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Specific signature biomarkers
highlight the potential
mechanisms of circulating
neutrophils in aneurysmal
subarachnoid hemorrhage

Weipin Weng, Fan Cheng and Jie Zhang*

Department of Neurology, The Second Xiangya Hospital, Central South University, Changsha, Hunan,
China

Background: Aneurysmal subarachnoid hemorrhage (aSAH) is a devastating
hemorrhagic stroke with high disability and mortality. Neuroinflammation and
the immunological response after aSAH are complex pathophysiological
processes that have not yet been fully elucidated. Therefore, attention
should be paid to exploring the inflammation-related genes involved in the
systemic response to the rupture of intracranial aneurysms.

Methods: The datasets of gene transcriptomes were downloaded from the
Gene Expression Omnibus database. We constructed a gene co-expression
network to identify cluster genes associated with aSAH and screened out
differentially expressed genes (DEGs). The common gene was subsequently
applied to identify hub genes by protein-protein interaction analysis and screen
signature genes by machine learning algorithms. CMap analysis was
implemented to identify potential small-molecule compounds. Meanwhile,
Cibersort and ssGSEA were used to evaluate the immune cell composition,
and GSEA reveals signal biological pathways.

Results: We identified 602 DEGs from the GSE36791. The neutrophil-related
module associated with aSAH was screened by weighted gene co-expression
network analysis (WGCNA) and functional enrichment analysis. Several small
molecular compounds were predicted based on neutrophil-related genes.
MAPK14, ITGAM, TLR4, and FCGR1A have been identified as crucial genes
involved in the peripheral immune activation related to neutrophils. Six
significant genes (CST7, HSP90AB1, PADI4, PLBD1, RAB32, and SLAMF6)
were identified as signature biomarkers by performing the LASSO analysis
and SVM algorithms. The constructed machine learning model appears to be
robust by receiver-operating characteristic curve analysis. The immune feature
analysis demonstrated that neutrophils were upregulated post-aSAH and
PADI4 was positively correlated with neutrophils. The NETs pathway was
significantly upregulated in aSAH.

Conclusion: We identified core regulatory genes influencing the transcription
profiles of circulating neutrophils after the rupture of intracranial aneurysms
using bioinformatics analysis and machine learning algorithms. This study

01 frontiersin.org


https://www.frontiersin.org/articles/10.3389/fphar.2022.1022564/full
https://www.frontiersin.org/articles/10.3389/fphar.2022.1022564/full
https://www.frontiersin.org/articles/10.3389/fphar.2022.1022564/full
https://www.frontiersin.org/articles/10.3389/fphar.2022.1022564/full
https://www.frontiersin.org/articles/10.3389/fphar.2022.1022564/full
https://crossmark.crossref.org/dialog/?doi=10.3389/fphar.2022.1022564&domain=pdf&date_stamp=2022-11-10
mailto:zhangjiedoctor@csu.edu.cn
https://doi.org/10.3389/fphar.2022.1022564
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org/journals/pharmacology#editorial-board
https://www.frontiersin.org/journals/pharmacology#editorial-board
https://doi.org/10.3389/fphar.2022.1022564

Weng et al.

10.3389/fphar.2022.1022564

provides new insight into the mechanism of peripheral immune response and
inflammation after aSAH.
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Introduction

Subarachnoid hemorrhage (SAH) is a devastating hemorrhagic
cerebrovascular disease with rapid progression, extremely high
morbidities, and mortalities, which affects six to nine individuals
per 100,000 annually, worldwide (Neifert et al., 2021). Aneurysmal
subarachnoid hemorrhage (aSAH) is a leading cause of SAH,
accounting for about 85% of all cases (Macdonald and
Schweizer, 2017). Despite advances in aneurysm repair as well as
improved neurocritical care of SAH patients following aneurysm
repair, subarachnoid hemorrhage still has complex and serious
complications in survived patients (Lovelock et al, 2010).
Although it is an atypical subtype of stroke, aSAH occurs in
relatively young patients (mean age 55 years) than ischemic
stroke, which imposes considerable social and economic burdens
(Jaja et al,, 2018). The aSAH therapeutic strategies to date have
mainly focused on treating ruptured aneurysms, despite the fact that
multiple mechanisms and factors impact clinical outcome
after aSAH.

Mounting evidence indicates that systemic immune and
inflammatory reactions may play crucial roles in contributing
to brain injury and outcome after aSAH (Lucke-Wold et al., 2016;
Chaudhry et al., 2018a). Molecules from extravasated blood in
the subarachnoid space as damage-associated molecular patterns
(DAMPs) trigger an inflammatory cascade and activate the
innate immune cells in the central nervous system (Chaudhry
et al, 2018b). Subsequently, recruited immune cells in the
peripheral circulation mediated by the chemokines release
pro-inflammatory cytokines which result in blood-brain
(BBB) injury
microthrombosis, loss of neurons, and permanent neurological
impairment (Schneider et al., 2012; Tso and Macdonald, 2014;
McBride et al., 2017; Liu et al.,, 2018; Schneider et al., 2018;
Fumoto et al,, 2019; Li et al.,, 2020; Wu et al., 2021). Multiple
studies have provided evidence that increases

barrier disruption, of oxidative stress,

in pro-
inflammatory cytokines have been linked to worse outcomes
for patients after aSAH (Lenski et al., 2017; Ridwan et al., 2021).
However, the mechanism by which peripheral immune cells
participate in systemic inflammation and secondary brain
injury remains unclear.

Neutrophils are the most abundant type of leukocyte in
human circulation and are crucial peripheral inflammatory
cells that rapidly infiltrate the central nervous system during
the hemorrhagic event (Friedrich et al., 2011). Previous studies
showed that elevated neutrophil was associated with worse
mortality and functional outcome in patients with aSAH, as
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well as mediated cerebral vasospasm and microvascular injury
(Chou et al., 2011; Provencio et al., 2011; Zhang et al., 2021).
Additionally, neutrophil infiltration in the brain contributes to
microglia-mediated cerebral spreading inflammation (Atangana
et al, 2017). Instead, neutrophil depletion reduces tissue
inflammation and cerebral vasoconstriction of the middle
cerebral artery, survival in animal models
(Friedrich et al., 2011; Provencio et al., 2016; Gris et al,
2019). the

mechanism requires further elucidation.

improving

Nevertheless, underlying neutrophil effector

Here, we investigated the potential biomarkers and molecular
mechanisms in the peripheral blood transcriptome of aSAH patients
through bioinformatics data analysis. The process of data
preparation and analysis is illustrated as a flow chart in Figure 1.
We depicted how the immune cell landscape is perturbed in aSAH.
Neutrophil-related module was identified by utilizing the co-
expression network. Based on the six signatures screening out
using the machine-learning strategies, a neutrophil-related model
for aSAH patients was developed and validated its significant
diagnostic values for aSAH. Finally, the candidate target drugs
therapeutically interfering with neutrophils were identified by the
connectivity map (CMap). In summary, the gene expression level
analysis could highlight the potential pathways and effector
mechanisms linked to the peripheral immune activation of
neutrophils, and provide new insights into the development of
immunoregulatory treatment for aSAH.

Materials and methods

Microarray datasets collection and
processing

The gene expression profiles were obtained from Gene
Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.
gov/geo/) which is public availability. We downloaded the
GSE36791 annotated by GPL10558 (Illumina HumanHT-12
V4.0 expression beadchip) as a Series Matrix File which is the
transcriptome in peripheral blood cells of 43 patients with SAH
from ruptured aneurysm compared with that of 18 control patients
suffering from headaches without intracranial aneurysm (Pera
et al, 2013). Meanwhile, the gene expression profiles of aSAH
GSE73378, GSE15629, and GSE13353 were obtained as external
validation datasets. R software (version 4.1.1) was used to perform
the bioinformatics analysis. The probe IDs in each dataset were
then converted into gene symbols based on their platform
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FIGURE 1
Study flow chart.
annotation. The expression dates were normalized and neutrophil-related immune processes. After eliminating

log2 transformed.

Differential expression gene identification

The limma algorithm was adopted to identify differentially
Expressed Genes (DEGs) between 43 aSAH and 18 control
samples (Ritchie et al, 2015). The genes that meet the
screening criteria [|log2 FC (fold change) | > 0.5, false
discovery rate (FDR) adjusted p-value< 0.05] were considered
as the cut-off for the DEGs. Then, we drew the cluster heat map
and volcano plot to visualize the DEGs via R software.

Construction of Co-expression network

The “WGCNA” package in R was introduced to construct the
weighted gene co-expression network and obtain different gene
modules by sample clustering (Langfelder and Horvath, 2008).
Whole transcriptome expression was input to identified a co-
expression module highly enriched for genes involved in
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missing values, outliers, and redundant data, we found the
optimal 3 value by adopting the pickSoftThreshold function of
WGCNA to make the constructed network more consistent with
scale-free network characteristics. The adjacency matrix was
transformed into a topological overlap matrix. Clusters of
correlated gene were classified into modules using topological
overlap matrix (TOM) hierarchical clustering analysis and the
Dynamic Tree Cut method. The correlation between gene
modules and clinical status was calculated and the modules
related to traits were identified after hierarchical clustering
and Spearman correlation analyses. p values <0.05 and
correlation coefficient (r) > 0.4 are statistically significant.
Subsequently, we extracted genes in modules significantly
associated with aSAH to perform in-depth analysis.

Functional enrichment analysis and
identification of hub genes

To explore the function and pathways of the genes in hub
modules, the gene ontology (GO) and Kyoto Encyclopedia of
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WGCNA revealed gene co-expression networks in the whole peripheral blood of aSAH patients. (A) Determination of soft-thresholding power.

The red line indicates where the correlation coefficient is 0.9, and the corresponding soft-thresholding power is 12. (B).Hierarchical cluster tree
showing fifteen modules of co-expressed genes identified by WGCNA. Each branch in the figure represents one gene, and every color below
represents one co-expression module. (C) Relationships of consensus modules with samples.

Genes and Genomes (KEGG) pathway enrichment were
conducted by wusing “ClusterProfiler” and “org.Hs.eg.db”
packages in R (Yu et al, 2012). The overlapping genes
between DEGs and the selected module were included for
further analysis. We uploaded the overlapping genes into the
STRING database (STRING; http://string-db.org) to construct
protein-protein interaction (PPI) network (Szklarczyk et al,
2015). The minimum required interaction score is 0.7.
Afterward, the network which removed disconnected nodes
was visualized by Cytoscape software (Shannon et al., 2003).
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The cytoHubba plugin was applied to filter the hub genes which
are highly interconnected in the PPI network.

Connective map analysis

Connective Map (CMap) (Lamb et al, 2006) is a
pharmacogenomics database based on the concept called
“signature reversion” containing the expression profiles of cell
lines before and after different drug treatments (Li et al., 2016).
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We use the eXtreme Sum (XSum) and a compromising proven to show optimal drug retrieval performance (Yang

parameter (topN = 200) to match neutrophil-related genes in et al, 2022). Lower CMap scores generally correspond to

aSAH and compound signatures in CMap, which has been higher reversal potency and greater potential for application.
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Identification of signature genes and
construction of prediction model

To minimize the bias of statistical analysis, the two
algorithms were performed to identify the signature genes of
aSAH, including the least absolute shrinkage and selection
operator (LASSO) and support vector machine recursive
feature elimination (SVM-RFE). To obtain a more refined
model, LASSO analysis constructed a penalty function of the
overlapping genes mentioned above by adopting “glmnet”
package in R. SVM-RFE is a powerful feature selection
algorithm to avoid overfitting when the number of features is
high. We performed “e1071” and “caret” packages to rank the
features based on their weights and eliminate the feature with the
lowest weight with five-fold cross-validation. The overlapping
genes between above two algorithms are selected to construct a
model and validated in the GSE73378, GSE15629,
GSE13353
characteristic (ROC) curve analysis evaluates the stability and

and

datasets.  Subsequently, Receiver  operating

sensitivity of the model in identifying aSAH.

Gene set enrichment analysis

The gene set enrichment analysis (GSEA) on whole
transcriptome expression was performed to identify the
significant biological pathways post-aSAH. The gene sets of
pathways were obtained from the Molecular Signatures
Database  (MSigDB) 2011).  The
“clusterProfiler” R package was used for GSEA, genes were

(Liberzon et al,
ranked according to the log fold change between aSAH versus
control calculated by limma algorithm as previous suggested. No
fold-change cutoff was set, all genes with p < 0.05 and FDR-
adjusted p-value <0.05 were considered significant. The GSEA
enrichment plots were generated by R package “GseaVis”
(https://github.com/junjunlab/GseaVis).

Depiction of immune infiltration
landscapes

CIBERSORT adopts a deconvolution algorithm to estimate
the composition and abundance of immune cells in a mixture of
cells based on gene expression data (Newman et al., 2015). We
performed this bioinformatics algorithm which provides the
expression date of 22 common immune infiltrating cells
(LM22) to compare the fraction of 22 immune cells between
the aSAH and the control samples. Likewise, the single-sample
gene-set enrichment analysis (ssGSEA) was introduced to depict
the immune infiltration landscape and enrichment of immune
cells and immune function. Additionally, the relationship
between identified core diagnostic genes and infiltrating
immune cells was evaluated using Spearman correlation
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analysis. The resulting associations were visualized by the
“ggplot2” package in R software.

Statistical analysis

All statistical analyses were conducted using R statistics
software (version 4.1.1). The Wilcoxon test was performed for
inter-group comparisons. The correlation between the variables
was determined by Pearson’s correlation test. p < 0.05 was
considered to be statistically significant.

Results

Identification of differential expressed
genes between aneurysmal subarachnoid
hemorrhage and normal samples

After comparing 43 aSAH samples with 18 normal samples
in aSAH dataset GSE 36791, 602 DEGs were obtained (including
315 up-regulated DEGs and 287 down-regulated DEGs) under
the threshold of adjusted p-value < 0.05 and | log2 FC | >0.5. The
identified DEGs were visualized by the volcano plot and heatmap
(Supplementary Figure S1).

Construction of weighted gene Co-
expression network and enrichment
analysis

Whole transcriptome expression was applied to identified
modules of highly correlated gene. Before building the weighted
gene co-expression network using the package “WGCNA” in R
software, we performed a crucial step that search the soft-
thresholding power (Figure 2A). When the soft threshold
power was set as 12, the scale-free topology fit index reached
0.9. The dynamic branch cut method was adopted to identify a
total of 15 modules in which the number of genes is not <30
(Figure 2B). As shown in Figure 2C, three modules (blue: cor =
0.48, p = 9e-05; turquoise: cor = —0.56, p = 2e-06; tan: cor = —0.5,
p = 4e-05) which demonstrated remarkable correction with the
occurrence of aSAH was considered as the candidate modules for
further analysis.

Gene ontology and kyoto encyclopedia of
genes and genomes enrichment analysis
and protein-protein interaction network

analysis

To explore the potential biological features of aSAH-
associated co-expression modules, we performed the GO and
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FIGURE 4

The Protein-protein interaction network of the overlapping genes between blue module and DEGs by Degree analysis. MAPK14, ITGAM, TLR4,

and FCGR1A were calculated as the top four hub genes.

KEGG enrichment analysis. Due to the key role of the activation
of the immune response in the pathophysiology of SAH, we
focused on immune-related modules. In terms of biological
processes (BP), the blue module was primarily related to
neutrophil activation involved in immune response, neutrophil
leukocyte
migration, phagocytosis, granulocyte chemotaxis, regulation of
leukocyte mediated immunity, regulation of innate immune
response, etc. The tan module was markedly associated with
cytolysis, cell killing, leukocyte mediated cytotoxicity, natural
killer cell-mediated immunity, lymphocyte-mediated immunity,

degranulation, granulocyte migration, myeloid

T cell activation, natural killer cell-mediated cytotoxicity and so
on. The KEGG pathways in the blue module are enriched in
tuberculosis, neutrophil extracellular trap formation, Fc gamma
R-mediated phagocytosis, lipid and atherosclerosis, chemokine
signaling pathway, NOD-like receptor signaling pathway, HIF-1
signaling pathway and so on. The details of GO and KEGG
analysis of three aSAH-associated modules are shown in Figure 3.
Taken together, these findings strongly suggest that the immune
response plays an essential role in aSAH.
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The blue module was associated with neutrophil-related
GO
Considering that the blue module-related immune response is

immune responses according to its annotations.
significantly positive associated with aSAH, we selected it for
subsequent analysis. The intersection of the genes in blue
modules and DEGs including 197genes was selected to
construct a PPI network comprised of 186 nodes and
95 edges. The top four highly connective genes were screened
by the degree algorithm of CytoHubba plugin, including

MAPKI14, ITGAM, TLR4, and FCGR1A (Figure 4).

Drug targeting based on the gene
expression in neutrophil-related module

Based on the basic concept of signature reversal, we use
CMap analysis to identify the drugs that target neutrophil-related
immune inflammation with the ability to reverse neutrophil-
associated gene expression pattern. CMap analysis identified five
small-molecule compounds including STOCKIN-35874, X4.5.

frontiersin.org


https://www.frontiersin.org/journals/pharmacology
https://www.frontiersin.org
https://doi.org/10.3389/fphar.2022.1022564

Weng et al.
1.0 o
0.51
.
o
H
o
§ 00 -
g0

]

( ] PHA.00816795

-0.5

[ | X4.5.dianilinophthalimide

o

{ ] STOCK1N.35874

0 500 1000

number

FIGURE 5
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PHA.000816795, NU.1025, TTNPB,
which could be developed as potential targeted drugs for the
treatment of aSAH (Figure 5). STOCKIN-35874 had a lowest
CMap score indicated highest reversal potency.

dianilinophthalimide,

Identification and verification of
biomarkers

To explore the feature diagnostic markers, we extracted the
197 genes obtained from the intersection between the blue
module and DEGs. A total of 25 genes were screened as
feature biomarkers by the LASSO regression analysis.8 genes
were identified as vital biomarkers in accordance with SVM-RFE
analysis (Table 1). The overlapping genes including CST7,
HSP90AB1, PADI4, PLBDI, RAB32, and SLAMF6 were
selected as diagnostic biomarkers by the above two algorithms
(Figure 6). The expression values of core genes were compared
between patients with post-aSAH and patients with non-aSAH
(Wilcoxon rank-sum test). As shown in Figure 7, the expression
levels of CST7, PADI4, PLBD1, and RAB32 were significantly
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upregulated in aSAH, then HSP90ABI and SLAMFE6 were lower
than those in healthy controls. Additionally, the AUC of the
training set based on the above six biomarkers was 0.906,
indicating a robust discrimination ability of the constructed
model. Furthermore, we confirmed the predictive value of the
model in validation sets, with the AUC of 0.67 in GSE13353,
AUC of 0.636 in GSE15629, and AUC of 0.572 in GSE73378
(Figure 8).

Signaling pathways involved in aneurysmal
subarachnoid hemorrhage

We conducted GSEA on whole-genome data to further
the of the
transcriptome and evaluated signaling pathways involved in

illustrate holonomic  biological ~functions
the characteristic genes and hub genes. The GSEA results
revealed that the following pathways were significantly
upregulated in aSAH group: neutrophil extracellular trap
formation (NES = 2.12), Fc gamma R-mediated phagocytosis
(NES = 2.01), toll-like receptor signaling pathway (NES = 1.96),
(NES = 1.81), leukocyte
1.69), and platelet

activation (NES = 1.61) (Figure 9). It was consistent with

chemokine signaling pathway

transendothelial migration (NES =
previous findings regarding GO and KEGG enrichment
analysis. Therefore, these results may provide insights into the
cellular biological effect of neutrophils, which could promote the
inflammatory response after aSAH by releasing the neutrophil
extracellular traps (NETs).

Immune infiltration analyses

We analyzed the overall proportion pattern of 22 immune
cells in aSAH and control samples to explore the immune
microenvironment in aSAH by the CIBERSORT algorithm
(Figure 10). The distribution of 22 immune cell types differed
significantly in each sample, but the neutrophils dominated the
enriched proportion of all samples (Figure 10A). Furthermore,
compared with the control samples, the distribution of
neutrophils (p < 0.001) was highly in aSAH groups which
indicated that the neutrophils play vital roles in potential
of
(Figures 10B,C). The correlation heatmap of the immune cells

immunoregulatory  mechanisms aSAH  pathogenesis
revealed that CD8 T cells had negative correlation with
neutrophils (-0.72) (Figure 10D). To further investigate
differences in the immune function between aSAH samples
and control samples, we performed the ssGSEA analysis.
Compared to the control group in the GSE36791, neutrophils
were similarly elevated in aSAH group, and various antigen
presentation processes consisting of checkpoint, cytolytic
activity, inflammation promoting, T cell co-inhibition, T cell
co-stimulation were found to be remarkably weaker (Figure 11).
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TABLE 1 The key gene list of LASSO and SVM-RFE analysis.

Analysis Genes
LASSO CST7, GPERI, HSP90AB1, PADI4, PLBD1, RAB32, RPL36P14, SLAMF6
SVM-RFE HK3, PGD, PLBDI, PADI4, DYSF, CST7, SLAMF6, RAB32, GYG1, MSRB1, MTHES, TSPO, SRPK1, USB1, FUT7, IRAK3,

HSP90ABI1, UBTD1, MMP9, TLR5, ALPL, SLC26A8, WSB1, KIF1B, APMAP, SLC25A44, GTF2IP20, S100A12, ILI8RAP,
UBE2]1, XPO6

The six genes highlighted in bold are the overlap of the results of the LASSO, and SVM-RFE, analysis.
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The expression levels of signature genes in GSE3691.
Correlation analysis between the six CD4(+) T cells and resting natural killer (NK) cells.
biomarkers and immune cells HSP90AB1 had a positive correlation with eosinophils
memory B cells, Tregs, CD8(+) T cells and resting natural
The Spearman correlation heatmap described the correlation killer (NK) cells, and negative correlation with neutrophils.
of the hub genes related to immune cells (Figure 12). The results SLAMF6 had a positive correlation with CD8(+) T cells,
displayed that PADI4 had a positive correlation with neutrophils, resting memory CD4(+) T cells, activated memory CD4(+)
macrophages (M0), naive CD4(+) T cells, gamma delta T cells T cells and resting natural killer (NK) cells, and negative
and activated dendritic cells. PLBD1 had a positive correlation correlation with neutrophils, activated dendritic cells, gamma
with gamma delta T cells, activated dendritic cells, monocytes delta T cells and macrophages (MO).
and eosinophils. CST7 had a positive correlation with
neutrophils, gamma delta T cells, activated dendritic cells and
naive B cells. PAD4, PLBD1 and CST7 had negative correlated Discussion
with CD8(+) T cells, resting memory CD4(+) T cells, activated
memory CD4(+) T cells and resting natural killer (NK) cells. Nowadays, systemic inflammation and immune
RAB32 had a positive correlation with monocytes, activated dysregulations have become a hot topic under discussion
dendritic cells, gamma delta T cells and naive B cells, and which is closely associated with aSAH complications and poor
negative correlation with CD8(+) T cells, activated memory prognosis. Tracing the potential cellular and molecular mediators
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FIGURE 9
GSEA analysis illustrates the activated pathways in aSAH. The normalized enrichment scores (NES) and p values are indicated in each plot.

of immune function subsequent to aSAH may be crucial in the expression of chemokines can enter the CNS which may
discovery of diagnostic and therapeutic targets. After aSAH, correlate with the modulating of microglial functions. The
recruited peripheral immune cells in response to increased screening of potential genes after aSAH and revealing their
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for aSAH versus control. Immune cells that were expressed in less than half the samples were excluded. (D) Correlation matrix of all 22 immune cell
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biological pathways is considered an effective strategy for
predictive diagnosis and treatment of the disease. However, no
immune-related genes have been studied in aSAH. In our study,
we acquired publicly available microarray data and applied
integrating bioinformatic analysis to screen the DEGs genes
between aSAH and non-aSAH control group. We focused on
immune-related function in these genes and found that CST7,
HSP90AB1, PADI4, PLBD1, RAB32, and SLAMF6 may play
crucial roles in the diagnosis of aSAH. Particularly, PADI4 is
strongly correlated with neutrophils and may be a potential
biomarker for aSAH.

We explored gene correlation at the RNA level by using
WGCNA to provide key gene modules showing co-expression
patterns. Here, we revealed that neutrophil-related immune
responses in the
upregulated in patients with aSAH, while lymphocyte-related
genes enriched the
downregulated by GO and KEGG enrichment analysis.
aSAH achieved robust
process and immune cell involvement. To further investigate

enriched blue module were notably

in tan module were significantly

Accordingly, immune activating
the impact of immune cell infiltration in aSAH, this study applied
CIBERSORT and ssGSEA to conduct a comprehensive
evaluation of the immune infiltration process in aSAH. The
infiltration of neutrophils increased and the depression of
lymphocyte response that probably associated with the
progression of aSAH. Besides, genes encoding neutrophil cell
surface markers, such as ITGAM (CD11b), FCGR1 (CD64), were
identified as the hub genes, indicating the activation status of
neutrophils. These implied that targeting neutrophils potentially
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indicates a therapeutic window to attenuate neuroinflammatory
after SAH.

We further detected the neutrophils’ potential involvement
in pathophysiological processes in aSAH, MAPK14, ITGAM,
TLR4, and FCGRIA shared highly centrality with the PPI
network and CytoHubba. Toll-like receptors (TLRs) widely
expressed in the central nervous system (CNS) are well-
established mediators to upregulate inflammation (Takeuchi
and Akira, 2010). TLR4, a critical member of the TLR family,
has long been thought to play a major role in the immune
response after aSAH (Lu et al,, 2018; Gao et al.,, 2019; Karimy
et al., 2020). TLR4 can be activated by many endogenous ligands
DAMPs
methemoglobin, fibrinogen, peroxiredoxin 2, high mobility
group box 1 protein (HMGBI), the matricellular protein

having including  heme,  oxyhemoglobin,

tenascin-C and galectin-3, all of which are abundantly
produced after SAH (Hanafy, 2013; Kwon et al, 2015;
Kawakita et al., 2017; Lu et al., 2018; Nishikawa et al., 2018;
Zhang et al., 2019), these lead to the activation of downstream
inflammatory signaling cascades, including the NF-kB, MyD88/
TRIF, and mitogen-activated protein kinase (MAPK) pathways
(Sasaki et al., 2004; Suzuki et al., 2010b; Suzuki et al., 2010c). To
our knowledge, compared to NF-kB signaling pathway, the
TLR4/MAPK pathway has received scant attention in studies
of early brain injury after aSAH. Some studies have linked MAPK
to cytokines activation in response to inflammation in post-
aSAH (Kusaka et al., 2004; Vikman et al., 2007; Maddahi et al.,
2012; Chen et al., 2013; Guo et al,, 2016). In pro-inflammatory
mediators induced by TLR4, metalloproteinase-9 (MMP-9) can
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degrade interendothelial tight junction proteins such as ZO-1,
and thereby
impairment in mice (Suzuki et al., 2010a; Rubio-Araiz et al.,
2017). Some studies have reported elevated activity of MMP-9 in
brain tissue, serum, and cerebrospinal fluid after SAH (Egashira
etal, 2015; Okada et al., 2021; Yu et al,, 2021). A study concluded
that post-SAH induction of tenascin-C disrupted the BBB by
triggering three MAPK subgroups (JNK, ERK1/2, and p38)
(Fujimoto et al, 2016). Okada et al that
TLR4 antagonists alleviated post-aSAH BBB disruption and
cerebral

causing BBB disruption and neurological

found

edema via MMP-9 downregulation, and also
demonstrated that the TLR4/MAPK pathway is involved in
brain damage in endovascular perforation SAH mice (Okada
et al., 2019). Consistently, the constructing PPI network in our
result provides evidence that MAPK14 (p38a) activation was
shown to make greater contributions to TLR4-mediated MMP-9-
induced post-aSAH brain injury.

To further investigate the potential utilization of genes in
diagnostic development for aSAH, we perform classification by
the machine learning algorithm. Our analysis demonstrated good
diagnostic efficiency. The diagnostic biomarkers, CST7,
HSP90AB1, PADI4, PLBD1, RAB32, and SLAMF6, identified
by machine-learning strategies may provide new insight into the
mechanism of inflammatory responses in aSAH. The constructed
model consisting of above six signature genes showed lower
discrimination power in GSE73378 which included the SAH
survivors who had the last episode of aSAH at least 2 years and
control patients. It can be inferred that the present signature
genes may be unique for acute aSAH.

Peptidylarginine deiminase 4 (PADI4) is primarily
expressed in neutrophils, encoding peptidylarginine
deiminase 4 (PAD4) which catalyzes the deimination of
(Arg) (Cit).
PAD4 triggered the formation of neutrophil extracellular
(NETSs)

Intriguingly,

histone arginine residues to citrulline

traps by inducing chromatin decondensation.
formation
acting process among the
identified KEGG analysis, and PADI4 suggested a positive
correlation with neutrophils. NETs are released by highly

neutrophil extracellular trap

achieved robust immune

activated neutrophils, which are extracellular DNA network
structures decorated with cytotoxic enzymes and histones
(Sorensen and Borregaard, 2016). Besides trapping and
neutralizing pathogens in the innate immune responses,
NETs also mediate sterile inflammation including in the
development of brain injury. Recent studies found that
NETs involve in the pathophysiology of stroke and are
related to severity and mortality (Vallés et al., 2017; Kang
et al., 2020). NETs contribute to impair revascularization and
vascular remodeling and BBB damage and exacerbate brain
injury in a variety of central nervous system diseases
(Thanabalasuriar et al., 2019; Kang et al., 2020; Vaibhav
et al.,, 2020; Wang et al., 2021). Recent animal experiments
have confirmed the formation of NETs in the pathological
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progression after SAH. DNase I (digestion of NETs), GSK484
(inhibitor of PAD1), and anti-Ly6G antibody (inhibitor of
neutrophil) can alleviate brain edema and attenuate

neurological ~dysfunction, even including neurogenic
pulmonary edema post-SAH. In addition, NETs may
involve in the progress of the pro-inflammatory subtype
microglia activation and inflammatory cytokine production,
thus exacerbating subsequent brain damage (Zeng et al,
2022). Currently, the signaling pathways involved in NETs
formation are not well identified. A recent study demonstrated
that TAKI1, p38 MAPK, and MEK affected NET generation.
Moreover, the activated neutrophils could release endogenous
factors identified as peptides or proteins, which promoted
NETs induction. Additionally, integrin alpha M precursor
(ITGAM), Phospholipase B Domain Containing 1 (PLBD1)
and MMP-9 featured at least a 2-fold induction by mass
spectrometry proteomics analysis (Tatsiy et al, 2021).
Thus, it is reasonable to hypothesize that post-SAH TLR4-
mediated BBB disruption involves activation of MAPKs,
generation of NETs and upregulation of MMP-9.

that

contribute to infarction and the development of delayed

Growing evidence demonstrates microthrombi
cerebral ischemia (DCI) and neurological deficit after aSAH
(Dienel et 2020).

upregulation of P-selection and von-Willebrand factor (VWEF)

al, Along with platelet activation,
after aSAH have been reported to participate in platelet-
leukocyte-endothelial cell interactions (Ishikawa et al., 2009;
Frontera et al, 2012; Dienel et al, 2020). The platelet
antagonist (P-selectin antibody) and ADAMTS13 (VWE-
cleaving metalloprotease) can reduce leukocyte adhesion
(Chauhan et al, 2008). Besides, NETs can be driven by
exposure to activated platelets which may be responsible for
immunothrombosis (Maugeri et al., 2014). The active TLR4 on
platelets reportedly induced platelet binding to adherent
neutrophils, leading to the release of NETs in sepsis (Clark
et al,, 2007). As well, NETs can regulate coagulation by being
involved in fibrin polymerization, vVWF binding, platelet
recruitment, and so on (Swystun and Liaw, 2016). PAD4 also
prevented the removal of VWF in the vessel wall, thereby
enhancing NETs attachment and thrombosis (Fuchs et al,
2010). Besides, neutrophil surface expression of CD11b
(integrin aM, ITGAM) was considered as the hallmark of
secretory vesicle degranulation (Naegelen et al., 2015; Mauler
etal,, 2019). In acute ischemic stroke, highly activated circulating
neutrophils were characterized by higher CD11b expression at
the cell surface (Weisenburger-Lile et al., 2019). In addition,
leukocyte B2-integrin Mac-1 (also known as aMf2, CD11b/
CD18) involved in mediating leukocyte-platelet interactions
may be an antithrombotic target (Wang et al, 2017; Plow
et al, 2018). Overall, a vicious circle leads to pathological
thrombus formation may be triggered. Activation of
neutrophils and NETs-related immunothrombosis may offer
insight into the mechanism of microthrombi in aSAH patients
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and suggest that the NETs could be an antithrombotic target,
which still requires further investigation.

CMap analysis was conducted to identify small molecule
drugs with potential efficacy in neutrophil-associated
inflammation post-aSAH including STOCKIN-35874, 4,5-
dianilinophthalimide and so on. STOCKIN-35874 is a
cytotoxic quinoline alkaloid that inhibits the DNA enzyme
topoisomerase (Wink, 2007), which may attenuate the
inflammatory response through disrupting DNA in the NET
structure. 4,5-dianilinophthalimide (DAPH) is a selective
inhibitor of epidermal growth factor receptor (EGFR) kinase
(Trinks et al., 1994). It has been reported that EGFR inhibitors
could bring anti-vasospastic effect after experimental SAH
(Nakano et al., 2019). There have been few literature reports
concerning the interaction between these drugs and aSAH. Our
work may help to provide new strategies for the drug treatment
of aSAH. Our study had several limitations that should be
noted. First, the main limiting factors were that the sample size
was small and imbalanced, which required further real-world
studies to verify our results. Although we have included
multiple datasets for verification, in vivo or in vitro
experiments with large samples are needed to further
confirm our conclusions. Second, we did not explore the
correlation between circulating neutrophils and prognostic
outcomes owing to the lack of complete clinical information,
and whether the results here have clinical applicability should
receive in-depth verification in clinical research with large
samples. Besides, the results could also be validated in
human aSAH brain specimens. Finally, our study provided
guidance on the role of circulating neutrophils in aSAH, and
attention should be given to the dynamic changes in immune
cell function and immune inflammation in different stages
post-aSAH in further research.

Conclusion

In summary, this bioinformatic study enhances the
understanding of systemic inflammation in aSAH, helping to
elucidate the molecular basis of neutrophil-related immune
response pathways. Our findings give clues that NETs
observed in aSAH may offer avenues for therapeutic
intervention to reduce neuroinflammation involved in neuron
damage, BBB disruption and microthrombi formation.
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