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Although COVID-19 is primarily a respiratory disease, its neurological complications,
such as ischemic stroke (IS), have aroused growing concerns and reports. However,
the molecular mechanisms that underlie IS and COVID-19 are not well understood.
Therefore, we implemented transcriptomic analysis from eight GEO datasets consist
of 1191 samples to detect common pathways and molecular biomarkers in IS and
COVID-19 that help understand the linkage between them. Differentially expressed
genes (DEGs) were detected for IS and COVID-19 separately for finding shared
mechanisms and we found that immune-related pathways were outlined with
statistical significance. JAK2, which was identified as a hub gene, was supposed to
be a potential therapeutic gene targets during the immunological process of
COVID-19 and IS. Besides, we found a decrease in the proportion of CD8" T and
T helper 2 cells in the peripheral circulation of both COVID and IS patients, and NCR3
expression was significantly correlated with this change. In conclusion, we
demonstrated that transcriptomic analyses reported in this study could make a
deeper understanding of the common mechanism and might be promising for
effective therapeutic for IS and COVID-19.

KEYWORDS

COVID-19, ischemic stroke, gene expression profiles, immune system, immune
cell proportion

1 Introduction

Although the cause of ischemic stroke associated with COVID-19 is unclear, ischemic
stroke (IS) is a major contributor of morbidity and mortality in patients infected with
SARS-COV2 (1-3). There is rising incidence that post-COVID-19 stroke patients tend to
lack the cardiovascular risk factors (4-6). Besides, numerous independent studies have
reported increasing arterial and venous thrombosis, which are probably caused by the
activation of the immune system in response to viral pathogen invasion (7, 8). Multiple
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mechanisms associated with SARS-CoV-2 infection and the
development of COVID-19 were considered to contribute to the
onset of acute ischemic stroke, which include generalized
hypercoagulability, dysregulated immune response leading to the
cytokine-release syndrome, damage to endothelial cells leading to
increased inflammation and thrombosis (9-11).

Given the significant role of the immune system as a bridge
between COVID-19 and ischemic stroke, increasing research is
exploring the immune molecular mechanisms interlinking the two
diseases. Cytokine storm, a hyper-inflammatory response, is the likely
initiating sequence of pathological thrombosis in patients with
COVID-19 (3, 4). Systemic inflammatory responses, such as cytokine
storms, promote changes in immune cell polarization toward more
unstable phenotypes (9). The general agreement is emerging that recent
bacterial and/or viral infections can be the primary triggers of acute
ischemic stroke and may be related to the prothrombotic effects of
inflammatory reactions (8, 12). However, this risk seems to be higher
following COVID-19 (e.g., the risk of stroke was 7.6 times higher with
COVID-19 compared with influenza), probably due to the disease’s
unique pathophysiological alterations (5).

This study used eight datasets to discover and validate the
biological relationship between ischemic stroke and COVID-19.
Differentially expressed genes (DEGs) were initially identified and
then common DEGs of two diseases were found. Based on these

10.3389/fimmu.2023.1102281

common DEGs, we performed pathway analysis and confirmed the
critical role of immune-related pathways. Furthermore, 19 genes
were defined as immune-related among these common DEGs and
further analyses of drug targets, transcript factors, and miRNA-
mRNA interaction were applied on them. In addition, proportion
changes of various immune cells in the peripheral blood of IS
patients were evaluated using CIBERSORT and ImmunecellAI, and
correlation analyses were performed between immune genes and
differentially distributed immune cells. The sequential workflow of
our research is presented in Figure 1.

2 Methods
2.1 Datasets employed in this study

The microarray datasets used in this study were obtained from
the GEO database (http://www.ncbi.nlm.nih.gov/geo/). The criteria
for retrieval were: A) samples were from human peripheral whole
blood samples, B) gene expression was profiled, C) datasets
contained both patients and healthy people without a history of
stroke nor COVID-19 exposure, D) all IS patients were clinically
diagnosed radiographically (with magnetic resonance imaging or
computed tomography), E) all COVID-19 patients were positive for
COVID-19 confirmed by RT-PCR.

CIBERSORT

ImmunecCellAl

FIGURE 1

Flowchart of the study. Expression profile data from whole peripheral blood of patients with COVID-19 or ischemic stroke (IS) were obtained, and
differential gene expression was performed between patients and healthy controls. ClueGO, drug targets, miRNA network, transcription factors and
immune infiltration analysis were applied to common IDEGs between COVID and IS to explore shared mechanism between these two diseases. Hub
genes obtained by LASSO regression were validated with test dataset of COVID and IS, using four machine learning methods. RF, Random Forest;
SVM, Support Vector Machine; LR, Logistic Regression; LDA, Linear Discrimination Analysis. 108 IS patients and 47 matched controls as well as 281
COVID patients and 414 matched controls were employed to perform differential analysis.
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To ensure the consistency and completeness of the datasets, we
manually identified relevant literature using keyword filters and
applied R programming language (version: 4.1.3) for subsequent
analysis. Finally, IS datasets [GSE16561 (13-15) and GSE58294 (16)]
and COVID-19 datasets [GSE171110 (17) and GSE198449 (18)] were
included as training sets. Batch effects were corrected using the
“comBat” function in the SVA package (version: 3.38.0). Next, we
normalized the combined datasets and adjusted for covariates using
the “Normalizebetweenarray” and “removeBatchEffect” functions in
the limma package (version: 3.46.0). To validate the conclustions, we
treated the GSE157103 (19) and GSE196822 (20) datasets as the
validation sets for COVID-19, and GSE37587 (21), GSE46480 (22)
datasets for IS which conformed to the above criteria. Table 1
summarizes the included datasets. We also collected clinical
information of COVID-19 patients from corresponding papers.
Due to the diversity in description on the severity of COVID-19,
we use the criteria whether patients were admitted into ICU to unify
the data and avoid ambiguity (Table S1.)

2.2 Identification of differentially expressed
genes and functional annotation

To identify differentially expressed genes (DEGs) in peripheral
blood samples from COVID-19/IS patients and controls, we
performed differential expression analysis using the limma
package (version: 3.46.0), controlling for age and sex (24). The
threshold for screening DEGs was |log, FC (fold change)| > 0.5 and
false discovery rate (FDR) < 0.01. Common DEGs for COVID-19
and IS were then imported to functional annotation.

Enrichment analysis of Gene Ontology (GO) and Disease
Ontology (DO) was performed on common DEGs using the

10.3389/fimmu.2023.1102281

clusterprofiler package (version: 3.18.1) (25). Kyoto Encyclopedia of
Genes and Genomes (KEGG) (http://www.genome.jp/kegg/) and
gene set enrichment analysis (GSEA) were further carried out for
common DEGs. The threshold for significance of the above
enrichment analysis was set at FDR < 0.05. The background used
for biological functional enrichment analysis were genes expressed in
any samples of COVID-19 and IS in training process, respectively.

2.3 Hub genes and drug targets

Using immune-related genes (IRGs) downloaded from the
ImmPort database, we intersected common DEGs and IRGs to
generate common immune-related DEGs (IDEGs) (26). Hub genes
were identified from common IDEGs using LASSO logistic
regression algorithms with training datasets. The LASSO
algorithm was derived from the glmnet package (version: 4.1-1)
(27). LASSO logistic regression belongs to the shrinkage estimation,
and during the reduction process of regression coefficients, some
insignificant regression coefficients can be directly reduced to 0, that
is, to the function of variable screening. We used this method on the
expression matrix of DEGs of COVID and IS, respectively.

Drug and Drug link datasets (Release Version: 5.1.9) were
downloaded from the DrugBank database (https://go.drugbank.com/
releases/latest) (28). The intersection of the common IDEGs and drug
target genes (DTGs) was then used to generate genes targeted by drugs
and potential drugs that might be promising for effective therapeutic to
disease. Validation datasets were further used to examine the
robustness of hub genes. Depending on hub genes’ expression,
models using various data-modeling methods (random forest (RF),
support vector machine (SVM), logistic regression (LR), and linear

TABLE 1 All data sets used in this study contain a total of 1191 samples, among which there were 597 cases and 594 controls.

Data Data
sets

(GEO ID)

Sample

Case Control type

References

GPL

Category Phenotype

GSE16561 39 2 peripheral (Barr et al., 2010; O'Connell et al., 2016; O'Connell et al., 2017) Train Ischemic GPL570
blood (13-15) Stroke
peripheral . Ischemic
GSE58294 69 23 (Stamova et al., 2014) (16) Train GPL570
blood Stroke
ipheral Ischemi
GSE37587 68 0 peripher (Barr et al, 2015) (21) Test seherme GPL6883
blood Stroke
ipheral
GSE46480 0 98 Pe;l(’)ozra (Issa et al., 2016) (22) Test Control GPL570
GSE171110 = 44 10 pelr:lphzral (Lévy et al,, 2022) (23) Train COVID19  GPL16791
0o
ipheral
GSE198449 237 404 pe]r;lp Zra (Schanoski et al., 2022) (18) Train COVID19  GPL24676
00
peripheral
GSE157103 100 26 blood (Overmyer et al., 2021) (19) Test COVID 19 GPL24676
peripheral .
GSE196822 40 9 blood (Banerjee et al., 2022) (20) Test COVID 19 GPL20301

All samples were collected in the peripheral blood tissue. Control means people without COVID-19 exposure or IS, and COVID-19 exposure was defined as exposure to an individual positive for

COVID-19 confirmed by RT-PCR.
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discriminant analysis (LDA)) were constructed to confirm
classification performance.

2.4 Gene-pathway interactions and
mMiRNA-mRNA network

To systematically explore potential biological functions between
the key genes, common IDEGs were imported into the Cytoscape
software v3.9.1 (https://cytoscape.org/) to construct the genes and
pathways interaction network by ClueGO plug-in (29, 30). The
threshold for significance of the above pathways analysis was set at
P value < 0.01.

For these common IDEGs, miRNA target prediction was
performed through Human microRNA Disease Database
(HMDD, Version: 3.3) (31), TissueAtlas database (Current
release: July 2022) (32), and Encyclopedia of RNA Interactomes
(ENCORI, Version: 3.2) (33). By combined using HMDD and
TissueAtlas database, we selected microRNA associated with
ischemia stroke/viral infection and expressed in human blood
tissue with curated experiment-supported evidence. The ENCORI
website was applied to predict whether these selected miRNAs
could target common IDEGs. Cytoscape software was used to
visualize the miRNA-mRNA regulatory network.

25 Transcription factors analysis

Common IDEGs were imported into Cytospace for network
analysis of transcription factors (TFs). RcisTarget package was used
to acquire TFs and gene targets information, and adjusted P-value <
0.05 was considered as significant (34). Subsequently, we verified the
expression levels of these TFs in training datasets of COVID-19 and IS.

26 Immune cell infiltration evaluation

CIBERSORT tool (version: 0.1.0) was used to generate immune cell
profiles for all samples by estimating relative subsets of immune RNA
transcripts (35). The CIBERSORT resulted in an expression matrix of
22 immune cells in all samples of the training dataset for COVID-19
and IS. We then used t-test to analyze the differences in immune cell
components between patients and healthy controls. “ImmuCellAT”
function from ImmuCellAI package (version: 0.1.0), which can
accurately evaluate the abundance of immune cells, especially on
multiple T-cell subpopulations (36), was applied for further analysis.

10.3389/fimmu.2023.1102281

Finally, Spearman’s correlation analysis was performed between
expression of common IDEGs and variation of immune cells. The
ggplot2 package (version: 3.3.3) and ggpubr package (version: 0.4.0)
were used to generate lollipop chart.

3 Results

3.1 Identification of common DEGs of
COVID-19 and IS

To identify common pathways and molecular biomarkers
shared by COVID-19 and IS on transcriptome, we initially
searched the Array Express and NCBI GEO databases for
expression data from whole peripheral blood of COVID-19/IS
patients and healthy controls. Eight independent studies met our
inclusion criteria (See Methods, Tables 1, 2).

First, we conducted an IS training dataset consisting of 108
patients and 47 matched controls by merging two IS datasets
(GSE16561 and GSE58294, Table 3) and training dataset for
COVID-19 was composed of 281 patients and 414 matched controls
by combing GSE171110 and GSE198449 (Table 3, Table S1). To
ensure data consistency, batch effects were controlled and the different
subsets were normalized. The evaluation results showed that data pre-
processing was effective and reliable (Figure S1). Next, differential
analysis of gene expression was performed by controlling age and sex,
which was significantly different between patients and healthy controls
(Tables 2, 3). Finally, 537 DEGs for IS and 1427 DEGs for COVID-19
were identified (See Methods, Figures 2A, B), and we found 140
common DEGs between COVID-19 and IS (Figure 2C, Table S2). To
examine that these common DEGs were with biologically meanings,
we randomly selected 537 and 1427 genes from the expressed gene sets
of IS and COVID-19 separately and take interaction between them.
We then repeated this operation for 1000 times and the random
sampling values were significantly lower than the true observed
number (T-test: P value <.001, Figure S2).

3.2 Functional enrichment analysis of
common DEGs underlines the
immune system

GO and DO enrichment analyses were performed to identify
the biological pathways and diseases associated with the shared

TABLE 2 Clinical characters of samples in the merged COVID training data set.

Total sample,

N(%) N(%)

CoVvID,
N = 281(39.6%),

Control,
N = 414(60.4%),
N(%)

tatistics/df P value

Gender (% female) 189 (27.2%) 96(34.2%) 93(22.5%) X2 9.6492/1 0.0019
Age,y,mean=SD 22.85+10.17 25.98+14.96 20.8626.10 t -6.2493/693 < 0.001
Race (% white) 509(73.2%) 209(74.4%) 300(72.5%) X2 0.3127/1 0.5764
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TABLE 3 Clinical characters of samples in the merged IS training data set.

Stroke

Total sample,

N(%) N(%)

N = 108(69.7%),

10.3389/fimmu.2023.1102281

Control,
N = 47(30.3%),
N(%)

Statistics/df P value

Gender (% female) 80(51.6%) 55(50.9%) 25(53.2%) X? 0.0673/1 0.7953
Age,y,mean+SD 66.7+8.60 72.6+6.17 58.9+3.83 t - 13.90302/135 <0.001
Race (% white) 126(81.3%) 84(77.8%) 42(89.3%) X? 2.88932/1 0.0892

Hypertension 93(60.0%) 70(64.8%) 23(48.9%) X? 3.44037/1 0.0636
Diabetes 30(19.4%) 23(21.3%) 7(14.9%) X2 0.8601/1 0.3537
Dyslipidemia 52(33.5%) 36(33.3%) 16(34.0%) X? 0.00739/1 0.9333
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FIGURE 2

(A, B) Volcano plot demonstrating an overview of the differential
expression of all genes in COVID-19 and IS. The threshold in the
volcano plot was -logl0 (adjusted P-value) > 2 and |log2 (fold change)|
> 0.5; red dots indicate significant differential expressed genes. FDR was
used (Benjamini Hochberg's) for P value adjustment. (C) Venn diagram
demonstrates the common DEGs of COVID-19 and IS.

DEGs. For biological processes in GO enrichment analysis, 26
pathways achieved statistical significance and 17 of them are
immune-related, including positive regulation of immune
response and cytokine production, adaptive immune response,
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granule lumen, cytoplasmic vesicle lumen, inflammasome
complex and primary lysosome were involved (Figure 3A). When
performing DO analysis, bronchial disease, hypersensitivity
reaction type I disease, asthma, thrombocytopenia and
arteriosclerosis were related to common DEGs (Figure S3).

GESA was further performed based on KEGG and Reactome
database to decipher biological pathways behind common DEGs. The
enriched molecular pathways were complement cascades, lipid and
atherosclerosis, Corona Virus Disease-19, interferon and B cell
receptor (BCR) signaling, neutrophil degranulation, defects of
contact activation system (CAS) and kallikrein/kinin system (KKS)
(Figures 3B, C). These results were consistent with those in GO
enrichment analysis, further confirming that immune system might
play essential roles in the connection between COVID-19 and IS.

3.3 Identification of hub genes and
drug targets

To further acquire which immune genes were significantly altered
and associated with the biological mechanism of COVID-19 and IS,
venn diagram analysis was performed between DEGs and IRGs, and
19 common genes were exacted (Figure 4A). We further applied the
LASSO regression analysis for these genes to screen the gene
expression signatures of COVID-19 and IS (Figures 4B, C), and
finally got five hub genes shared between two diseases (Figure 4D)
——NCR3 (natural cytotoxicity triggering receptor 3), OLRI
(oxidized low-density lipoprotein receptor 1), ILIR2 (interleukin 1
receptor type 2), ILI8RI (interleukin 18 receptor 1) and JAK2 (Janus
kinase 2). These hub genes can be potential biomarkers and may
provide new therapeutic targets. We further validated expression of
hub genes and the sensitivity and accuracy of these genes in diagnosis
with GSE37587, GSE46480, GSE157103, GSE196822 datasets for IS
and COVID-19 respectively. The gene expression showed
consistency in test datasets (Figure S4) and the AUC value verified
the high prediction ability which reached up to 0.96 of five hub genes
by various machine learning methods (Figure S5).

We further investigated whether there were drugs that could
mitigate the expression of essential immune genes (Figure S6A). By

frontiersin.org
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searching for DTGs associated with IRGs shared between COVID-
19 and IS, we identified eight DEGs interacting with two known
databases of drug targets: JAK2, ORMI, RNASE2, TNFSF13B,
CYBB, EIF2AK2, CD79B and CAMP (Figure S6B). Among five
hub genes shared between two diseases, only JAK2 has drug target
information, which might suggest that JAK2 could play important
roles in the treatment of patients with COVID-19 accompanied
with IS.

3.4 Network of gene-pathway,
miRNA-mRNA interaction and
TF-mRNA relationship

To investigate the biological relationship of immune-related
genes, a network of common IDEGs and GO-BP interaction was
constructed using ClueGO Plug-in of Cytoscape software. Gene-
pathway network reflected that six immune-related biological
pathways interacted with these common IDEGs: IFN-y signaling,
cellular response to interleukin 6, antimicrobial peptides, cytokine
receptor activity, positive regulation of Thl immune response and
CD22 mediated BCR regulation (Figure 5A). With HMDD,
TissueAtlas, and ENCORI database, five miRNAs were predicted to

Frontiers in Immunology

interact with the common IDEGs (Figure 5B). Based on the
RcisTarget package, we found six possible TFs regulating the
expression of these common IDEGs (Figure 6A), three TFs
differentially expressed in the peripheral blood of COVID-19 and
IS patients (Figures 6B, C). Mainly, IRF3 expression was down-
regulation in two diseases, while IRF2 and STAT2 were up-regulated.

3.5 Immune changes

To explore the profile of immune cell infiltration, we applied the
CIBERSORT classification algorithm to demonstrate changes in the
immune cells in COVID-19 and IS. We found that the proportions
of CD8" T cells and naive B cells significantly decreased in both
COVID-19 and IS patients compared with healthy controls
(Figures 7A, B). We further applied ImmuCellAI to focus on the
abundance variation of T-cell subpopulations and found that CD8*
naive T cells and T helper 2 cell were obviously less enriched in
COVID-19 and IS patients (Figures 8A, B).

Correlation analysis showed that NCR3 was positively
associated with the change of CD8+ T cells and T helper 2 cell in
both COVID-19 and IS patients (r > 0.3, P < 0.001) which
indicating a close relationship between hub genes and the profile
of immune cell variation (Figures 7C, 8C).
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(A) Venn diagram shows the common IDEGs obtained by the three
gene sets. (B, C) Construction of the key IDEGs classifier by the
LASSO logistic regression algorithm shows the process of dimension
reduction in COVID-19 and IS datasets, respectively. The horizontal
axis represents the complexity of models, and the vertical axis
represents the AUC value of models. (D) Five hub genes identified in
both COVID-19 and IS from common IDEGs using LASSO logistic
regression algorithms.

4 Discussion

In this study, we analyzed the transcriptome profiles of COVID-
19 and IS patients using eight datasets from GEO consisting of 1191
samples to search for common mechanism and molecular
biomarkers in COVID-19 and IS. Results demonstrated that
immune-related genes and immune cells are crucial in the shared
pathogenesis between them. Hub genes, candidate drugs, targeting
microRNAs and transcription factors were further analyzed for
those immune-related genes shared between two diseases.

Through bioinformatic analyses, we revealed a total of 140
common DEGs shared by COVID-19 and IS. To illustrate the
unique biological interpretation of these common DEGs, two
datasets, which contain Rheumatoid Arthritis (RA) patients and
Sepsis patients separately, were included as the negative controls. As
shown in Figure. S7, the overlap ratio of COVID and IS (140/537) is
significantly larger than that (23/274) of COVID and RA (P value
<.001, % (2) test with Yates’ continuity correction) as well as that
(64/827) of COVID and Sepsis (P value <.001, k (2) test with Yates’
continuity correction). Pathways analysis showed that either the
overlapping genes between COVID-19 and Sepsis or between

Frontiers in Immunology

10.3389/fimmu.2023.1102281

COVID-19 and RA did not enrich in the immune-related
pathways (Figure S8).

GO and DO enrichment and GSEA analysis were further
conducted for these common DEGs. For biological processes,
immune-related pathways were outlined, and brain injury in
COVID-19 is associated with dysregulated innate and adaptive
immune responses. According to the cellular component, the top
GO terms are cytoplasmic vesicle lumen, secretory granule lumen
and inflammasome complex. The role of NLRP3 inflammasome in
stroke was determined via various in vitro and in vivo research,
which the viroporins of SARS-CoV2 can activate (37, 38). As
expected, top 10 KEGG pathways include Corona Virus Disease-
19, lipid and atherosclerosis, complement and coagulation cascades,
NOD-like receptor, NF-xB and B cell receptor signaling.
Meanwhile, results from the Reactome pathway show the most
interacted gene pathways are neutrophil degranulation, interferon
0./ signaling, antigen activates BCR leading to generation of second
messengers and defects of contact CAS and KKS. Neutrophil
degranulation can facilitate a variety of proinflammatory effects,
such as cytokine release and fibrin and/or microthrombus
formation (39).
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For establishing immune-related relationships according to
COVID-19 and IS, 19 common immune-related DEGs (IDEGs)
were identified. The rest of the research study is continued with the
analysis of LASSO regression analysis, gene-pathway interactions,
TF/miRNA regulatory network and candidate drug detection.

To get more robust immune-related biomarkers in COVID-19
and IS, LASSO regression analysis was employed to develop gene
expression signatures for two diseases. From the 19 common
IDEGs, five hub genes were ultimately identified as gene
expression signatures to predict disease. Meta-analysis showed
that OLRI is associated with atherosclerosis and contributes to
the susceptibility risk of ischemic stroke (40). Moreover, the
proportion of lectin-like OLR1-expressing immature neutrophils
is positively correlated with cytokine storm and thrombosis in
COVID-19 patients (41). From proteome and transcriptome
perspective, several independent cohort studies demonstrated the
differential expression of interleukins in COVID-19 and IS patients,
including ILIR2 and IL18R1 (42). JAK1/2 signaling pathway, whose
activation contributed to neuronal damage under cerebral ischemic
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conditions, was critically associated with SARS-CoV-2-induced
hypercytokinemia and inflammation (43, 44). The relationship
between NCR3 and COVID-19/IS is currently unclear, although
rs2857595 variants near NCR3 seem to be associated with increased
risk of noncardioembolic stroke (45).

We next search for the candidate drugs for COVID-19 and IS
based on the intersection across four gene sets, DEGs_COVID,
DEGs_IS, IRGs and DTGs. Here, we identified eight DEGs,
including JAK2, ORM1, RNASE2, TNFSF13B, CYBB, EIF2AK2,
CD79B and CAMP. More recently, increased interest in JAKi
strategies arose for the need of potential treatments for COVID-
19, which is implicated in the activation of CD4" and CD8" positive
T cells, NK cells and monocytes that cooperate with cytokine storm
generated by SARS-COV2 (46, 47). Two molecules are mainly
under focus of pharmaceutical industry, baricitinib and
ruxolitinib (23, 48). They are both type I inhibitors with rather
low half-life and exhibit IC50s of less than 10 nM for JAK2 (23).

Further multi-network analysis was constructed to identify the
most significant functional IDEGs and understand the biological
characteristics of the proteins. As a hub gene, JAK2 greatly
participated in gene-pathways and TFs/miRNA-mRNA networks.
In gene-pathways network, JAK2 interacted with IFN-y signaling
and cellular response to IL-6 pathways. Hsa-miR-320d and Hsa-
miR-320b interacted with JAK2 In miRNA-mRNA network. The
expression of all miR-320 family members was significantly
correlated with the severity and progression of SARS-CoV-2
infection, which also modulates cholesterol efflux and
atherosclerosis (49, 50). In silico and microarray analysis proved
the regulatory relationship between Hsa-miR-320 and JAK2 (51,
52). In TFs-mRNA network, JAK2 and STAT2 mediate the signal
transduction of more than 50 cytokines and growth factors in many
different cell types, which is critical for resisting infection and
enforcing barrier functions. JAK2/STAT2 pathway contributes to
homocysteine-accelerated macrophage inflammation, adding to the
risk for atherosclerosis (46).

Furthermore, we analyzed the distribution of immune cells in
COVID-19/IS patients and found that CD8" T cells, CD8" naive T
cells, Th2 cells and naive B cells were differentially distributed
between the patients and controls, indicating these immune cells are
more important in the common immunological foundation of two
diseases. CIBERSORT and ImmuCellAl classification algorithm
illuminated the similar decreasing trend in CD8" T cells in
COVID-19 and IS patients. CD8" T cells are critical for clearance
of many viral infections, due to their ability to kill infected cells (53).
However, the decreasing absolute number of lymphopenia was
continually observed in patients with COVID-19, especially a
severe reduction in the frequency of CD8" T cells (53-55). T-cell
exhaustion is evidently the primary mechanism underlying immune
dysfunction during viral infection (56). Virus antigen-specific CD8"
T cells exhibit features of T-cell exhaustion and dysfunction (57),
consistent with our findings (Figure 8A). In addition, the decreasing
number of T and B lymphocytes in IS patients’ peripheral blood
seems to be related to the post-stroke immunosuppression
condition (9, 12, 58).
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(A, B) Comparison of proportion of immune cells between COVID-19/IS and controls with t-test. Analyses were performed using CIBERSORT.
**x%:P < 0.0001 (C) Spearman Correlation Analysis between the gene expression of common IDEGs and CD8" T cell proportion. The red dashed lines
represent +0.3 and -0.3. "ns" means P value > 0.05, representing no difference between the case and control.

Considering that immunity requires the coordinated efforts of
IRGs and immune cells, we analyzed the relationships from
common IDEGs to CD8" T cells and Th2 cells. We found a
significantly positive correlation between NCR3 and CD8" T cells
and Th2 cells, in both COVID-19 and IS patients. Researchers
identified a unique CD8" T-cell cluster expressing innate-like NCR3
protein in healthy donors and patients with viral infection (59, 60).
This specific cell group provides a potential explanation for the
above correlation between NCR3 and CD8" T cells. However, the
precise mechanism behind NCR3, CD8" T cells and Th2 cells is not
yet clearly understood.

This study has the following limitations. Firstly, this study was
conducted based on bioinformatic and correlational analyses, and
differences in microarray platforms, blood collection, and RNA
extraction methods, statistical methods could produce potential
bias for the results. Besides, the datasets used in this study might
not be large enough to generate compelling results. More large
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cohorts of COVID-19 and IS patients are needed, and future
cellular or animal experiments are expected to prove accuracy of
the results. Therefore, the above findings should be taken with
carefulness. Nevertheless, this study provides new insights into the
shared pathogenesis behind COVID-19 and IS, suggesting the critical
role of immune changes for the onset and development of these two
diseases. Of course, in addition to the close relationship between
COIVD and IS, emerging evidence illustrated that immunological
response interlink COVID-19 with other diseases, such as HIV
infection, cardiovascular disease and periodontitis (61-64).

The blood-brain barrier (BBB), consisting of endothelial cells,
vascular smooth muscle cells or pericytes, basement membranes,
astrocyte end-feet processes, and neuronal projections, is viewed as
the dynamic neurovascular unit (NVU) (65). Recent in vivo and in
vitro research has demonstrated that inflammation and immune
response damaging the BBB are the main mechanisms behind the
initiation and progression of ischemic stroke. For example, numerous
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studies showed that thrombin could enter the inflammation-
damaged BBB, converting fibrin to fibrinogen, promoting
thrombosis (66). Thrombin also could bind with their receptors on
the endothelial cells, increasing the cytosolic Ca** concentration
further impairing the BBB (67). Our study indicated that
occurrence of post-COVID-19 ischemic stroke might be relevant to
inflammatory pathways and immune system, which confirmed with
current hypothesis of the importance of inflammation in IS.

Data availability statement
The original contributions presented in the study are included

in the article/Supplementary Material. Further inquiries can be
directed to the corresponding author.

Frontiers in Immunology

Author contributions

WL: Methodology. Investigation, Formal Analysis,
Visualization, Writing - Original Draft FH: Supervision, Writing -
Review & Editing MW: Writing - Original Draft X-ZY:
Conceptualization, Funding Acquisition, Methodology, Writing -
Review & Editing. All authors contributed to the article and
approved the submitted version.

Funding

This work was supported by National High Level Hospital
Clinical Research Funding, 2022-PUMCH-A-068.

frontiersin.org


https://doi.org/10.3389/fimmu.2023.1102281
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Liu et al.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated

References

1. Luo W, Liu X, Bao K, Huang C. Ischemic stroke associated with COVID-19: A
systematic review and meta-analysis. J Neurol (2022) 269:1731-40. doi: 10.1007/
s00415-021-10837-7

2. Qureshi AI, Baskett WI, Huang W, Shyu D, Myers D, Raju M, et al. Acute
ischemic stroke and COVID-19: An analysis of 27 676 patients. Stroke (2021) 52:905-
12. doi: 10.1161/STROKEAHA.120.031786

3. Rudilosso S, Laredo C, Vera V, Vargas M, Renu A, Llull L, et al. Acute stroke care
is at risk in the era of COVID-19: Experience at a comprehensive stroke center in
Barcelona. Stroke (2020) 51:1991-5. doi: 10.1161/STROKEAHA.120.030329

4. Majidi S, Fifi JT, Ladner TR, Lara-Reyna ], Yaeger KA, Yim B, et al. Emergent
Large vessel occlusion stroke during new York city's COVID-19 outbreak: Clinical
characteristics and paraclinical findings. Stroke (2020) 51:2656-63. doi: 10.1161/
STROKEAHA.120.030397

5. Merkler AE, Parikh NS, Mir S, Gupta A, Kamel H, Lin E, et al. Risk of ischemic
stroke in patients with coronavirus disease 2019 (COVID-19) vs patients with
influenza. JAMA Neurol (2020) 77:1-7. doi: 10.1001/jamaneurol.2020.2730

6. Modin D, Claggett B, Sindet-Pedersen C, Lassen MCH, Skaarup KG, Jensen JUS,
et al. Acute COVID-19 and the incidence of ischemic stroke and acute myocardial
infarction. Circulation (2020) 142:2080-2. doi: 10.1161/CIRCULATIONAHA.120.050809

7. Helms J, Tacquard C, Severac F, Leonard-Lorant I, Ohana M, Delabranche X,
et al. High risk of thrombosis in patients with severe SARS-CoV-2 infection: A
multicenter prospective cohort study. Intensive Care Med (2020) 46:1089-98.
doi: 10.1007/s00134-020-06062-x

8. Magadum A, Kishore R. Cardiovascular manifestations of COVID-19 infection.
Cells (2020) 9. doi: 10.3390/cells9112508

9. Endres M, Moro MA, Nolte CH, Dames C, Buckwalter MS, Meisel A. Immune
pathways in etiology, acute phase, and chronic sequelae of ischemic stroke. Circ Res
(2022) 130:1167-86. doi: 10.1161/circresaha.121.319994

10. Zakeri A, Jadhav AP, Sullenger BA, Nimjee SM. Ischemic stroke in COVID-19-
positive patients: an overview of SARS-CoV-2 and thrombotic mechanisms for the
neurointerventionalist. ] neurointery Surg (2021) 13:202-6. doi: 10.1136/neurintsurg-
2020-016794

11. Gupta A, Madhavan MV, Sehgal K, Nair N, Mahajan S, Sehrawat TS, et al.
Extrapulmonary manifestations of COVID-19. Nat Med (2020) 26:1017-32.
doi: 10.1038/541591-020-0968-3

12. Levard D, Buendia I, Lanquetin A, Glavan M, Vivien D, Rubio M, et al. Filling
the gaps on stroke research: Focus on inflammation and immunity. Brain Behav
Immun (2021) 91:649-67. doi: 10.1016/j.bbi.2020.09.025

13. Barr TL, Conley Y, Ding J, Dillman A, Warach S, Singleton A, et al. Genomic
biomarkers and cellular pathways of ischemic stroke by RNA gene expression profiling.
Neurology (2010) 75:1009-14. doi: 10.1212/WNL.0b013e3181f2b37f

14. O'Connell GC, Petrone AB, Treadway MB, Tennant CS, Lucke-Wold N,
Chantler PD, et al. Machine-learning approach identifies a pattern of gene
expression in peripheral blood that can accurately detect ischaemic stroke. NPJ
Genom Med (2016) 1:16038. doi: 10.1038/npjgenmed.2016.38

15. O'Connell GC, Treadway MB, Petrone AB, Tennant CS, Lucke-Wold N,
Chantler PD, et al. Peripheral blood AKAP7 expression as an early marker for
lymphocyte-mediated post-stroke blood brain barrier disruption. Sci Rep (2017)
7:1172. doi: 10.1038/s41598-017-01178-5

16. Stamova B, Jickling GC, Ander BP, Zhan X, Liu D, Turner R, et al. Gene
expression in peripheral immune cells following cardioembolic stroke is sexually
dimorphic. PloS One (2014) 9:¢102550. doi: 10.1371/journal.pone.0102550

17. Lévy Y, Wiedemann A, Hejblum BP, Durand M, Lefebvre C, Surénaud M, et al.
CD177, a specific marker of neutrophil activation, is associated with coronavirus

Frontiers in Immunology

11

10.3389/fimmu.2023.1102281

organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fimmu.2023.1102281/
full#supplementary-material

disease 2019 severity and death. iScience (2021) 24:102711. doi: 10.1016/
j.isci.2021.102711

18. Soares-Schanoski A, Sauerwald N, Goforth CW, Periasamy S, Weir DL, Lizewski S,
et al. Asymptomatic SARS-CoV-2 infection is associated with higher levels of serum IL-17C,
matrix metalloproteinase 10 and fibroblast growth factors than mild symptomatic COVID-
19. Front Immunol (2022) 13:821730. doi: 10.3389/fimmu.2022.821730

19. Overmyer KA, Shishkova E, Miller IJ, Balnis J, Bernstein MN, Peters-Clarke TM,
et al. Large-Scale multi-omic analysis of COVID-19 severity. Cell Syst (2021) 12:23-
40.27. doi: 10.1016/j.cels.2020.10.003

20. Banerjee U, Rao P, Reddy M, Hussain M, Chunchanur S, Ambica R, et al. A 9-
gene biomarker panel identifies bacterial coinfections in culture-negative COVID-19
cases. Mol Omics (2022) 18:814-20. doi: 10.1039/d2mo00100d

21. Barr TL, VanGilder R, Rellick S, Brooks SD, Doll DN, Lucke-Wold AN, et al. A
genomic profile of the immune response to stroke with implications for stroke recovery.
Biol Res Nurs (2015) 17:248-56. doi: 10.1177/1099800414546492

22. Issa AN, Herman NM, Wentz R], Taylor BJ, Summerfield DC, Johnson BD, et al.
Association of cognitive performance with time at altitude, sleep quality, and acute
mountain sickness symptoms. Wilderness Environ Med (2016) 27:371-8. doi: 10.1016/
j-wem.2016.04.008

23. Levy G, Guglielmelli P, Langmuir P, Constantinescu SN. JAK inhibitors and
COVID-19. ] Immunother Cancer (2022) 10. doi: 10.1136/jitc-2021-002838

24. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. Limma powers
differential expression analyses for RNA-sequencing and microarray studies. Nucleic
Acids Res (2015) 43:e47. doi: 10.1093/nar/gkv007

25. Yu G, Wang LG, Han Y, He QY. clusterProfiler: An r package for comparing
biological themes among gene clusters. OMICS (2012) 16:284-7. doi: 10.1089/
omi.2011.0118

26. Bhattacharya S, Dunn P, Thomas CG, Smith B, Schaefer H, Chen J, et al.
ImmPort, toward repurposing of open access immunological assay data for
translational and clinical research. Sci Data (2018) 5:180015. doi: 10.1038/sdata.2018.15

27. Engebretsen S, Bohlin J. Statistical predictions with glmnet. Clin Epigenet (2019)
11:123. doi: 10.1186/s13148-019-0730-1

28. Wishart DS, Feunang YD, Guo AC, Lo EJ, Marcu A, Grant JR, et al. DrugBank
5.0: a major update to the DrugBank database for 2018. Nucleic Acids Res (2018) 46:
D1074-82. doi: 10.1093/nar/gkx1037

29. Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, et al.
Cytoscape: A software environment for integrated models of biomolecular
interaction networks. Genome Res (2003) 13:2498-504. doi: 10.1101/gr.1239303

30. Bindea G, Mlecnik B, Hackl H, Charoentong P, Tosolini M, Kirilovsky A, et al.
ClueGO: A cytoscape plug-in to decipher functionally grouped gene ontology and
pathway annotation networks. Bioinformatics (2009) 25:1091-3. doi: 10.1093/
bioinformatics/btp101

31. Huang Z, Shi J, Gao Y, Cui C, Zhang S, Li J, et al. HMDD v3.0: a database for
experimentally supported human microRNA-disease associations. Nucleic Acids Res
(2019) 47:D1013-d1017. doi: 10.1093/nar/gky1010

32. Ludwig N, Leidinger P, Becker K, Backes C, Fehlmann T, Pallasch C, et al.
Distribution of miRNA expression across human tissues. Nucleic Acids Res (2016)
44:3865-77. doi: 10.1093/nar/gkw116

33. LiJH, Liu S, Zhou H, Qu LH, Yang JH. starBase v2.0: decoding miRNA-ceRNA,
miRNA-ncRNA and protein-RNA interaction networks from large-scale CLIP-seq
data. Nucleic Acids Res (2014) 42:D92-97. doi: 10.1093/nar/gkt1248

34. Herrmann C, Van de Sande B, Potier D, Aerts S. I-cisTarget: An integrative
genomics method for the prediction of regulatory features and cis-regulatory modules.
Nucleic Acids Res (2012) 40:e114. doi: 10.1093/nar/gks543

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2023.1102281/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2023.1102281/full#supplementary-material
https://doi.org/10.1007/s00415-021-10837-7
https://doi.org/10.1007/s00415-021-10837-7
https://doi.org/10.1161/STROKEAHA.120.031786
https://doi.org/10.1161/STROKEAHA.120.030329
https://doi.org/10.1161/STROKEAHA.120.030397
https://doi.org/10.1161/STROKEAHA.120.030397
https://doi.org/10.1001/jamaneurol.2020.2730
https://doi.org/10.1161/CIRCULATIONAHA.120.050809
https://doi.org/10.1007/s00134-020-06062-x
https://doi.org/10.3390/cells9112508
https://doi.org/10.1161/circresaha.121.319994
https://doi.org/10.1136/neurintsurg-2020-016794
https://doi.org/10.1136/neurintsurg-2020-016794
https://doi.org/10.1038/s41591-020-0968-3
https://doi.org/10.1016/j.bbi.2020.09.025
https://doi.org/10.1212/WNL.0b013e3181f2b37f
https://doi.org/10.1038/npjgenmed.2016.38
https://doi.org/10.1038/s41598-017-01178-5
https://doi.org/10.1371/journal.pone.0102550
https://doi.org/10.1016/j.isci.2021.102711
https://doi.org/10.1016/j.isci.2021.102711
https://doi.org/10.3389/fimmu.2022.821730
https://doi.org/10.1016/j.cels.2020.10.003
https://doi.org/10.1039/d2mo00100d
https://doi.org/10.1177/1099800414546492
https://doi.org/10.1016/j.wem.2016.04.008
https://doi.org/10.1016/j.wem.2016.04.008
https://doi.org/10.1136/jitc-2021-002838
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1038/sdata.2018.15
https://doi.org/10.1186/s13148-019-0730-1
https://doi.org/10.1093/nar/gkx1037
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1093/bioinformatics/btp101
https://doi.org/10.1093/bioinformatics/btp101
https://doi.org/10.1093/nar/gky1010
https://doi.org/10.1093/nar/gkw116
https://doi.org/10.1093/nar/gkt1248
https://doi.org/10.1093/nar/gks543
https://doi.org/10.3389/fimmu.2023.1102281
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Liu et al.

35. Newman AM, Liu L, Green MR, Gentles AJ, Feng W, Xu Y, et al. Robust
enumeration of cell subsets from tissue expression profiles. Nat Methods (2015)
12:453-7. doi: 10.1038/nmeth.3337

36. Miao YR, Zhang Q, Lei Q, Luo M, Xie GY, Wang H, et al. ImmuCellAl: A
unique method for comprehensive T-cell subsets abundance prediction and its
application in cancer immunotherapy. Adv Sci (Weinh) (2020) 7:1902880.
doi: 10.1002/advs.201902880

37. Shah A. Novel coronavirus-induced NLRP3 inflammasome activation: A
potential drug target in the treatment of COVID-19. Front Immunol (2020) 11:1021.
doi: 10.3389/fimmu.2020.01021

38. Kursun O, Yemisci M, van den Maagdenberg A, Karatas H. Migraine and
neuroinflammation: The inflammasome perspective. ] Headache Pain (2021) 22:55.
doi: 10.1186/s10194-021-01271-1

39. Zuo Y, Yalavarthi S, Shi H, Gockman K, Zuo M, Madison JA, et al.
Neutrophil extracellular traps in COVID-19. JCI Insight (2020) 5. doi: 10.1172/
jci.insight.138999

40. Au A, Griffiths LR, Cheng KK, Kooi Wee C, Irene L, Wei Keat L, et al. The
influence of OLR1 and PCSK9 gene polymorphisms on ischemic stroke: Evidence from
a meta-analysis. Sci Rep (2015) 5:18224. doi: 10.1038/srep18224

41. Combadiere B, Adam L, Guillou N, Quentric P, Rosenbaum P, Dorgham K, et al.
LOX-1-Expressing immature neutrophils identify critically-ill COVID-19 patients at
risk of thrombotic complications. Front Immunol (2021) 12:752612. doi: 10.3389/
fimmu.2021.752612

42. Suhre K, Sarwath H, Engelke R, Sohail MU, Cho SJ, Whalen W, et al.
Identification of robust protein associations with COVID-19 disease based on five
clinical studies. Front Immunol (2021) 12:781100. doi: 10.3389/
fimmu.2021.781100

43. Alunno A, Padjen I, Fanouriakis A, Boumpas DT. Pathogenic and therapeutic
relevance of JAK/STAT signaling in systemic lupus erythematosus: Integration of
distinct inflammatory pathways and the prospect of their inhibition with an oral agent.
Cells (2019) 8. doi: 10.3390/cells8080898

44. Yan B, Freiwald T, Chauss D, Wang L, West E, Mirabelli C, et al. SARS-CoV-2
drives JAK1/2-dependent local complement hyperactivation. Sci Immunol (2021) 6.
doi: 10.1126/sciimmunol.abg0833

45. Luke MM, Berger K, Rowland CM, Catanese JJ, Tong CH, Ross DA, et al.
Polymorphisms and noncardioembolic stroke in three case-control studies.
Cerebrovasc Dis (2012) 33:80-5. doi: 10.1159/000333444

46. Xu L, Zhang H, Wang Y, Yang A, Dong X, Gu L, et al. FABP4 activates the
JAK2/STAT2 pathway via Rapla in the homocysteine-induced macrophage
inflammatory response in ApoE(-/-) mice atherosclerosis. Lab Invest (2022) 102:25-
37. doi: 10.1038/s41374-021-00679-2

47. Zhu H, Jian Z, Zhong Y, Ye Y, Zhang Y, Hu X, et al. Janus kinase inhibition
ameliorates ischemic stroke injury and neuroinflammation through reducing NLRP3
inflammasome activation via JAK2/STAT3 pathway inhibition. Front Immunol (2021)
12:714943. doi: 10.3389/fimmu.2021.714943

48. Hoang TN, Pino M, Boddapati AK, Viox EG, Starke CE, Upadhyay AA, et al.
Baricitinib treatment resolves lower-airway macrophage inflammation and neutrophil
recruitment in SARS-CoV-2-infected rhesus macaques. Cell (2021) 184:460-475.e421.
doi: 10.1016/j.cell.2020.11.007

49. Duecker RP, Adam EH, Wirtz S, Gronau L, Khodamoradi Y, Eberhardt FJ, et al.
The MiR-320 family is strongly downregulated in patients with COVID-19 induced
severe respiratory failure. Int J Mol Sci (2021) 22. doi: 10.3390/ijms221910351

50. Lu X, Yang B, Yang H, Wang L, Li H, Chen S, et al. MicroRNA-320b modulates
cholesterol efflux and atherosclerosis. | Atheroscler Thromb (2022) 29:200-20.
doi: 10.5551/jat.57125

Frontiers in Immunology

12

10.3389/fimmu.2023.1102281

51. Dandare A, Rabia G, Khan MJ. In silico analysis of non-coding RNAs and
putative target genes implicated in metabolic syndrome. Comput Biol Med (2021)
130:104229. doi: 10.1016/j.compbiomed.2021.104229

52. Sheng M, Zhong Y, Chen Y, Du J, Ju X, Zhao C, et al. Hsa-miR-1246, hsa-miR-320a
and hsa-miR-196b-5p inhibitors can reduce the cytotoxicity of Ebola virus glycoprotein.
vitro. Sci China Life Sci (2014) 57:959-72. doi: 10.1007/s11427-014-4742-y

53. Sette A, Crotty S. Adaptive immunity to SARS-CoV-2 and COVID-19. Cell
(2021) 184:861-80. doi: 10.1016/j.cell.2021.01.007

54. Tan M, Liu Y, Zhou R, Deng X, Li F, Liang K, et al. Immunopathological
characteristics of coronavirus disease 2019 cases in guangzhou, China. Immunology
(2020) 160:261-8. doi: 10.1111/imm.13223

55. Tarke A, Sidney J, Methot N, Yu ED, Zhang Y, Dan JM, et al. Impact of SARS-
CoV-2 variants on the total CD4(+) and CD8(+) T cell reactivity in infected or
vaccinated individuals. Cell Rep Med (2021) 2:100355. doi: 10.1016/j.xcrm.2021.100355

56. Anka AU, Tahir MI, Abubakar SD, Alsabbagh M, Zian Z, Hamedifar H, et al.
Coronavirus disease 2019 (COVID-19): An overview of the immunopathology,
serological diagnosis and management. Scand ] Immunol (2021) 93:e12998.
doi: 10.1111/sji.12998

57. Kared H, Redd AD, Bloch EM, Bonny TS, Sumatoh H, Kairi F, et al. SARS-CoV-
2-specific CD8+ T cell responses in convalescent COVID-19 individuals. J Clin Invest
(2021) 131. doi: 10.1172/jci145476

58. Liu W, Yang XZ, Zhang D, He X, Yu Q, Liu X, et al. Differential regulation of the
immune system in peripheral blood following ischemic stroke. BioMed Res Int (2022)
2022:2747043. doi: 10.1155/2022/2747043

59. Correia MP, Stojanovic A, Bauer K, Juraeva D, Tykocinski LO, Lorenz HM, et al.
Distinct human circulating NKp30(+)FcepsilonRIgamma(+)CD8(+) T cell population
exhibiting high natural killer-like antitumor potential. Proc Natl Acad Sci U.S.A. (2018)
115:E5980-9. doi: 10.1073/pnas.1720564115

60. Kefalakes H, Horgan XJ, Jung MK, Amanakis G, Kapuria D, Bolte FJ, et al. Liver-
resident bystander CD8(+) T cells contribute to liver disease pathogenesis in chronic
hepatitis d virus infection. Gastroenterology (2021) 161:1567-1583.e1569. doi: 10.1053/
j.gastro.2021.07.027

61. Fu Y, Zhang J, Xu L, Zhang H, Ma S, Gao Y, et al. Developing a novel
immune-related seven-gene signature and immune infiltration pattern in patients
with COVID-19 and cardiovascular disease. J Cardiovasc Dev Dis (2022) 9.
doi: 10.3390/jcdd9120450

62. Liu X, Lou L, Zhou L. Molecular mechanisms of cardiac injury associated with
myocardial SARS-CoV-2 infection. Front Cardiovasc Med (2021) 8:643958.
doi: 10.3389/fcvm.2021.643958

63. Yan C, Niu Y, Wang X. Blood transcriptome analysis revealed the crosstalk
between COVID-19 and HIV. Front Immunol (2022) 13:1008653. doi: 10.3389/
fimmu.2022.1008653

64. Zhang C, Sun Y, Xu M, Shu C, Yue Z, Hou J, et al. Potential links between

COVID-19 and periodontitis: A bioinformatic analysis based on GEO datasets. BMC
Oral Health (2022) 22:520. doi: 10.1186/s12903-022-02435-4

65. Tadecola C. The neurovascular unit coming of age: A journey through
neurovascular coupling in health and disease. Neuron (2017) 96:17-42. doi: 10.1016/
jneuron.2017.07.030

66. Bartha K, Dométor E, Lanza F, Adam-Vizi V, Machovich R. Identification of
thrombin receptors in rat brain capillary endothelial cells. J Cereb Blood Flow Metab
(2000) 20:175-82. doi: 10.1097/00004647-200001000-00022

67. Benjamin EJ, Blaha MJ, Chiuve SE, Cushman M, Das SR, Deo R, et al. Heart
disease and stroke statistics-2017 update: A report from the American heart
association. Circulation (2017) 135:e146-603. doi: 10.1161/CIR.0000000000000485

frontiersin.org


https://doi.org/10.1038/nmeth.3337
https://doi.org/10.1002/advs.201902880
https://doi.org/10.3389/fimmu.2020.01021
https://doi.org/10.1186/s10194-021-01271-1
https://doi.org/10.1172/jci.insight.138999
https://doi.org/10.1172/jci.insight.138999
https://doi.org/10.1038/srep18224
https://doi.org/10.3389/fimmu.2021.752612
https://doi.org/10.3389/fimmu.2021.752612
https://doi.org/10.3389/fimmu.2021.781100
https://doi.org/10.3389/fimmu.2021.781100
https://doi.org/10.3390/cells8080898
https://doi.org/10.1126/sciimmunol.abg0833
https://doi.org/10.1159/000333444
https://doi.org/10.1038/s41374-021-00679-2
https://doi.org/10.3389/fimmu.2021.714943
https://doi.org/10.1016/j.cell.2020.11.007
https://doi.org/10.3390/ijms221910351
https://doi.org/10.5551/jat.57125
https://doi.org/10.1016/j.compbiomed.2021.104229
https://doi.org/10.1007/s11427-014-4742-y
https://doi.org/10.1016/j.cell.2021.01.007
https://doi.org/10.1111/imm.13223
https://doi.org/10.1016/j.xcrm.2021.100355
https://doi.org/10.1111/sji.12998
https://doi.org/10.1172/jci145476
https://doi.org/10.1155/2022/2747043
https://doi.org/10.1073/pnas.1720564115
https://doi.org/10.1053/j.gastro.2021.07.027
https://doi.org/10.1053/j.gastro.2021.07.027
https://doi.org/10.3390/jcdd9120450
https://doi.org/10.3389/fcvm.2021.643958
https://doi.org/10.3389/fimmu.2022.1008653
https://doi.org/10.3389/fimmu.2022.1008653
https://doi.org/10.1186/s12903-022-02435-4
https://doi.org/10.1016/j.neuron.2017.07.030
https://doi.org/10.1016/j.neuron.2017.07.030
https://doi.org/10.1097/00004647-200001000-00022
https://doi.org/10.1161/CIR.0000000000000485
https://doi.org/10.3389/fimmu.2023.1102281
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

	Integrated bioinformatics analysis identifies shared immune changes between ischemic stroke and COVID 19
	1 Introduction
	2 Methods
	2.1 Datasets employed in this study
	2.2 Identification of differentially expressed genes and functional annotation
	2.3 Hub genes and drug targets
	2.4 Gene-pathway interactions and miRNA-mRNA network
	25 Transcription factors analysis
	26 Immune cell infiltration evaluation

	3 Results
	3.1 Identification of common DEGs of COVID-19 and IS
	3.2 Functional enrichment analysis of common DEGs underlines the immune system
	3.3 Identification of hub genes and drug targets
	3.4 Network of gene-pathway, miRNA-mRNA interaction and TF-mRNA relationship
	3.5 Immune changes

	4 Discussion
	Data availability statement
	Author contributions
	Funding
	Supplementary material
	References


