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Abstract
Background A stroke is a complex neurological phenomenon where patients may suddenly experience paralysis, loss of vision or impaired speech because of
interruption of blood �ow. Stroke is the second leading cause of death and a signi�cant reason for long-term disability worldwide. Optimal biomarkers latent in
stroke remain relatively unknown, and efforts are ongoing to effectively de�ne the molecular �ngerprints of a stroke. In this study, we utilized microarray gene
expression data for the in silico discovery of novel key diagnostic markers which can be utilized for clinical treatment of ischemic stroke.Methods and results
We performed differential expression analysis and obtained 20 genes which have at least a two-fold change in the expression level. We also performed gene-
disease association studies, functional categories enrichment and GO term enrichment analysis, tissue expression analysis, protein-protein interaction (PPI)
analysis, interaction study of miRNAs that target identi�ed biomarkers. The identi�ed diagnostic markers were validated with the PubMed literature using
publication enrichment analysis.Conclusions It was observed that most of the identi�ed genes, including AKAP7, ARG1, S100A2, MMP9, TIMP, and CCR7 are
markers for early or post-ischemic stroke.

Background
A stroke, brain stroke, or a brain attack is a complex neurological phenomenon, where patients may suddenly experience paralysis, loss of vision or impaired
speech because of interruption of blood �ow. It is the second leading cause of death and a signi�cant reason of long-term disability worldwide [1, 2]. Within
the United States, a stroke is the third major cause of death, and on average, one person every 40 seconds will experience a stroke, and every 4 minutes will die
from a stroke, which is likely to increase due to population aging [1, 3]. In 2016, there were 5.5 million deaths and 116.4 million disability-adjusted life-years
caused by stroke worldwide [4]. The global cost burden of stroke is very high which is projected to be 1.52 trillion dollars in 2050 [3].

In fact, a stroke is a medical emergency which damages the brain where no supply of blood is found, leading to neurological dysfunctions. It is caused by
vascular injury to the brain, which prohibits the proper supply of blood to the brain [5]. Some of the common symptoms are headache, paralysis or numbness
of the face, arms or legs, blurred or blackened vision, and di�culty in speaking and walking [6, 7]. Some of the common types of strokes are Ischemic stroke,
Hemorrhagic stroke, and Transient Ischemic Attack (TIA). According to the American Stroke Association, an ischemic stroke (clots) is the most common type
of stroke which accounts for 87% of all strokes. It occurs when blood supply to the brain is obstructed due to blood clots in the cerebral artery [8].
Atherosclerosis, fatty deposits lining the vessel walls, is the root cause of ischemic stroke [9]. Hemorrhagic stroke (bleeds) occurs when a weakened blood
vessel in the brain ruptures and bleeds into the surrounding tissue, which further accumulates and compresses the surrounding tissues. This type of stroke
can occur in response to hypertension, blood thinner use and an aneurysm [10], and accounts for 13% of total stroke cases. TIA, also called a mini-stroke, has
temporary symptoms which usually last for 5 minutes. These symptoms generally do not result in permanent tissue damage, however, if a TIA attack
continues for more than an hour, there will be a chance of permanent tissue damage. It primarily occurs when debris blocks the blood �ow of the nervous
system temporarily [11–13].

Strokes are usually treated using anti-platelet drugs, anticoagulants, thrombolytic agents, and angioplasty. The commonly used anti-platelet drug is Aspirin
which is the least expensive treatment with low side effects [7, 14]. These medications help in un-sticking the platelets [15]. Anticoagulants include heparin
and warfarin, which directly affect the clotting system protein. Heparin is used for a short time as compared to Aspirin. Thrombolytic agents, also known as
recombinant tissue plasminogen activators (r-tPA), help in dissolving the clots by removing the obstruction and restoring blood �ow to the brain [16]. In fact, r-
tPA is the only FDA-approved medication for ischemic stroke which must be administered within three-hours from the onset of symptoms. Angioplasty is a
procedure which involves use of a balloon-like device to open a clogged artery, such as the carotid, and to keep it open, a small wire tube is placed into the
artery [17].

 

Literature Review

The effective treatment of critical stroke patients depends on a quick assessment of the type of stroke and general clinical status of the patients. For instance,
thrombolytic therapy with r-tPA is the only FDA-approved treatment for ischemic stroke, whereas there is no effective treatment available for hemorrhagic
stroke [18]. Hence, quick and objective assessment of the type of stroke during admission would improve treatment outcome. In order to diagnose acute stroke
correctly, measurement of molecular characteristics from biomarkers is used. Biomarkers help to develop targets for neuroprotective therapies and monitor
treatment response [19].

Several kinds of biomarkers are studied in stroke to recognize therapeutic targets, including physical markers, neuroimaging markers, electro-physiological
markers, as well as histological, serum, neuronal and genetic markers [20]. Neuroimaging is a commonly used method to diagnose stroke, to estimate the
severity and to predict the risk of recurrence. Histological markers are used to evaluate uncommon causes, including vasculitis and collagen vascular disease.
Serum biomarkers help in the diagnosis of intracerebral hemorrhage and cerebral ischemia and testing for metabolic risk factors but interpreting them can be
complicated by the effects of the blood-brain barrier, and individual heterogeneity limit its usage for early diagnosis and lesion size estimation. Further, genetic
markers can be used to predict heritable cerebrovascular conditions associated with a stroke which is quite applicable in personalizing treatments [21].

Literature suggests that brain-speci�c protein biomarkers of glial, glial �brillary acidic protein (GFAP) and neuronal cell injury can be detected in the
cerebrospinal �uid and may also be detected within the peripheral blood supply for prompt and better decision making [18]. GFAP is released into the blood
which provides important clinical information for stroke prognosis at an early stage of development as it helps in differentiating the types of strokes [20].

Despite extensive research of biomarkers in stroke, the current studies have not achieved signi�cant evidence to draw a �nal conclusion. The availability of
molecular and genetic data such as more than 250,000 proteins, 20,000 coding genes, and a growing number of non-coding genes, metabolites and other
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molecules, all need to be utilized for the in silico detection and validation of genetic biomarkers of strokes [22]. Hence, there is a need to further explore high
throughput genetic data (such as Microarray or RNA-seq) for the in silico discovery of novel key biomarkers which can be utilized for the clinical diagnosis and
immediate treatment of ischemic stroke.

Methods
The gene expression pro�les from peripheral whole blood of acute ischemic stroke patients, who were diagnosed with MRI and whose age were greater than
18 years, were collected in Paxgene Blood RNA tubes. The total samples of ischemic stroke patients were 39, while 24 neurologically healthy (non-stroke)
controls were also collected. The complete gene expression pro�le is available at NCBI-GEO with Accession No. GSE16561 [23]
(https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE16561).

Differential expression analysis

Gene expression pro�ling was performed on NCBI-GEO GSE16561 dataset to elucidate gene expression in chronic ischemic stroke patients and to recognize
the crucial marker genes involved in ischemic stroke. The data obtained were pre-processed and normalized using a GEO2R web-based tool available at NCBI-
GEO. Further, the fold change method was applied to identify differentially expressed genes (DEGs). Fold change is one of the simplest and widely used
methods for DEGs and describes how the expression level of a gene changes over the two different conditions or groups (control versus disease). It is
computed as a ratio of averages from control and disease samples. The levels of fold change are observed, and genes under or above a threshold are selected
[24]. It is suggested in the literature that a fold change below 0.5 is considered down-regulated, whereas a fold change above 2.0 is considered up-regulated
[25]. The results obtained were forwarded to functional enrichment and disease association studies, and subsequent downstream analysis.

Functional enrichment and disease association studies

Database for Annotation, Visualization and Integrated Discovery (DAVID 6.8) [26, 27] (URL: https://david.ncifcrf.gov/) was recognized as over-represented
biological features for DEG sets and network modules. The terms Gene Ontology (GO) and genome encyclopedia were accepted as functional terms 35. In the
DEG sets, considerably overrepresented biological features were identi�ed using the corrected P‐value < 0.05 from Benjamini-Hochberg. In order to view the
outcomes, different GO term features for DEG sets were produced from the most overrepresented biological features.

Protein-Protein Interaction Studies

Protein-protein interactions (PPIs) play a pivotal role in both predicting the functions of the target protein and therapeutic potential of the targeted molecules.
Most of the genes and proteins function as a result of a set of interactions [28], and understanding the physical, as well as the functional interactions, are
important for the biologists. Some of the experimental methods for PPI detection are a�nity puri�cation, yeast 2 hybrid (Y2H) and tandem a�nity puri�cation
(TAP). However, computational methods are also available for this purpose. In this research, we performed the PPI studies using a STRING database
(https://string-db.org/), which contains experimentally validated as well as predicted PPIs, including direct (physical) and indirect (functional)
interactions/associations.

MicroRNAs and gene biomarkers interaction studies

MicroRNAs are small, ~22 nucleotides long, non-coding RNAs that control gene expression at the post-transcriptional level by complementary base-pairing
with the target messenger RNA (mRNA), which degrades mRNA and blocks the translation process [29]. Dysfunction of microRNAs can lead to the
development and progression of several human diseases, including neurological disorders and strokes [30, 31]. Hence, the study of microRNAs targeting
detected gene biomarkers in stroke is necessary. In this paper, we have utilized the miRTargetLink for Human (https://ccb-web.cs.uni-
saarland.de/mirtargetlink/) tool for the interaction studies of microRNAs and gene biomarkers.

Results And Discussion
The considered gene expression datasets consist of a total of 63 samples, of which 39 belong to ischemic stroke patients and 24 are from controls who were
neurologically healthy (non-stroke. To appreciate the distribution of gene expression data within these two groups, a boxplot is depicted in �gure 1A. It is
observed from the boxplot (�gure 1A) that log2 values of gene expression lie between 1.5 to -2.0, while their 2nd quartile (Mean) �uctuates between -0.5 to 0.5,
suggesting the gene expression data are uniformly distributed.

Figure 1B depicts the boxplot of the gene expression pro�le grouped into four samples – male stroke patients, female stroke patients, male non-stroke and
female non-stroke. It is observed that the female stroke group appears to be predominantly down regulated when compared to the female control group.

In order to �nd key diagnostic biomarkers, i.e. differentially expression genes (DEGs), we computed the fold change statistics between the two groups of
samples for all the genes. We �ltered DEGs with a signi�cance level of 5% (p-value <=0.05) and have at least a two-fold change in their expression. In this way,
we obtained 20 DEGs which had at least a two-fold change in the expression level between the two groups. Out of 20 DEGs, only one gene had a three-fold
change in the expression level. The list of identi�ed DEGs along with their statistics such as adjusted p-value, moderated t-statistics, B-statistics, log fold
change and fold change is given in Table 1.

The scatter plot of fold change scores and log fold change scores are shown in �gure 2, respectively. It is observed from both Table 1 and �gure 2A that, with
the exception of gene C-C motif chemokine receptor 7 (CCR7), all the identi�ed DEGs are down-regulated. The pro�le graph of the top �ve highly differentially
expressed genes such as ARG1, MMP9, S100A12, ORM1, FCGR3B are shown in �gure 3.

https://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE16561
https://string-db.org/
https://ccb-web.cs.uni-saarland.de/mirtargetlink/
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Gene-Disease Association Studies

We performed the DAVID analysis of identi�ed DEGs. The gene-disease association studies of these DEGs, along with their different scores are presented in
Table 2A. It can be observed from the disease association study using Genetic Association Database (GAD) [32] that four genes with GeneBank IDs
NM_004994, NM_001995, NM_006418, and NM_000570 are associated with disease term “Stroke”, while few other genes are associated with the disease
terms “brain hemorrhage”, “Guillain-Barre syndrome”, or “Multiple Sclerosis”.

Functional categories and GO analysis

Functional categories analysis helps group the related genes based on their protein domain families as most co-functioning genes belong to the same protein
families. Functional categories are usually derived from Gene Ontology (GO) and Pfam databases. In GO database, every GO term is represented as a node in
a directed acyclic graph, and functional categories are de�ned as genes annotated either directly to a node or to any descendant node in the ontology. Results
of the functional categories enrichment and GO term enrichment analysis of all the identi�ed DEGs are presented in Table 2B and Table 2C, respectively. The
identi�ed DEGs associated with stroke such as MMP9 (NM_004994), ACSL1 (NM_001995), OLFM4 (NM_006418) and FCGR3B (NM_000570) are enriched
with different GO terms. For instance, MMP9, OLFM4 and FCGR3B are more than four-fold enriched with the term “Secreted”, more than two-fold enriched with
the term “Signal”, and three-fold enriched with the term “Disul�de bond” (Table 2B & Table 2C). Hence, these genes are responsible for the controlled release of
substance by cells or tissues, transmission of information in the biological system, and catalysis of the rearrangement intrachain and interchain disul�de
bonds in proteins. Any perturbation to these genes may lead the mentioned biological dysfunctions.

Tissue expression analysis

The DAVID tool integrates world-class tissue expression data including GNF-Affy, CGAP-SAGE, CGAP-EST, and Unigene-EST, where we can quickly �nd the
most enriched gene expression patterns across thousands of normal and disease tissues for any given gene lists. Tissue expression analysis allows the
identi�cation of biomarkers and gene expression pattern discovery. Tissue expression analysis is performed by the DAVID tool with a threshold of p < 0.05
(Table 2D). The term “Whole Brain_3rd” is enriched with a count of 18 and 90% similarity with the identi�ed DEGs, which states that gene expresses higher
than a 3rd quartile of its expression across all the tissues. Out of 20 identi�ed DEGs in this study, 18 genes are signi�cantly enriched for genes expressed in the
brain tissue, including four genes involved in stroke (Table 2D). These enriched brain-expression genes illustrate that gene expression pro�les in peripheral
blood may be relevant for quantitative metabolic phenotypes in stroke. 

Protein-Protein Interaction Studies

The PPI studies were performed using the STRING database (https://string-db.org/). We performed PPI studies of only those DEGs which have been found to
be associated with “stroke”, as per Genetic Association Database (Ref. Table 2). Stroke associated genes are MMP9 (GeneBank ID: NM_004994),
ACSL1(GeneBank ID: NM_001995), OLFM4 (GeneBank ID: NM_006418), and FCGR3B (GeneBank ID: NM_000570). We considered three interaction sources
namely, Experiments, Co-expression, and Textmining, with an interaction score of 0.90 (highest con�dence) from the STRING database. The networks of these
genes are shown in �gure 4. These PPI networks also present KEGG and Reactome pathway analysis. For instance, MMP9 interacts with IL6, LCN2, IL1B, TNF,
and CXCL8 which are involved in hsa04657 (IL-17 signaling pathway), hsa168256 (immune system), and hsa04060 (cytokine-cytokine receptor interaction)
(�gure 4a). Similarly, ACSL1 interacts with several other genes, which are involved in hsa03320 (PPAR signaling pathway), hsa00071 (Fatty acid degradation),
and hsa01212 (Fatty acid metabolism) (�gure 4b). The results suggest that these genes are involved in important biological processes that can be interrupted
due to its differential expression.

MicroRNAs target studies

We performed an interaction study of miRNAs that targets identi�ed biomarker genes using miRTargetLink for Human (https://ccb-web.cs.uni-
saarland.de/mirtargetlink/). miRNA-gene interaction studies help to understand the underlying role of microRNAs in the pathway. The miRTargetLink contains
both experimentally known interactions from miRTarBase and predicted interactions. The microRNAs that targets MMP9, ACSL1, OLFM4, and FCGR3B are
shown in �gure 5, where only experimentally validated interactions (both weak and strong) were considered. Among these miRNA targets, few have been
validated within the literature to be involved in ischemic stroke pathogenesis including hsa-miR-93-3p (Upregulating SOD enzymes) targeting ACSL1 [33, 34],
hsa-miR-491-5p (Inhibit cellular invasion) targeting MMP9 [35], hsa-miR-29 (Induction of Fas receptors) targeting MMP9 [36], and hsa- miR-34a-5p (NPC
regulation) targeting ACSL1 [37].

Validation of identi�ed DEGs with the PubMed Literature

The identi�ed DEGs were validated with the PubMed literature database as publication enrichment analysis using the STRING database. The important results
of the publication enrichment analysis are shown in Table 3. We observed that most of the identi�ed DEGs are markers for early or post-ischemic stroke. For
instance, peripheral blood AKAP7 expression has been detected as an early marker for lymphocyte-mediated post-stroke blood-brain barrier disruption [38].
Similarly, several immune-related genes, including ARG1, are identi�ed in post-stroke immunosuppression and ischemic stroke severity [39]. MMP9 and
different isoforms of S100 (e.g. S100A12) at the protein level have been implicated as stroke predictors. Further, baseline serum MMP9 is reported to help
predict the occurrence of blood-brain barrier disruption and S100 serum protein is associated with worse clinical outcomes. Thus, MMP9 and S100 can be
used as prognostic markers in ischemic stroke [23]. By neutralizing the effect of MMPs, tissue inhibitors of matrix metalloproteinases (TIMPs) are responsible
for maintaining tissue proteolysis in balance [40]. Thus, TIMPs de�ne the mechanism of regulation by neuroin�ammatory stimuli. Chemokine receptor 7
(CCR7) is reported to be increased in peripheral blood leukocytes in mild to moderate ischemic stroke [41]. The orosomucoid 1 (ORM1) is a glycoprotein that
suppresses lymphocyte response to lipopolysaccharides, decreases platelet aggregation, and enhances cytokine secretion (refer Table 3). ACSL1 and FCGR3B,

https://string-db.org/
https://ccb-web.cs.uni-saarland.de/mirtargetlink/
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including MMP9, reported stroke-speci�c differential regulation in peripheral whole blood [38]. OLFM4, a gene associated with apoptosis, is also found to be
differentially expressed in stroke by Fernandez-Cadenas et al. [42].  

Conclusions
A stroke is a complex neurological phenomenon which damages the brain due to interruption of blood �ow, leading to neurological dysfunctions. The global
cost burden of stroke is very high and estimated to be $1.52 trillion by 2050. Ischemic stroke is the most common type of stroke, which accounts for 87% of all
strokes. The commonly used antiplatelet drug is Aspirin which is the least expensive treatment with low side effects. The effective treatment of critical stroke
patients depends on a quick assessment of the type of stroke and general clinical status of the patients. Hence, quick and objective assessment of the type of
stroke during admission would improve treatment outcome. In order to diagnose acute stroke correctly, measurement of molecular characteristics from
biomarkers are used, which help develop targets for neuroprotective therapies and monitor the response to treatment. In this study, we utilized Microarray gene
expression data for the in silico discovery of novel key diagnostic biomarkers which can be further utilized for clinical treatment of ischemic stroke.

We obtained 20 differentially expression genes using fold change statistics and performed gene-disease association which con�rmed that four genes, namely
MMP9, ACSL1, OLFM4, and FCGR3B, are associated with the disease term “stroke”, while few others are associated with the disease term “brain hemorrhage”,
“Guillain-Barre syndrome”, and “multiple sclerosis”. In future work, we can utilize multi-omic data integration to identify key diagnostic markers.
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Tables
Table 1. List of differentially expressed genes and their scores in brain stroke patients

ID Adj. P.
Val

P. Value logFC FC Gene Symbol Gene Title GenBank
Accession

ILMN_1812281 0.0000 0.0000 -1.6940 -3.24 ARG1 arginase 1 NM_000045

ILMN_1796316 0.0000 0.0000 -1.4304 -2.70 MMP9 matrix metallopeptidase 9 NM_004994

ILMN_1748915 0.0002 0.0000 -1.2761 -2.42 S100A12 S100 calcium binding protein A12 NM_005621

ILMN_1696584 0.0022 0.0001 -1.1837 -2.27 ORM1 orosomucoid 1 NM_000607

ILMN_2134453 0.0074 0.0006 -1.1742 -2.26 FCGR3B Fc fragment of IgG receptor IIIb NM_000570

ILMN_1680192 0.0097 0.0009 -1.1644 -2.24 APOBEC3A apolipoprotein B mRNA editing enzyme catalytic subunit 3A NM_145699

ILMN_1703049 0.0005 0.0000 -1.1421 -2.21 AKAP7 A-kinase anchoring protein 7 NM_016377

ILMN_1724533 0.0006 0.0000 -1.1193 -2.17 LY96 lymphocyte antigen 96 NM_015364

ILMN_1695157 0.0001 0.0000 -1.0993 -2.14 CA4 carbonic anhydrase 4 NM_000717

ILMN_1730454 0.0005 0.0000 -1.0948 -2.14 FOLR3 folate receptor 3 NM_000804

ILMN_1684585 0.0003 0.0000 -1.0946 -2.14 ACSL1 acyl-CoA synthetase long-chain family member 1 NM_001995

ILMN_1715131 0.0000 0.0000 1.0838 2.12 CCR7 C-C motif chemokine receptor 7 NM_001838

ILMN_1687301 0.0000 0.0000 -1.0757 -2.11 VCAN Versican NM_004385

ILMN_2173835 0.0354 0.0046 -1.0737 -2.10 FTH1P3 ferritin heavy chain 1 pseudogene 3 NR_002201

ILMN_1790689 0.0000 0.0000 -1.0689 -2.10 CRISPLD2 cysteine rich secretory protein LCCL domain containing 2 NM_031476

ILMN_1803819 0.0000 0.0000 -1.0330 -2.05 IQGAP1 IQ motif containing GTPase activating protein 1 NM_003870

ILMN_1807529 0.0000 0.0000 -1.0232 -2.03 PADI4 peptidyl arginine deiminase 4 NM_012387

ILMN_2197365 0.0000 0.0000 -1.0106 -2.01 RGS2 regulator of G-protein signaling 2 NM_002923

ILMN_1684982 0.0000 0.0000 -1.0078 -2.01 PDK4 pyruvate dehydrogenase kinase 4 NM_002612

ILMN_2116877 0.0123 0.0012 -1.0004 -2.00 OLFM4 olfactomedin 4 NM_006418

 

Table 2. Results of (A) disease association study using Genetic Association Database (GAD), (B) Functional categories enrichment analysis, (C) GO term enrichment

analysis, and (D) Tissue expression enrichment analysis using DAVID tool (P-value < 0.05)

(A) Gene Association Study
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Category Term Count % P-
Value

Genes Fold
Enrichment

Bonferroni Benjamini

GAD_DISEASE Stroke 4 20 0.0318 NM_004994, NM_001995,
NM_006418, NM_000570

5.3181 0.9999 0.8083

GAD_DISEASE brain hemorrhage 2 10 0.0284 NM_004994, NM_004385 65.5101 0.9998 0.9474

GAD_DISEASE Guillain-Barre syndrome 2 10 0.0233 NM_004994, NM_000570 80.0679 0.9992 0.9992

GAD_DISEASE Multiple Sclerosis 4 20 0.0380 NM_004994, NM_012387,
NM_000570, NM_002923

4.9611 0.9999 0.8165

GAD_DISEASE rheumatoid arthritis 3 15 0.0251 NM_004994, NM_012387,
NM_000570

11.3780 0.9995 0.9796

GAD_DISEASE Carcinoma, Basal Cell|Carcinoma, Squamous
Cell|Melanoma|Skin Neoplasms

2 10 0.0310 NM_004994, NM_012387 60.0509 0.9999 0.8545

GAD_DISEASE Coronary Disease 2 10 0.0310 NM_004994, NM_000045 60.0509 0.9999 0.8545

GAD_DISEASE plasma HDL cholesterol (HDL-C) levels 3 15 0.0413 NM_004994, NM_002612,
NM_001995

8.6820 0.9999 0.8007

GAD_DISEASE abdominal aortic aneurysm 2 10 0.0449 NM_004994, NM_004385 41.1777 0.9999 0.7904

(B) Functional categories enrichment analysis
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Category Term Count % P-Value Genes Fold Enrichment Bonferroni Benjamini

UP_KEYWORDS Secreted 9 45 0.0001 NM_004994,
NM_000804,
NM_004385,
NM_005621,
NM_031476,
NM_000607,
NM_006418,
NM_000570,
NM_015364

4.9612 0.0108 0.0108

UP_KEYWORDS Signal 11 55 0.0010 NM_004994,
NM_000804,
NM_004385,
NM_001838,
NM_031476,
NM_000607,
NM_006418,
NM_000570,
NM_000717,
NM_015364,
NM_003870

2.8642 0.0833 0.0425

UP_KEYWORDS Disulfide bond 10 50 0.0011 NM_004994,
NM_000804,
NM_004385,
NM_001838,
NM_031476,
NM_000607,
NM_006418,
NM_000570,
NM_000717,
NM_015364

3.1543 0.0950 0.0327

UP_KEYWORDS Innate immunity 4 20 0.0014 NM_012387,
NM_145699,
NM_005621,
NM_015364

16.6009 0.1182 0.0309

UP_KEYWORDS Glycoprotein 11 55 0.0020 NM_004994,
NM_000804,
NM_004385,
NM_001838,
NM_031476,
NM_000607,
NM_001995,
NM_006418,
NM_000570,
NM_000717,
NM_015364

2.6181 0.1655 0.0355

UP_KEYWORDS Immunity 4 20 0.0088 NM_012387,
NM_145699,
NM_005621,
NM_015364

8.6656 0.5431 0.1224

UP_KEYWORDS Lipoprotein 4 20 0.0362 NM_145699,
NM_016377,
NM_000570,
NM_000717

5.0854 0.9612 0.3714

UP_KEYWORDS Calcium 4 20 0.0390 NM_004994,
NM_012387,
NM_004385,
NM_005621

4.9405 0.9698 0.3545

UP_KEYWORDS Cell membrane 7 35 0.0471 NM_005621,
NM_001838,

2.3881 0.9857 0.3765
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NM_016377,
NM_000570,
NM_000717,
NM_002923,
NM_003870

(C) GO term enrichment analysis

Category Term Count % P-
Value

Genes Fold
Enrichment

Bonferroni Benjamini

GOTERM_CC_DIRECT GO:0005615~extracellular
space

6 30 0.0083 NM_004994, NM_004385, NM_000607,
NM_000045, NM_006418, NM_015364

4.2724 0.4427 0.4427

GOTERM_CC_DIRECT GO:0005886~plasma
membrane

10 50 0.0099 NM_005621, NM_001838, NM_016377,
NM_001995, NM_006418, NM_000570,
NM_000717, NM_002923, NM_015364,
NM_003870

2.3274 0.5022 0.2944

GOTERM_CC_DIRECT GO:0070062~extracellular
exosome

8 40 0.0136 NM_004994, NM_031476, NM_000607,
NM_000045, NM_006418, NM_000570,
NM_000717, NM_003870

2.7297 0.6188 0.2749

GOTERM_CC_DIRECT GO:0005576~extracellular
region

6 30 0.0172 NM_004994, NM_000804, NM_004385,
NM_005621, NM_031476, NM_000607

3.5745 0.7045 0.2627

GOTERM_CC_DIRECT GO:0043005~neuron
projection

3 15 0.0224 NM_000045, NM_002923, NM_003870 12.1412 0.7962 0.2724

GOTERM_CC_DIRECT GO:0005578~proteinaceous
extracellular matrix

3 15 0.0282 NM_004994, NM_004385, NM_031476 10.7368 0.8652 0.2840

(D) Tissue expression enrichment analysis

Category Term Count % P-
Value

Genes Fold
Enrichment

Bonferroni Benjamini

GNF_U133A_QUARTILE Whole Brain_3rd 18 90 0.0000 NM_000804, NM_145699, NM_005621,
NM_000607, NM_000045, NM_006418,
NM_000570, NM_000717, NM_002923,
NM_015364, NM_004994, NM_004385,
NM_012387, NM_001838, NM_031476,
NM_001995, NM_003870, NR_002201

3.0952 0.0000 0.0000

GNF_U133A_QUARTILE bronchialepithelialcells_3rd 13 65 0.0000 NM_000804, NM_145699, NM_005621,
NM_000607, NM_000045, NM_006418,
NM_000570, NM_015364, NM_002923,
NM_004994, NM_012387, NM_001838,
NM_001995

5.1254 0.0000 0.0000

GNF_U133A_QUARTILE globuspallidus_3rd 14 70 0.0000 NM_002612, NM_005621, NM_000607,
NM_000045, NM_006418, NM_000570,
NM_000717, NM_002923, NM_004994,
NM_004385, NM_031476, NM_001995,
NR_002201, NM_003870

4.1566 0.0001 0.0000

GNF_U133A_QUARTILE skin_3rd 7 35 0.0171 NM_004994, NM_001838, NM_016377,
NM_001995, NM_006418, NM_015364,
NM_003870

3.0229 0.7108 0.2667

 

Table 3. Validation of identified DEGs with the PubMed literature using publication enrichment analysis
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PMID Description Gene
Count(Observed
/ Background)

FDR Matching Genes in the Query

28446746 Peripheral blood
AKAP7expression as an
early marker for
lymphocyte-mediated
post-stroke blood brain
barrier disruption (2017)

15 / 27 0.00 ACSL1,AKAP7,APOBEC3A,CA4,CCR7,CRISPLD2,FCGR3B,FOLR3,IQGAP1,LY96,MMP9,ORM1,PADI4,S

27672514 Integrated analysis of
ischemic stroke datasets
revealed sex and age
difference in anti-stroke
targets (2016)

8 / 30 0.00 ARG1,CA4,CCR7,MMP9,ORM1,PDK4,RGS2,TLR4

29637127 Peripheral blood RNA
gene expression in
children with
pneumococcal meningitis:
a prospective case-
control study (2017)

8 / 40 0.00 ACSL1,AGER,ARG1,CA4,FOLR3,MMP9,S100A12,TLR4

25972779 Rational modulation of
the innate immune
system for
neuroprotection in
ischemic stroke (2015)

7 / 52 0.00 AGER,ARG1,CA4,LY96,MMP9,S100A12,TLR4

26515089 The Role of Arginase 1
(ARG1)  in Post-Stroke
Immunosuppression and
Ischemic Stroke Severity
(2016)

5 / 7 0.00 ARG1,CCR7,LY96,MMP9,S100A12

23533687 Triggers and effectors of
oxidative stress at blood-
brain barrier level:
relevance for brain
ageing and
neurodegeneration(2013)

5 / 41 0.00 AGER,CCL19,CDC42,MMP9,TIMP2

28222567 Immune biomarkers for
the diagnosis of mild
traumatic brain
injury(2017)

4 / 4 0.00 CCR7,LY96,MMP9,S100A12

21631912 A dual role for microglia
in promoting tissue
inhibitor of
metalloproteinase
(TIMP) expression in
glial cells in response to
neuroinflammatory
stimuli (2011)

4 / 9 0.00 MMP9,TIMP1,TIMP2,TLR4

26074872 Unbalanced
Metalloproteinase-9 and
Tissue Inhibitors of
Metalloproteinases
Ratios Predict
Hemorrhagic
Transformation of Lesion
in Ischemic Stroke
Patients Treated with
Thrombolysis: Results
from the MAGIC Study
(2015)

4 / 9 0.00 ACSL1,MMP9,TIMP1,TIMP2
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Figures

Figure 1

A: Boxplot of the gene expression pro�le of all 63 samples (stroke =39, control=24). B: Boxplot of the gene expression pro�le of stroke and control in both
males and females.
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Figure 2

A: Scatter plot of Fold Change (FC) between stroke and control. B: Scatter plot of log(FC) between stroke and control.
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Figure 3

Pro�le graph of the top �ve highly DEGs – ARG1, MMP9, S100A12, ORM1, and FCGR3B.
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Figure 4

A: Protein-protein interaction of MMP9, along with their KEGG and Reactome pathways descriptions. B: Protein-protein interaction of ACSL1, along with their
KEGG and Reactome pathways descriptions. C: Protein-protein interaction of OLFM4, along with their KEGG and Reactome pathways descriptions. D: Protein-
protein interaction of FCGR3B, along with their KEGG and Reactome pathways descriptions.
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Figure 5

MicroRNAs that target MMP9, ACSL1, OLFM4, and FCGR3B. Green represents strong interactions, while blu represents weak interactions


