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Abstract
Background Microarray-based gene expression pro�ling has been widely used in biomedical research.
Weighted gene co-expression network analysis (WGCNA) can link microarray data directly to clinical traits
and to identify rules for predicting pathological stage and prognosis of disease, it has been found useful
in many biological processes. Stroke is one of the most common diseases worldwide, yet molecular
mechanisms of its pathogenesis are largely unknown. We aimed to construct gene co-expression
networks to identify key modules and hub genes associated with the pathogenesis of stroke.Results In
this study, we screened out the differentially expressed genes from gene microarray expression pro�les,
then constructed the free-scale gene co-expression networks to explore the associations between gene
sets and clinical features, and to identify key modules and hub genes. Subsequently, functional
enrichment and the receiver operating characteristic (ROC) curve analysis were performed. And the results
show that a total of 11,747 most variant genes were used for co-expression network construction. Pink
and yellow modules were found to be the most signi�cantly related to stroke. Functional enrichment
analysis showed that the pink module was mainly involved in regulation of neuron regeneration, and the
repair of DNA damage, while the yellow module was mainly enriched in ion transport system dysfunction
which were correlated with neuron death. A total of 8 hub genes (PRR11, NEDD9, Notch2, RUNX1-IT1,
ANP32A-IT1, ASTN2, SAMHD1 and STIM1) were identi�ed and validated at transcriptional levels (other
datasets) and by existing literatures.Conclusions Eight hub genes (PRR11, NEDD9, Notch2, RUNX1-IT1,
ANP32A-IT1, ASTN2, SAMHD1 and STIM1) may serve as biomarkers and therapeutic targets for precise
diagnosis and treatment of stroke in the future.

Background
Stroke is the second cause of death across the globe, ranking only after ischaemic heart disease and
remains one of the leading causes of death globally in the next 15 years [1, 2]. It accounts for 11.3% of all
deaths each year of which more than 85% of deaths occur in low- and middle-income countries [3, 4].
Despite declining mortality rates over the past two decades, the global burden of stroke is increasing [5].
According to the current epidemiological data, approximately 16.9 million people were affected by stroke
each year[6], and it is estimated that, by 2030, the number of stroke survivors will rise to 77 million[7]. As
an archetypical common complex disease mediated by the interplay between genetic and environmental
determinants, the proportion of subtypes of stroke vary among populations of different age, race and
ethnic origin [4, 5]. This may be one of the complex therapeutic challenge in stroke.

Microarray-based gene expression pro�ling has been widely used in biomedical research especially in
chronic non-communicable diseases areas including neurological diseases[8], cardiovascular disease[9],
diabetes[10], cancer[11].In recent literature most of the microarray analysis methods centers on the
comparison between the normal and diseased conditions[12]. The identi�cation of differential gene
expression is a widely used analytical strategy when screening for potential biomarkers in the diseased
state. Many efforts have been focused in the �eld, but single microarray dataset tends to have high false
positive rates and the integration of multiple datasets would signi�cantly increase the reliability and
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sensitivity of the �ndings and reduce those false results. Gene co-expression network analysis, the recent
systems biology approach has been increasingly used for describing the correlation patterns among
microarray analysis [13-15].

Weighted gene co-expression network analysis (WGCNA) [16, 17], a tool for exploring the system-level
functionality of genes, is increasingly used in the gene expression data analysis. It de�ned co-expression
by measuring similarity in gene expression between expression pro�les and identi�ed groups of genes
that are highly correlated across the samples [17]. WGCNA has been found useful in many biological
processes. It can help unravelling the interactions between genes in different modules and hence can be
useful to identify candidate biomarkers or therapeutic targets [18, 19]. Besides, WGCNA can link
microarray data directly to clinical traits to clarify mechanisms of drug resistance [20], and to identify
rules for predicting pathological stage and prognosis of disease [21].

In this study, we aimed to construct co-expression modules using blood samples from stroke. The
differentially expressed genes (DEGs) between expression pro�les were identi�ed, followed by the
biological function, Gene ontology (GO) enrichment analysis. Then, hub genes were identi�ed and the
effects of biomarkers for stroke were con�rmed by data validation and literature validation. We hoped
that these key modules and hub genes might contribute to our understanding of the molecular
mechanisms of stroke and might provide the candidate biomarkers for stroke gene therapy.

Results
3.1 Co-expression network construction

The samples of GSE22255 were clustered to detect outliers using hierarchical cluster analysis. One
sample was removed and 39 samples were kept (Additional �le 1: Figure S1). The left samples were
clustered again and clinical traits were converted to color representation and visualized by using heatmap
tool package (Fig. 1). In current study, the scale free topology for multiple soft thresholding powers were
calculated, and the power of β = 12 (scale free R2 = 0.905) was selected as an appropriate soft
thresholding parameter for weighted co-expression network construction (Fig. 2). A total of 11,747 most
variant genes were used for co-expression network construction. Cluster dendrogram and network
heatmap of the most variant genes were carried out based on a dissimilarity measure (Fig. 3).

3.2 Key modules identi�cation

After k-means clustering, detecting, calculating and checking module eigengenes, a total of 24 modules
were identi�ed (Additional �le 1: Table S1). Grey module was not included in any module, so the
subsequent analysis was no long performed on grey [22]. Lightgreen (73 genes), pink (317 genes),
midnightblue (109 genes) and yellow (870 genes) modules were found to have highly association with
status (Fig. 4) (Additional �le 1: Figure S2), and this modules were selected as the clinical signi�cant
module for further analysis. Since ME was in accordance with the expression level for each module, the
lightgreen, pink and midnightblue modules were downregulated, while the yellow module was
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upregulated. Moreover, the lightgreen (correlation coe�cient r=-0.41, P=0.01), pink(r=-0.33, P=0.04) and
midnightblue(r = -0.4, P=0.01) modules were negatively correlated with the disease status. The yellow(r =
0.35, P=0.03) module were positively correlated with the disease status (Fig. 4). In addition, the
correlations between gene signi�cance (GS) and the two modules (pink and yellow) were 0.21(P = 0.00)
and 0.16(P = 0.00), respectively, which indicated a close relationship with stroke (Fig. 5). So the pink and
yellow modules were performed for the subsequent analysis.

3.3 GO enrichment KEGG pathway analysis in two modules

To explore the biological processes and pathways in the pink and yellow module, enrichment analysis
was performed. GO enrichment Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis
were conducted by ClueGO plugin in Cytoscape, and the detailed information was shown in Table1. The
result showed that biological processes of the yellow module was mainly enriched in ion transport
system dysfunction including potassium ion transport, cellular potassium ion transport and potassium
ion transmembrane transport, which were correlated with neuron death. Biological processes of the pink
module was mainly involved in regulation of neuron projection regeneration, and the repair of DNA
damage such as nucleotide-excision repair, transcription-coupled nucleotide-excision repair which played
an important role in prevention of cell death after stroke. Meanwhile, pathways of the yellow module were
enriched in neuroactive ligand-receptor interaction, arginine biosynthesis, and alanine, aspartate and
glutamate metabolism. In the pink module, pathways were mainly enriched in nucleotide excision repair,
retinol metabolism and B cell receptor signaling pathway.

3.4 Hub genes identi�cation and validation

Based the cut-off criteria (|module membership (MM)| > 0.9 and | trait signi�cance (TS)| > 0.2), 11 genes
in the yellow module and 13 genes in the pink module were identi�ed as hub genes, respectively. The
detailed information was indicated in Table2. Among them, the expression levels of SAM and HD domain
containing deoxynucleoside triphosphate triphosphohydrolase 1(SAMHD1) and runt related transcription
factor 1- intronic transcript 1(RUNX1-IT1) were signi�cantly lower in stroke samples compared with
control samples of GSE22255 dataset (Fig. 6). Moreover, ROC curve indicated that 19 hub genes (all area
under curve (AUC)>0.6) exhibited good diagnostic e�ciency for control and stroke tissues (Table 3). In
order to ensure the robustness and reliability of the results, the ROC analysis of the diagnostic e�ciency
genes were validated in another two Gene Expression Omnibus (GEO) datasets, GSE16561 and
GSE58294. The results showed that 8 key genes with �ve protein coding genes and six noncoding genes
can well distinguish stroke from the control samples (Table 3). The 8 key genes include proline-rich
protein 11(PRR11), neural precursor cell expressed, developmentally down-regulated 9(NEDD9), Notch2,
RUNX1-IT1, acidic nuclear phosphoprotein 32 family member A- intronic transcript 1(ANP32A-IT1),
astrotactin-2(ASTN2), SAMHD1, stromal interaction molecule 1(STIM1).To assess the biological
signi�cance of the identi�ed hub genes, we searched the literature and constructed key genes associated
network by using Agilent Literature Search plugin in the Cytoscape software (Fig. 7). It contained a total
of 50 nodes in the six networks, including 17 nodes with 26 interactions in the PRR11 network, 5 nodes
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with 6 interactions in the NEDD9 network, 13 nodes with 28 interactions in the Notch2 network, 4 nodes
with 3 interactions in the STIM1 network, 9 nodes with 6 interactions in the SAMHD1 network, and 2
nodes with 1 interactions in the ASTN2 network.

Discussion
Stroke seriously endangers human health, and understanding the underlying molecular mechanisms is
critical for precision medicine or personalized medicine. Although the pathogenesis of stroke is extremely
complicated, important progress has been made in some areas during the last decades, such as energy
metabolism disorders, excitatory amino acid toxicity, penumbra depolarization and apoptosis, which are
involved in its pathophysiological processes. However, there is still a way to go to fully elucidate the
molecular mechanisms of stroke. Therefore, it is necessary to explore the molecule mechanisms involved
in the development of stroke. In this study, we used gene expression datasets from GEO database to
construct a weighted gene co-expression network and identi�ed pathways and key genes that are
potential biomarkers or therapeutic targets for stroke. We obtained whole genome data of stroke from
GEO database and literature for validation as well.

WGCNA was performed to construct free-scale gene co-expression networks, and to explore gene co-
expression modules associated with stroke. A total of 11,747 most variant genes were used to construct
co-expression network and 24 modules were identi�ed. Pink module with 317 genes and yellow module
with 870 genes were found to have signi�cant association with stroke and 26 genes with high
connectivity were screened out from the two modules. Among them, 8 hub genes were highly associated
with stroke. The hub genes of pink module are PRR11, NEDD9, Notch2, RUNX1-IT1 and ANP32A-IT1, and
the hub genes of yellow module are ASTN2, SAMHD1 and STIM1. Co-expression analysis showed that
different modules was largely associated with their different functions. As a result, genes in model pink
was found to be mainly related to cell apoptosis and neuronal differentiation and genes in model yellow
was mainly involved in synaptic form and stroke recovery.

PRR11, which is involved in cell cycle regulation, is related to the regulation of protein-protein interaction
and cell signal transduction via Wnt/β-catenin signaling pathway [23]. PRR11 consists of a binary
nuclear localization signal, two proline enrichment regions and a zinc �nger domain, which regulates
gene transcription by binding to duplex DNA [24]. In previous studies, PRR11 was considered to be a
disadvantageous factor affecting the regulation of tumor cells, but its role and clinical application value
in stroke are largely unknown[24, 25]. Increasing evidence suggests that Notch signaling in cerebral
ischemia is involved in in�ammation, oxidative stress, apoptosis, angiogenesis, synaptic plasticity and
the function of blood‐brain barrier [26-28]. Not surprisingly, Notch2 is upregulated with increased cell
death shortly after cerebral ischemia injury in hippocampal areas [27]. Meanwhile, a similar increase in
Notch2 in apoptotic cells was found after oxygen glucose deprivation treatment [29].In addition, Notch2
signaling is associated with the progression of atherosclerosis [30]. It has been shown that Notch2
mediates quiescence in endothelial cells, while in�ammatory cytokines trigger increased Notch2 activity
promoting a signi�cant augmentation of apoptosis. It is crucial to understand the Notch2 signaling
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dysfunction in stroke for development of new therapeutics that are centred around it [31]. The brain can
self-repair by producing new neurons and has the ability to compensate for the loss of function after
stroke [32]. NEDD9 (Neuronal precursor cell-expressed, developmentally down-regulated gene) was
initially identi�ed in the mouse central nervous system [33, 34]. NEDD9, which is a splicing variant of Cas-
L, promotes neurite outgrowth by tyrosine phosphorylated and disappears in the adult brain, is
upregulated again for neuronal differentiation after cerebral ischemia [34]. It indicates that NEDD9 has
potency for recovery of neurologic function after stroke, and upregulation of NEDD9 may widen the
therapeutic time window for cerebral ischemia [34, 35].

SAMHD1, originally identi�ed from a dendritic cell, is a deoxyribonucleoside triphosphate
triphosphohydrolase [36-38] and its mutations was recently linked to susceptibility to stroke. Recent
studies have revealed that SAMHD1 gene mutations might cause genetic predispositions that interact
with other risk factors, resulting in increased vulnerability to stroke [39]. Furthermore, a stroke cohort
study reported that SAMHD1 gene mutations may be associated with stroke in the general population
[40]. In addition, a functional loss of the SAMHD1 protein resulting from the missense mutations c.64C>T
and c.841G>A [41]. In patients with cerebrovascular diseases, lack of SAMHD1 protein expression was
associated with decreased expression of IFNB1 and increased expression of IL8 [42].

ASTN2 is a conserved perforin-like membrane protein expressed in the developing and adult brain
primarily involved in neuronal development [43, 44]. ASTN2 may modulate a number of protein
complexes in neurons that impact synaptic form and regulate synaptic adhesion activity [45]. ASTN2
binds to a number of the interacting proteins, like ROCK2 and SLC12a5, which are implicated in vesicle
tra�cking and synaptic function. The Ca2+ entry is critical for platelet activation and stroke. Glutamate-
induced dysregulation of intracellular Ca2+ homeostasis is a key mechanism of stroke [46]. STIM1, a Ca2+

sensor localized to the endoplasmic reticulum, is involved in regulation of store-operated calcium entry
[47]. A defective Ca2+ entry mechanism in the mutant platelets activate STIM1, resulting in an impaired
platelet aggregate formation [48]. This process could protect the mice from ischemic stroke [49]. Dong M
et al reported that STIM1/Orai1 expression was associated with mortality and recurrence in ischaemic
stroke patients and was an independent predictor of the 3-month stroke recovery [50].

Intriguingly, there are three hub genes in the present study. Recent studies have shown that long non-
coding RNA is considered to be a key regulator of the pathogenesis of stroke [51]. Two key noncoding
RNAs (RUNX1-IT1 and ANP32A-IT1) were identi�ed as diagnostic e�ciency genes in present study.
LncRNA RUNX1-IT1, and ANP32A-IT1 are the intronic transcript 1 from their respective genes [52, 53].
RUNX1 IT1 plays a tumour suppressive role and is downregulated in colorectal cancer by regulating cell
proliferation, migration, and apoptosis [53]. Although the functions of the RUNX1-IT1 have been identi�ed
in different diseases [54], its biological roles in stroke still remains unknown. ANP32A has multiple
functions involved in neurons differentiation, brain development, and neuritogenesis. Modulating
ANP32A signaling could help manage oxidative stress in brain [55] and restore cognitive function [56]
with therapeutic implications for neurological disease. To our best knowledge, no study focusing on the
function of RUNX1-IT1 and ANP32A-IT1 has been published in stroke until now.
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Since the neuronal death in cerebral ischemic area of stroke was accompanied by the abnormal genes
expression, the hub genes of pink module enriched the biological process could possibly regulate the
cellular signals transduction involved in in�ammation, oxidative stress, apoptosis, angiogenesis, and
synaptic plasticity. While the hub genes of yellow module might took part in synaptic form, antiplatelet
aggregate formation and short-term prognosis after stroke. Therefore, we speculated that pink module
and yellow module were regarded as critical modules in neuronal death, new synapse formation, and
functional recovery of stroke. What's more, non-coding genes subset in the hub genes was identi�ed in
the present study. Considering that non-coding RNAs play a key regulator in the pathogenesis of stroke,
further studies involving non-coding RNAs populations and exploring the mechanism underlying the
effect of them in stroke will be valuable.

Co-expression analyses revealed the mRNA regulation expression network in stroke. In the present study,
we used WGCNA to construct gene co-expression networks and to explore the relationships between
modules and clinical traits. Due to the high degree of consistency in the expression relationships of the
module, the genes of the same module might share a common biological role. Our results provided
valuable tip for the basic and clinical research of stroke. Although there are similar limitations with most
other data mining approaches [57], we adopt corresponding methods to reduce possible bias. In order to
increase the credibility of WGCNA results, we used matched stroke and normal samples for analysis, and
used external data from GEO database to validate the results.

Conclusions
The hub genes PRR11, NEDD9, Notch2, RUNX1-IT1, ANP32A-IT1, ASTN2, SAMHD1 and STIM1 were
found to be signi�cantly correlated with stroke, and were veri�ed in another two datasets. These hub
genes may play as the potential diagnostic and prognostic biomarkers of stroke, which also needed
much further research. Moreover, pink and yellow module were considered as critical modules in neuronal
death, new synapse formation, and functional recovery of stroke.

Methods
Microarray data

The gene expression pro�le of GSE22255 [58], GSE16561 [59] and GSE58294 [60] were obtained from
GEO database (https://www.ncbi.nlm.nih.gov/geo/). GSE22255 contains 20 stroke samples and 20
nonstroke control samples. As for the GSE58294, it contains a total of 92 blood samples including 69
stroke samples and 23 control samples. GSE16561 included 39 ischemic stroke samples and 24 healthy
control samples. Raw data in this study were based on the Affymetrix platform GPL570 and Illumina
platform GPL6883.

Data preprocessing and differentially expressed genes analysis
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A data analysis work�ow of this study was shown in Fig. 8. Analysis was performed using the R software
(version 3.5.1). Raw data were processed using a Robust Multi-array Average (RMA) algorithm based on
a precompiled C language function in limma package which including background correcting,
normalizing and calculating expression[61]. Missing values in the raw data were imputed using the knn
function in the impute package, and any probe absent from all CEL �les was eliminated. Then, the
probesets were annotated by using annotate package. Next, we used the built-in match function in R to
match probesets to their gene symbol. If multiple probes match a single gene, the probes with the highest
interquartile range (IQR) were selected as described in previous studies [62]. Following the expression
matrix with 23,495 genes was generated for the subsequent analysis. The top 50% most variant genes
(11,747 genes) [63] were considered to be DEGs and selected for WGCNA analysis.

WGCNA analysis

The co-expression network analysis of expression data from GSE22255 was conducted using a
convenient one-step network construction method in the WGCNA package [16] to �nd modules related to
stroke. First, in order to ensure the reliability of expression data, samples were clustered to detect outliers.
Second, the thresholding power β based on the criterion of approximate scale-free topology was selected
for constructing a weighted gene network. The soft threshold calculates adjacency which ranges from 0
to 1, so that the constructed network conforms to the power-law distribution and is closer to the real
biological network state [22]. Third, the scale-free gene network was constructed and genes with similar
patterns of expression (modules) was identi�ed using blockwiseModules function in the WGCNA
package. This function uses a dynamic tree-cutting algorithm to cut the hierarchical clustering tree into
branches and [64]. WGCNA approach not only takes the association between the two connected genes
into account, but also considers the topological overlap measure which representing the overlap in shared
adjacent genes. Based on the single block and block-wise module colors, we then calculated the module
eigengene (ME) which represented the expression level for each module. Next, to identify the clinical
signi�cant module, we calculated the strength of interaction between clinical trait and ME in each
module. Finally, the GS in the module was de�ned as average p-value of each gene, and the module
signi�cance represented the average GS of all the genes in a given module [63].

Enrichment and modules network analysis

The ClueGO plugin in Cytoscape (version 3.7.0) (https://cytoscape.org/) [65] was used to perform GO and
KEGG pathway enrichment analysis of clinical signi�cant modules [66]. The identi�cation of signi�cant
GO terms and KEGG pathways with P<0.05 were selected. After clinical signi�cant modules was
identi�ed, the MCODE plugin in Cytoscape was used to construct modules network and sub-networks
were extracted for further analysis.

Hub gene identi�cation and validation

Hub gene has been considered as functionally signi�cant. The hub gene in a module was identi�ed by
module connectivity when the absolute value of the Pearson's correlation of MM is larger than 0.9[63, 67].

https://cytoscape.org/
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If the absolute value of the Pearson's correlation of TS is more than 0.2[63], a gene was considered to be
highly correlated with a certain clinical trait. Furthermore, the genes with both |MM| 0.9 and |TS| 0.2 were
regarded as “real” hub genes. In the veri�cation set of GSE16561 and GSE58294, the ROC curve analysis
were performed to validate the expression of hub genes in stroke and normal samples. Moreover, the AUC
was calculated by using pROCR package [68]. Larger AUC value of a gene indicated that it can well
distinguish stroke from the control samples, and the hub gene of AUC > 0.6 in the three datasets was
de�ned as a diagnostic e�ciency gene [22, 69].

Abbreviations
WGCNA: Weighted gene co-expression network analysis; ROC: receiver operating characteristic; DEGs:
differentially expressed genes; GO: Gene ontology; GS: gene signi�cance; KEGG: Kyoto Encyclopedia of
Genes and Genomes; MM: module membership; TS: trait signi�cance; SAMHD1: SAM and HD domain
containing deoxynucleoside triphosphate triphosphohydrolase 1; RUNX1-IT1: runt related transcription
factor 1- intronic transcript 1; AUC: area under curve; GEO: Gene Expression Omnibus; PRR11: proline-rich
protein 11; NEDD9: neural precursor cell expressed, developmentally down-regulated 9; ANP32A-IT1:
acidic nuclear phosphoprotein 32 family member A- intronic transcript 1; ASTN2: astrotactin-2; STIM1:
stromal interaction molecule 1;RMA: Robust Multi-array Average; IQR: interquartile range; ME: module
eigengene.
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Tables
Table1 GO enrichment analysis of yellow and pink module (top 4 in each module were listed)
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Module   GO ID GO Term P
value

Associated Genes

yellow   GO:0030001 metal ion
transport

0.0013 ABCC9, AGXT, ANK2, APLNR, AQP1, ASIC1, ATP12A,
ATP13A5, ATP7B, CACNA1H, CACNG6, CASQ2,
CMPK1, CYP27B1, DMD, DPP6, EPPIN, F2RL3, FGF2,
GAL, GRIN2B, GRM6, KCNA5, KCNG4, KCNJ1, KCNJ3,
KCNV1, NCOA6, NETO1, NMUR2, NOS3, PANX1,
PARP3, PKD2, PPOX, SLC12A5, SLC13A3, SLC17A2,
SLC23A1, SLC39A9, SLC41A2, SLC4A8, SLC5A7,
SLC9A8, SNAP91, TRPA1, UCN

yellow   GO:0098660 inorganic ion
transmembrane
transport

0.0169 ABCC9, ANK2, APLNR, AQP1, ASIC1, ATP12A,
ATP13A5, ATP7B, CACNA1H, CACNG6, CASQ2, CFTR,
CLCC1, CLDN4, CMPK1, DMD, DPP6, F2RL3, FGF2,
G6PC, GABRG1, GAL, GRIN2B, KCNA5, KCNG4,
KCNJ1, KCNJ3, KCNV1, NCOA6, NETO1, PANX1,
PARP3, PKD2, SLC12A5, SLC17A2, SLC23A1,
SLC41A2, SLC9A8, SNAP91, TRPA1

yellow   GO:0009617 response to
bacterium

0.0179 ABCC11, ADIPOQ, ALAD, ARHGEF28, ASS1, C10orf99,
CHST4, CMPK1, CPS1, CRP, CYP1A2, CYP27B1, DCN,
DEFB106A, EPPIN, FMO1, GKN2, HERC6, KYAT1,
LIAS, LYPD8, MBL2, MRO, NLRP1, NOS3, PLSCR4,
PNLIPRP2, PRL, RARA, RNASEH2A, S100A7A,
SPAG11A, TINAGL1, TRAPPC2, UGT1A1

yellow   GO:0010035 response to
inorganic
substance

0.0080 ABCC11, ALAD, AQP1, ASS1, ATP7B, BAD, CACNA1H,
CASQ2, CPO, CPS1, CYP1A2, DMD, EGFR, F2RL3,
FXN, HBB, KCNA5, NCOA6, NOS3, PKD2, PON1,
RASGRP2, RNASEH2A, S100A16, SLC17A2, SNAP91,
TAT, TFAP2A, TINAGL1, TNNT2, TRAF2, TRPA1, TSHB

pink   GO:0000186 activation of
MAPKK activity

0.0001 JAK2, KIDINS220, MAP4K4, RAF1, TAOK1, ZHX2

pink   GO:0006289 nucleotide-
excision repair

0.0021 CUL4A, GTF2H3, POLK, POLR2J, RPA4, TCEA1

pink   GO:0031102 neuron
projection
regeneration

0.0004 ATF7IP, JAK2, MAP4K4, RTN4, TEP1

pink   GO:0006283 transcription-
coupled
nucleotide-
excision repair

0.0023 CUL4A, GTF2H3, POLK, POLR2J, TCEA1

yellow   KEGG:04080 Neuroactive
ligand-receptor
interaction

0.0119 APLNR, CGA, F2RL3, GABRG1, GRIN2B, GRM6,
HTR1E, LEPR, LHCGR, NMUR2, PRL, TAAR2, TAAR9,
TRHR, TSHB

yellow   KEGG:00250 Alanine,
aspartate and
glutamate
metabolism

0.0142 AGXT, AGXT2, ASS1, CPS1

yellow   KEGG:00220 Arginine
biosynthesis

0.0181 ASS1, CPS1, NOS3

yellow   KEGG:05410 Hypertrophic
cardiomyopathy
(HCM)

0.0246 CACNG6, DMD, ITGA10, ITGB5, TNNT2, TPM4

pink   KEGG:03440 Homologous
recombination

0.0045 ATM, RPA4, XRCC2

pink   KEGG:03420 Nucleotide 0.0066 CUL4A, GTF2H3, RPA4
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excision repair
pink   KEGG:00830 Retinol

metabolism
0.0174 ADH4, CYP3A4, RDH11

pink   KEGG:04662 B cell receptor
signaling
pathway

0.0203 DAPP1, INPP5D, RAF1

GO gene-ontology, BP biological process, KEGG Kyoto Encyclopedia of Genes and Genomes

 

Table2 Hub genes in the yellow and pink modules

Module Color Gene Symbol MM p-value of MM

yellow SAMHD1 0.9212 0.0000
yellow POLK 0.9171 0.0000
yellow LINC01192 0.9098 0.0000
yellow NEGR1-IT1 0.9315 0.0000
yellow LOC101927815 0.9120 0.0000
yellow INO80C 0.9025 0.0000
yellow CACNG6 0.9135 0.0000
yellow ASTN2 0.9332 0.0000
yellow ANKRD20A1 0.9357 0.0000
yellow CCDC169 0.9400 0.0000
yellow ZNF33A 0.9024 0.0000
pink FAM49B 0.9100 0.0000
pink N4BP2L2 0.9430 0.0000
pink SUPT20H 0.9212 0.0000
pink MACF1 0.9371 0.0000
pink C4orf29 0.9223 0.0000
pink NEDD9 0.9256 0.0000
pink Notch2 0.9102 0.0000
pink KDM4C 0.9236 0.0000
pink PRR11 0.9116 0.0000
pink VTI1A 0.9256 0.0000
pink RUNX1-IT1 0.9230 0.0000
pink FOXP1-IT1 0.9100 0.0000
pink ANP32A-IT1 0.9024 0.0000

MM Pearson's correlation of gene-module membership

 

Table3 AUC of hub genes in three datasets
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Hub genes Module Diagnostic efficiency GSE22255 GSE16561 GSE58294

FAM49B pink NO 0.698 0.628 0.473
VTI1A pink NO 0.608 - 0.544
RUNX1-IT1 pink YES 0.743 - 0.969
PRR11 pink YES 0.645 0.634 0.885
ANP32A-IT1 pink YES 0.665 - 0.743
KDM4C pink YES 0.723 0.553 0.831
N4BP2L2 pink YES 0.783 0.685 0.576
SUPT20H pink YES 0.718 0.597 0.677
MACF1 pink YES 0.618 0.449 0.883
FOXP1-IT1 pink YES 0.648 0.534 0.71
NEDD9 pink YES 0.628 0.612 0.645
NOTCH2 pink YES 0.651 - 0.601
C4orf29 pink YES 0.705 - 0.543
CACNG6 yellow NO 0.652 0.482 0.649
INO80C yellow NO 0.665 0.535 0.507
LOC101927815 yellow NO 0.568 - 0.535
ASTN2 yellow YES 0.635 0.618 0.955
SAMHD1 yellow YES 0.627 - 0.842
POLK yellow YES 0.652 - 0.805
STIM1 yellow YES 0.655 - 0.675
CCDC169 yellow YES 0.583 - 0.7
NEGR1-IT1 yellow YES 0.6 - 0.678
ANKRD20A1 yellow YES 0.52 0.592 0.791
ZNF33A yellow YES 0.547 0.656 0.698

 

Figures
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Figure 1

Sample dendrogram and trait heatmap. Re-cluster 39 samples and white means low, red means high and
grey means missing entry in the trait heatmap
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Figure 2

Various soft thresholding powers. The left panel shows the scale-free topology model �t index as a
function of the soft-thresholding power. The right panel displays the mean connectivity (degree) as a
function of the soft-thresholding power
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Figure 3

Cluster dendrogram and network heatmap plot. a Dendograms produced by dissimilarity based on
topological overlaps with assigned module colors. The degree of gene conservation in the datasets are
represented by the same module colours. b Visualizing the gene network heatmap plot. The network
heatmap depicts the topological overlap matrix between among all genes. Yellow color represents low
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overlap and darker red color represents higher overlap. Genotype maps and module assignments are also
shown on the left and top

Figure 4

Module-trait relationships. Each row corresponds to a module eigengene, column to a trait. Each cell
contains the corresponding correlation and p-value. The table is color-coded by correlation according to
the color legend
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Figure 5

Module membership and gene signi�cance. Scatterplot of Gene Signi�cance (GS) for stroke vs. module
membership (MM): a lightgreen module; b pink module; c yellow module; d midnightblue module



Page 24/26

Figure 6

Hub genes expression in GSE22255. The barplot of the eight hub genes expression was produced.
Among them, the expression levels of SAMHD1 and RUNX1-IT1 were signi�cantly lower in stroke samples
compared with control samples of GSE22255 dataset
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Figure 7

Validation for Hub genes regulatory network. Eight hub genes in the pink and yellow modules were
colored with lightcyan, and the target genes were colored with magenta
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Figure 8

Work�ow of raw data processing, WGCNA analysis and validation
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