed that five genes (CD163, LAMP2, PICALM, RGS2, and PIN1) were identified as key genes for IS,
and the AUC: of all five genes were greater than 0.9, indicating that they have high sensitivity and specificity for
the disease and are expected to be diagnostic biomarkers for IS. In addition, the study further identified potential
therapeutic drugs or molecular compounds for IS by screening five genes, and found that 22 drugs bound to
PIN1, two drugs bound to CD163, and one binding drug was detected for RGS2 and PICALM.

This study predicts targets and potential biomarkers for improving the inflammatory status of IS patients
but our study has several limitations. First, the small sample size may limit generalizability, and the clinical
applicability of the identified biomarkers requires prospective validation. Second, the complexity of T cell
exhaustion involves many other factors that are not explored here. Finally, functional validation of key genes
is needed to confirm their biological relevance. Addressing these limitations is critical to improving our
understanding and treatment of IS.
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Conclusion
In this study, five biomarkers closely related to IS, including CD163, LAMP2, PICALM, RGS2 and PIN1, were

identified by bioinformatics analysis for future IS diagnosis and screening.
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