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ABSTRACT

Pulmonary arterial hypertension (PAH) is a chronic cardiopulmonary disorder marked by a raised
hypertension in the pulmonary arteries. There is no remedy for PAH, existing medications can help
reduce the disease’s progression. This research aimed to investigate potential protein and RNA
biomarkers of PAH by bioinformatic analysis. Two PAH datasets accessed from the publicly available
Gene Expression Omnibus (GEO) database were used to research differentially expressed genes
(DEGS). Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway
analyses for common DEGs were conducted by the DAVID tool. Cytoscape was used to create the
protein-protein interaction (PPI) and pick the top 10 hub genes. The transcription factors (TFs) and
microRNAs (miRNAs) that target DEGs and hub genes were investigated using the JASPAR database.
Potential therapeutics targeting the best hub genes were researched with DGIdb database. Ten hub
genes were identified to be linked to the pathogenesis of PAH (CCL5, TLR4, TLR1, SPP1, CYBB,
HGF, IGF1, SELL, CD163, and POSTN). “Positive regulation of tumor necrosis factor biosynthetic
process” and a “toll-like receptor signaling pathway” are the most enriched GO term and KEGG
pathway, respectively. “hsa-mir-26b-5p, hsa-mir-146a-5p, hsa-mir-335-5p” and FOXCI, YY1,
GATAZ2 are the top TFs targeting hub genes. 21 drugs targeting ten hub genes have been identified.
Our results would help to identify the pathogenesis of PAH and hub genes, miRNAs, and ten TFs that
might serve as potential therapeutic targets at protein and RNA levels for PAH patients.

Keywords: Pulmonary Arterial Hypertension, Biomarkers, Transcription Factors, MicroRNAs,
Differentially Expressed Genes

RNA ve Protein Seviyelerinde Temel Biyobelirtecleri Belirlemek I¢in
Pulmoner Arteriyel Hipertansiyonun In Silico Analizi

OZET
Pulmoner arteriyel hipertansiyon (PAH), pulmoner arterlerde yiiksek hipertansiyon ile isaretlenmis
kronik bir kardiyopulmoner bozukluktur. PAH hastaligi i¢in kesin bir tedavi yontemi yoktur, mevcut
ilaglar ise sadece hastaligin ilerlemesini azaltmaya yardimci olabilir. Bu arastirma, biyoinformatik
analiz yoluyla PAH'in potansiyel protein ve RNA biyobelirteclerini arastirmayi amaglamigtir. Herkese
acik Gene Expression Omnibus (GEO) veri tabanindan erisilen iki PAH veri seti, diferansiyel olarak
eksprese edilmis genleri (DEG'ler) belirlemek i¢in kullanildi. Yaygin DEG'ler i¢in Gen Ontoloji (GO)
ve Kyoto Genler ve Genomlar Ansiklopedisi (KEGG) yolak analizleri DAVID araciyla yapildi.
Cytoscape, protein-protein etkilesimini (PPI) olusturmak ve ilk 10 aday genini segmek i¢in kullanildi.

2053



DEG!'leri ve hub genlerini hedefleyen transkripsiyon faktorleri (TF'ler) ve mikroRNA'lar (miRNA'lar),
JASPAR veri taban1 kullanilarak arastirildi. En iyi ilk 10 aday geni hedefleyen potansiyel terapotikler
DGIdb veritabani ile arastirildi. On aday geninin PAH patogeneziyle baglantili oldugu bulundu
(CCLS5, TLR4, TLR1, SPP1, CYBB, HGF, IGF1, SELL, CD163 ve POSTN). “Tiimor nekroz faktorii
biyosentetik siirecinin pozitif regiilasyonu” ve “TOLL benzeri reseptor sinyal yolu” sirastyla en
zenginlestirilmis GO terimi ve KEGG yolagidir. “hsa-mir-26b-5p, hsa-mir-146a-5p, hsa-mir-335-5p”
ve FOXC1, YY1, GATAZ2, aday genlerini hedefleyen en iyi TF'lerdir. On aday geni hedef alan 21 ilag
belirlendi. Sonuglarimiz, PAH hastalar1 i¢in protein ve RNA seviyelerinde potansiyel terapotik
hedefler olarak hizmet edebilecek PAH ve aday genleri, miRNA'lar ve on TF'nin patogenezini
belirlemeye yardimci olacaktir.

Anahtar Kelimeler: Pulmoner Arteryel Hipertansiyon, Biyobelirtegler, Transkripsiyon Faktérleri,
MikroRNAlar, Diferansiyel Olarak Eksprese Edilen Genler
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. INTRODUCTION

Pulmonary arterial hypertension (PAH) is a chronic and rare disorder that reduces blood flow and
enhances pulmonary arterial pressure (PAP) and pulmonary vascular resistance (PVR) [1]. The
systolic pulmonary artery pressure in typical, healthy adults is 22-30 mmHg, the diastolic pulmonary
artery pressure is 9-22 mmHg, and the mean PAP is 15-18 mmHg. The PAP in PAH patients is
frequently > 25 mmHg at restand > 30 mmHg with exercise [2].

Although recently, several investigations have been carried out to discover the etiology of PAH, its
exact etiology of PAH is still unknown. The diverse etiology of PAH includes genetic, environmental,
and biological components. VVasoconstriction, arterial wall remodeling, and in situ thrombosis are the
important causes of PAH. Although there are different treatment options, PAH is still not completely
curable. The rate of the clinical worsening of the disease can be reduced and the survival rate can be
partially extended with PAH treatment. The goals of the PAH treatment are to restore the patient’s
functional stage, ease clinical deterioration, improve quality of life, and prolong survival. Although
current treatment options improve the patient’s symptoms, none of them fully treat the disease, and the
mortality rate is still high. So, identifying new and reliable biomarkers that contribute to the
pathogenesis of PAH is urgently needed.

Bioinformatics analysis has been extensively employed to uncover potential biomarkers of diseases by
analyzing the differentially expressed genes (DEGS) in patients and normal samples [3]. Thanks to the
advancement of microarray technology, identifying DEGs has become easier and faster. The quantity
of Gene Expression Omnibus (GEO) data produced by microarray technology has risen recently.
Several biomarkers and possible biological pathways linked to PAH have recently been uncovered [4;
5]. However, the mortality rate is still high. As a result, it’s critical to find novel biomarkers for
therapeutic and diagnostic purposes in PAH disease using more GSE datasets.

This study searches for biomarkers, biological pathways, and regulators using in silico tools in PAH
patients. We found common DEGs across PAH patients and normal samples using two publicly
available PAH GEO datasets. Additionally, we performed Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) enrichment analyses, and PPl networks of the
identified DEGs were established. miRNA and TFs were also identified. Finally, possible therapeutic
targets for the 10 hub genes were examined to aid in the characterization of new PAH therapeutic
techniques.
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Il. MATERIALS AND METHODS

A. IDENTIFICATION OF DEGs FROM THE TWO DATASETS

GSE113439 and GSE117261, publicly available datasets downloaded from the GEO database
(https://www.ncbi.nlm.nih.gov/geo/) [6]. While the GSE113439 dataset includes 15 PAH patients and
11 controls, the GSE117261 dataset includes 58 PAH patients and 25 controls. Information about the
datasets is given in Table 1.

DEGs were found in both the patient and control datasets by the GEOZ2R statistical tool. The following
criteria were used to choose DEGs: p- value < 0.01, log2FC>1 (up-regulated DEGs) or p-value < 0.01
and 1og2FC<1 (down-regulated DEGs). The online Venn diagram tool was used to find common
DEGs by detecting overlapping DEGs between two datasets. PANTHER database was utilized to
discover the over-representation of protein categories [7]. Figure 1 illustrates the steps of our study.

Table 1. GEO datasets analyzed in the study

GEO ID Tissue type Case-control Experiment Platform
group Type
GSE113439 Lung tissue 15 PAHs - 11 “Expression “Affymetrix
Control profiling by Human Gene 1.0
array” ST Array”
GSE117261 Lung tissue 58 PAHs - 25 “Expression “Affymetrix
Control profiling by Human Gene 1.0
array” ST Array”

Data set selection
fwo microarray datasets{GSEN 13439 and GSELLT261)
were downdoaded from GEO database

identification of DEGs ‘

GO and KEGG analysis DEGS-TF andd DEGs-miRNA Interaction Analysis ‘

— | —

’ Construction of PPl network ‘

—_—

l Drug-gene interactions of hub genes ‘ identification of hub genes \ DEGs-TF and DEGs-miRNA Interaction Analysis
S— |
|

GO and KEGG analysis

Figure 1. The workflow of the study
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B. GENE ONTOLOGY AND KEGG ENRICHMENT ANALYSIS

The DAVID (The Database for Annotation, Visualization and Integrated Discovery) tool evaluated
molecular pathways and their aggregation in biological processes in two datasets [8]. We accepted a p-
value < 0.05 as the cut-off to choose GO enrichment terms (biological processes (BP), molecular
functions (MF), and cellular components (CC)) and KEGG pathways.

C. PROTEIN-PROTEIN INTERACTION NETWORK ANALYSIS AND 10 HUB GENE
DETECTION

The STRING tool (https://string-db.org/) created the protein-protein interaction (PPI) network. The
PPI network was created by the PPI confidence scores greater than 0.7. The Cytohubba plug-in in
Cytoscape (Cytoscape v3.7.1) software was used to get the picture of the network, and hub genes were
detected. 12 methods were used by the CytoHubba plugin to find hub genes. The "degree" technique
was used to choose the 10 hub genes. Furthermore, the GeneMANIA database
(https://genemania.org/) was utilized to predict gene function and identify functionally comparable
genes [9].

D. DEVELOPMENT OF TF-miRNA-GENE NETWORK

The JASPAR [10; 11] and miRTarBase [12] databases were used to look for TFs and miRNAs that
influence DEGs at the transcriptional and posttranscriptional levels, respectively. The top 10 TFs and
miRNAs that target common DEGs and hub genes were discovered. The NetworkAnalyst tool was
also used to create DEG-TF and DEGs-miRNA networks [13].

E. DRUG-HUB GENE INTERACTION
To find prospective therapeutic targets for the top hub genes identified in our investigation, we used
the DGIdb (The Drug Gene Interaction Database) database (http://dgidb.genome.wustl.edu/) [14].

DGldb is a database that uses DrugBank, TDD, Chembl, Drug Target Commons, and PharmGKB to
provide probable drug-gene interactions.

1. RESULTS

A. DEG ANALYSIS AND IDENTIFICATION OF COMMON DEGs

Because of the analysis of the GSE113439 and GSE117261 datasets, 3870 DEGs in the GSE113439
datasets and 422 DEGs were identified in the GSE117261 dataset. By comparing DEGs in two
datasets, 122 common DEGs were identified (Fig. 2A). While 41 DEGs were down-regulated and 81
DEGs were up-regulated in GSE113439 dataset, 57 DEGs were down-regulated and 65 DEGs were
up-regulated in GSE117261 dataset. Based on their roles, 122 common DEGs were divided into 14
protein classes, including cell adhesion molecule (% 4.5), defense/immunity protein (% 4.5),
extracellular matrix protein (% 4.5), gene-specific transcriptional regulator (% 10.2), intercellular
signal molecule ( % 14.8), metabolite interconversion enzyme (% 27.3), nucleic acid metabolism
protein (% 2.3), protein modifying enzyme (% 9.1), protein-binding activity modulator (% 5.7),
scaffold/adaptor protein ( % 2.3), transfer/carrier protein (% 2.3), transmembrane signal receptor (%
4.5), transporter (% 6.8), and viral or transposable element protein (% 1.1) (Fig. 2B).
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Figure 2. (A) Venn diagram of common DEGs detected in two datasets. In the Venn diagram, the two datasets

overlapped by 122 genes (B) Categorization of common DEGS based on PANTHER [7] protein class.
B. FUNCTIONAL ENRICHMENT ANALYSIS OF COMMON DEGs

DAVID was used to define all DEGs based on their BPs, MFs, and CCs of the GO and KEGG
pathways. Table 2 shows the top ten GO keywords in the biological process category. "Interleukin-1
beta secretion,” "inflammatory response,” and "cell adhesion” are the top GO terms in the BP
category. "Lipopeptide binding," "heparin binding," and "growth factor activity" are the top GO
keywords in the MF category. "Extracellular matrix," "extracellular exosome," and "extracellular
space™ are the top important GO terms in the CC category "African trypanosomiasis,” "Malaria," and

"Legionellosis" are the most important KEGG terms (Table 2).

Table 2. The top 10 GO terms (BP, MF, CC) and KEGG pathways

Category Term Genes p-value

“BP” ‘G0:005070° ~“Interleukin-1 NLRC4, GBP5, TLR4, TLR6 1.4E-5
beta secretion”

“BP” ‘G0:0006954’~"Inflammatory ~ CCL5, NLRC4, NAIP, CYBB, GBP5, ORML, 3.0E-4
response” RARRES2, SPP1, TLR1, TLR4, TLR6, VNN1

“BP” ‘G0:0007155~"Cell EPHA3, WISP2, CDON, CHL1, DPT, ITGA2, 1.7E-4
adhesion” MFAP4, MFGES, POSTN, SPP1, SELL, SEMA5A

“BP” ‘G0:0030335°~"Positive CCL5, EDN1, HGF, IGF1, PDGFD, PDG, FA, 1.8E-4
regulation of cell migration” SEMA3D, SEMA5A

“BP” ‘GO:0071560°~ “Cellular CLEC3B, ARG1, EDN1, POSTN, PDGFD 2.6E-4
response to transforming
growth factor beta stimulus”

“BP” ‘GO:0014911°~ “Positive CCLS5, IGF1, ITGA2, POSTN 2.7E-4
regulation of smooth muscle
cell migration”

“BP” ‘G0:1900227¢~ “Positive GBP5, TLR4, TLR6 4.0E-4
regulation of NLRP3
inflammasome complex
assembly”

“BP” ‘G0:0002576°~"Platelet CLEC3B, HGF, IGF1, ORM1, PDGFA, RARRES2 5.1E-4
degranulation”

“BP” ‘G0O:0048661°~ “Positive CCL5, EDN1, IGF1, ITGA2, PDGFD 5.8E-4
regulation of smooth muscle
cell proliferation”

“BP” ‘G0:0014068~ “Positive CCL5, HGF, IGF1, PDGFD, PDGFA 7.8E-4

regulation of
phosphatidylinositol 3*kinase
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“MF”

“MF”

“MF”

“MF”

“MF”
“MF”
“MF”

“cc»

“cc»

“«cc”

“«cc”

“cc»

“cc»
“«cc”

“«cc”

“«cc”

“«cc”

“KEGG Pathway”

“KEGG Pathway”

“KEGG Pathway”
“KEGG Pathway”

“KEGG Pathway”
“KEGG Pathway”
“KEGG Pathway”

“KEGG Pathway”
“KEGG Pathway”

“KEGG Pathway”

signaling”

‘G0O:0071723~ “Lipopeptide
binding”

‘G0O:0008201°~ “Heparin
binding”

‘G0:0008083°~ “Growth
factor activity”
‘G0:0004115¢~ “3°,5’-cyclic-
AMP phosphodiesterase
activity”

‘G0:0004114°~ «3°,5’-cyclic-
nucleotide phosphodiesterase
activity”

‘G0:0004435°~
“Phosphatidylinositol
phospholipase C activity”
‘G0:0005509°~ “Calcium ion
binding”

‘G0:0035663°~ “Toll-like
receptor 2 binding”
‘G0:0030492‘~” Hemoglobin
binding”

‘G0:0005178~ “Integrin
binding”

‘G0:0031012‘~ “Extracellular
matrix”

‘G0:0070062¢~ “Extracellular
exosome”

‘G0:0005615~ “Extracellular
space”

‘G0:0005576°~ “Extracellular
region”

‘G0:0005578¢~"
Proteinaceous extracellular
matrix”

‘G0:0009986‘~ “Cell surface”

‘G0:0031093~ "Platelet
alpha granule lumen”
‘G0:0005887~ “Integral
component of plasma
membrane”

‘G0:0005791°~ “Rough
endoplasmic reticulum”
‘G0:0009897~ “External side
of plasma membrane”
hsa05143~ “African

trypanosomiasis”
hsa05144~ “Malaria”

hsa05134~ “Legionellosis”
hsa05142~ “Chagas disease”

hsa04620~ “Toll-like receptor
signaling pathway”
hsa05146~ “Amoebiasis”
hsa05218~ “Melanoma”
hsa04510~ “Focal adhesion”
hsa04015~ “Rap1 signaling
pathway”

hsa054640~ “Hematopoietic
cell lineage”

CD1C, TLR1, TLR6
CLEC3B, WISP2, CCDC80, LTBP2, POSTN, SELL
MACC1, AREG, HGF, IGF1, PDGFD, PDGFA

PDE1A, PDE4D, PDESB

PDE1A, PDE4D, PDESB

CCL5, PLCB1, PLCB4

CLEC3B, LRP4, HMCN1, LTBP2, LTBP3, MATNZ2,
MMP8, NKD1, PLCB1, PLCB4, SULF1

TLR1, TLR6
HPR, HBB
WISP2, IGF1, ITGA2, MFGES8

CLEC3B, CDON, COL14A1, DPT, HMCN1, LTBP2,
LTBP3, MATN2, MMP8, MFAP4, MFGES8, POSTN,
RARRES2, TSHZ2

NTSE, ABCB1, CLEC3B, NAIP, SLC9A3R2, WISP2,
ACAT2, ANO1, ARG1, CTSE, CTSF, CHL1, CLIC3,
COL14A1, CR1, DPT, HPR, HMCN1, HBB, ITM2A,
LTBP2, LTBP3, LRRN4, MFAP4, MFGES8, MNDA,
ORM1, PI15, PGD, PLCB1, PDGFD, PTGDS,
RARRES2

CCL5, CLEC3B, TIMP4, WISP2, AREG, ARG,
CTSF, CHIT1, COL14A1, DPT, EDN1, HGF, IGF1,
LTBP2, MMP8, MFGES8, ORM1, POSTN, PDGFD,
PDGFA, PTGDS, SOSTDC1, SPP1, SEMA3D,
SULF1

CCL5, CLEC3B, CD163, EPHA3, CHIT1, COL14A1,
EDN1, GZMK, HPR, HBB, HGF, IGF1, IL1R2,
LTBP3, MMP8, MFAP4, MFGES8, ORM1, PDHFD,
PDGFA, PTGDS, RARRES?2, SPP1, UACA

TIMP4, WISP2, CHL1, COL14A1, DPT, LTBP2,
MATN2, MMP8, POSTN

NT5E, ABCB1, FCERLG, LRP4, AREG, CR1,
ITGA2, PDGFA, SLC7A11, SULF1, TLR4
HFG, IGF1, ORM1, PDGFA

CD163, CD1C, EPHA3, FCER1G, ADRA1A, AQP9,
CDON, CR1, CYBB, IGSF6, LRRN4, MPP1, SELL,
SLC7A11, TLR1, TLR4, TLR7

CYBB, PTGDS, SLC7A11

FCERIG, ITGA2, MFGES, SELL, TLR4

HPR, HBB, PLCB1, PLCB4

CR1, HBB, HGF, TLR4

NLRC4, NAIP, CR1, TLR4
CCL5, PLCB1, PLCB4, TLR4, TLR6

CCL5, SPP1, TLR1, TLR4, TLR6
ARGL, IL1R2, PLCB1, PLCB4, TLR4
ARG1, IL1R2, PLCB1, PLCB4, TLR4

HGF, IGF1, ITGA2, PDGFD, PDGFA, SPP1
HGF, IGF1, PLCB1, PLCB4, PDGFD, PDGFA

CD1C, CR1, ITGA2, IL1R2

1.0E-3
3.2E-3
3.4E-3

3.8E-3

8.9E-3

1.2E-2

1.4E-2

1.9E-2
2.5E-2
2.8E-2

3.4E-8

9.3E-7

1.8E-6

1.0E-4

2.5E-4

1.9E-3
4.7E-3

1.3E-2

3.9E-2

4.2E-2

2.9E-3

8,7E-3

1.1E-2
1.3E-2

1.3E-2
1.3E-2
2.4E-2

3.3E-2
3.6E-4

4.0E-4
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C. PPINETWORK CONSTRUCTION AND DETECTION OF THE TOP 10 HUB
GENES

PPI network analysis was conducted to find the protein-protein associations between DEGs by the
STRING database. Network visualization was done with Cytoscape, while the topological
computations were done with Cytohubba. The PPI networks for common DEGs were constructed with
114 nodes and 166 edges (Supplementary Figure 1). The top 10 hub genes in our dataset were
described using "degree topological words" in CytoHubba. The top 10 genes are “C-C motif
chemokine ligand 5 (CCL5), Toll-like receptor 4 (TLR4), Toll-like receptor 1 (TLR1), Secreted
phosphoprotein 1 (SPP1), Cytochrome B-245 beta chain (CYBB), Hepatocyte growth factor (HGF),
Insulin-like growth factor 1 (IGF1), Selectin L (SELL), CD163 molecule (CD163) and Periostin
(POSTN)” (Table 3). We observed that 2 hub genes (IGF1, POSTN) are regulated in the same
direction and 8 hub genes (CCL5, CYBB, TLR4, CD163, SELL, HGF, SPP1 and TLR1) are regulated
in opposite directions in two datasets. IGF1 and POSTN are up-regulated in two datasets. While CLL5
is down-regulated in GSE113439 dataset and up-regulated in GSE117261 dataset. CYBB, TLR4,
CD163, SELL, HGF, SPP1 and TLR1 are up-regulated in GSE113439 dataset, they are down-
regulated in GSE113439 dataset. Fig 3A shows the PPI network of 10 hub genes. 10 hub genes were
also analyzed for GO and KEGG terms (Table 4). The top GO term in the BP category is “positive
regulation of tumor necrosis factor biosynthetic process,” the top GO term in the MF category is
“protein binding,” and the top GO term in the CC category is “extracellular space.” The top KEGG
term is ‘toll-like receptors signaling pathway (Table 4). We also created a PPl network of common
DEGs by the GeneMANIA to discover functionally similar genes and predict gene functions.
“Detection of external biotic stimulus,” “detection of biotic stimulus,” “detection of other organism,”
“granulocyte chemotaxis,” “myeloid leukocyte migration,” “leukocyte migration,” and “granulocyte
migration” are the possible gene functions based on the PPI network (Fig. 3B).

Table 3. The top 10 hub genes in the PPI network

Gene Betweenness  BottleNeck  Closeness  Clustering Degree  DNMC EcCentricity EPC MCC MNC Radiality  Stress
ID Coefficient

CCL5 16.5 7 8.5 0.53 8 0.43736 0.5 4.841 72 8 3.33 50
TLR4 16.5 3 8.5 0.53 8 0.43736 0.5 4859 72 8 3.33 50
TLR1 0.5 1 6.83 0.9 5 0.58344 0.3333 4.04 48 5 2.88 2
SPP1 4 2 7 0.8 5 0.51861 0.5 3906 30 5 3 20
CYBB 0.5 1 6.83 0.9 5 0.58344 0.3333 4.082 48 5 2.88 2
HGF 4 1 7 0.8 5 0.51861 0.5 4.075 30 5 3 20
IGF1 4 1 7 0.8 5 0.51861 0.5 3977 30 5 3 20
SELL 0 1 6.33 1 4 0.56839 0.3333 3833 24 4 2.77 0
CD163 0 1 6.33 1 4 0.56839 0.3333 3.794 24 4 2.77 0
POSTN 0 1 5.33 1 3 0.546346  0.3333 3.069 6 3 2.33 0

Table 4. The top five enriched GO and KEGG terms of ten hub genes of PAH

Category Term p- value Genes

“BP” ‘G0:0042535°~ “Positive 1.4E- TLR1, CYBB, TLR4
regulation of tumor necrosis 5
factor biosynthetic process”

“BP” ‘G0:0006954‘~ “Inflammatory ~ 2.9E-5 TLR1, CCL5, SPP1, CYBB,
response” TLR4

“BP” ‘G0:0014911‘~ “Positive 4.8E-5 POSTN, CCL5, IGF1

regulation of smooth muscle
cell migration”
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“BP” ‘G0:0014068‘~ “Positive 5.2E-4 CCLS5, HGF, IGF1
regulation of
phosphatidylinositol 3-kinase
signaling”
“BP” ‘G0:0000187‘~ “Activation of ~ 1.4E-3 HGF, IGF1, TLR4
MAPK activity”
“MF” ‘G0:0005515°~ “Protein 2.8E-3 TLR1, CD163, POSTN, SELL,
binding” CCLS5, HGF, SPP1, CYBB,
IGF1, TRL4
“MF” ‘G0:0042056°~ 1.4E-2 CCLS5, HGF
“Chemoattractant activity”
“MF” ‘G0:0046982°~ “Protein 2.4E-2 TLR1, HGF, CYBB
heterodimerization activity”
“MF” ‘G0:0050839‘~ “Cell adhesion ~ 3.3E-2 POSTN, SELL
molecule binding”
“MF” ‘G0:0008201‘~ “Heparin 8.2E-2 POSTN, SELL
binding”
“cec” ‘G0:0005615°~ “Extracellular 2.8E-3 POSTN, CLL5, HGF, SPP1,
space” IGF1
“cc” ‘G0:0005887~ “Integral 3.3E-3 TLR1, CD163, SELL, CYBB,
component of plasma TLR4
membrane”
“cec” ‘G0:0005576~ “Extracellular 5.3E-3 CD163, CCL5, HGF, SPP1,
region” IGF1
“cc” ‘G0:0031093‘~ “Platelet alpha ~ 2.7E-2 HGF, IGF1
granule lumen 2”
“cc” ‘G0:0030670°~ “Phagocytic 2.9E-2 TLR1, CYBB
vesicle membrane”
“KEGG Pathway” hsa04620~ “Toll-like receptor 1.2E-4 TLR1, CCL5, SPP1, TLR4
signaling pathway”
“KEGG Pathway” hsa04151~ “PI3K-Akt signaling  3.8E-3 HGF, SPP1, IGF1, TLR4
pathway”
“KEGG Pathway” hsa05205~ “Proteoglycans in 1.6E-2 HGF, IGF1, TLR4
cancer”
“KEGG Pathway” hsa04510~ “Focal adhesion” 1.7E-2 HGF, SPP1, IGF1
“KEGG Pathway” hsa05144~" Malaria” 4.9E-2 HGF, TLR4
)
A £
S |
&\ o8
)\ o - N
B
e Networks

8.“0

Figure 3. (A) The PPI network of hub genes created by STRING and presented by the Cytoscape, (B) The PPI
network of common DEGs created by the GeneMANIA.
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D. DEVELOPMENT OF TF-miRNA-GENE NETWORK

To discover the mechanisms and regulatory networks of the hub genes, DEGs, TFs, and miRNAs were
analyzed. In this study, miRNA-DEGs and TF-DEGs were identified, and the top 10 TFs and miRNAs
related to common DEGs are listed in Supplementary Table 1.

8 miRNAs (“hsa-mir-26b-5p, hsa-mir-146a-5p, hsa-mir-335-5p, hsa-mir-26a-5p, hsa-mir-98-5p, hsa-
mir-199a-3p, hsa-mir-1-3p, hsa-mir-106b-5p’) were detected that regulate two or more hub genes.
FOXCL1, YY1, GATA2, FOXL1, POU2F2, CREB1, STAT3, HINFP, NR3C1, and FOXI1 are top 10
TFs related to 10 hub genes in our study (Fig. 4A, 4B, 4C).
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Figure 4. (A) miRNA-mRNA network of hub genes. The circle shows mRNA of hub genes and the square shows
predicted miRNA, (B) TF-mRNA network. The red shows the mRNA hub genes, the blue shows the TF
(C) TF-miRNA regulatory network. The blue shows predicted miRNAs, the green shows TFs, the orange shows
mRNA of hub genes.

E. DRUG-GENE INTERACTION ANALYSIS

DGldb results showed that 5 hub genes out of 10 hub genes showed interactions with drugs approved
by the Food and Drug Administration (FDA). TLR4 has eight (Eritoran, Nelfinavir, Saquinavir,
Tacrolimus, Ritonavir, Infliximab, Pravastatin and Methotrexate) drug targets, SPP1 has five
(Calcitonin, Tacrolimus, Wortmannin, Alteplase and Gentamicin) drug targets, CYBB has three
(Chrysin, Apigenin and Luteolin) drug targets, HGF has four (Imatinib Mesylate, Wortmannin,
Reserpine and Epigalocatechin Gallate) drug targets, and SELL has one (Rivipansel) drug target
(Table 5).

Table 5. Candidate drugs targeting hub genes with PAH

Gene Drug Sources PMID
TLR4 Eritoran TTD 16820585
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TLR4 Nelfinavir NCI 15388451
TLR4 Saquinavir NCI 15388451
TLR4 Tacrolimus PharmGKB 24820765
TLR4 Ritonavir NCI 15388451
TLR4 Infliximab NCI 12847679
TLR4 Pravastatin PharmGKB 12742999
TLR4 Methotrexate PharmGKB 20136356
SPP1 Calcitonin NCI 8013390
SPP1 Tacrolimus NCI 16103732
SPP1 Wortmannin NCI 14703434
SPP1 Alteplase NCI 12009309
SPP1 Gentamicin NCI 11274264
CyYBB Chrysin DTC 23786520
CYBB Apigenin DTC 23786520
CYBB Luteolin DTC 23786520
HGF Imatinib Mesylate NCI 113439348
HGF Wortmannin NCI 9603913
HGF Reserpine NCI 16081063
HGF Epigalocatechin NCI 16449979
Gallate
SELL Rivipansel TTD 20508165

[11.DISCUSSION

PAH is one of the rare forms of pulmonary hypertension (PH) that is marked by a rise in average
pulmonary artery pressure and vascular resistance. Although significant improvement has been
achieved in the pathogenesis of PAH made recently, diagnosing PAH remains challenging. The
pathogenesis of PAH includes mutations, immune dysfunction, and inflammation.

Thanks to the development of microarray technology, several biomarkers for PAH have been
identified recently. Although some novel biomarkers for PAH have been identified recently, greater
knowledge of the disease's molecular pathogenesis will help the discovery of new treatment options.
Reliable and specific biomarkers for PAH are urgently needed to diagnose this disease. Our study aims
to find possible biomarkers and molecular pathways for PAH by analyzing the gene expression data.
We searched for PAH GSE datasets in the NCBI GSE website. Although there are several PAH
datasets [4; 15; 16], we chose two datasets (GSE113439 and GSE117261) based on the following
criteria: a. datasets which used the same platform (GPL6244), b. datasets include a minimum of 15
PAH samples. One recent study which only used GSE117261 dataset identified potential hub genes,
biomarkers, miRNAs and TFs [4], but our study used two datasets which confirm and strengthen the
results of that study.

Hub genes, TFs, mRNAs, and miRNAs were identified to be involved in the pathobiology of PAH.
There were 122 common DEGs found between the two datasets. We uncovered 10 genes that may
have roles in the molecular etiology of PAH (CCL5, TLR4, TLR1, SPP1, CYBB, HGF, IGF1, SELL,
CD163, and POSTN). CLL5 and SPP1 are also found to be the hub genes related to PAH previously
[4]. We also looked into GO and KEGG pathway analysis of common DEGs and identified 10 hub
genes to interpret the genes biologically. The most enriched GO terms of common DEGs in the BP,
MF, and CC categories are “interleukin-1 beta secretion”,“lipopeptide binding” and “‘extracellular
matrix” respectively. The most enriched GO terms of 10 hub genes in the BP, MF, and CC categories
are “positive regulation of tumor necrosis factor biosynthetic process”, “protein binding”, and
“extracellular space.” One of the top GO terms in the BP category is “inflammatory response” in our
study. Previous research has shown inflammation as a significant factor in the progression of PAH.
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[17]. Inflammatory response and extracellular matrix were also revealed to be the most enriched GO
terms in BP and CC terms, according to a recent study [18]. Our finding support that inflammation
may be an important disease-related factor in PAH [17]. In previous research, extracellular matrix
remodeling was found to contribute to the molecular etiology of PAH. [19].This data, combined with
our data, confirms that the extracellular matrix also plays a crucial role in the pathobiology of PAH.
Because of the inflammatory changes, PAH is also accepted as an auto-inflammatory disease [20].
Immune imbalances play a key part in the development of IPAH [21]. Overall, our findings on the
inflammatory response, TLR signaling pathway, and PI3K-Akt signaling pathway changes support the
idea that inflammation is an important pathobiological mechanism of PAH.

We found that the TLR pathway is one of the top 10 enriched KEGG terms related to common DEGs
and the most enriched KEGG term related to 10 hub genes. Previous research has shown the relevance
of the TLR pathway in PAH, which is supported by our findings. [22]. PI3K-Akt signaling pathway
was the second most enriched KEGG term related to 10 hub genes. Previous research has shown the
important role of the PI3K-Akt signaling pathway in PAH [23; 24].

The interactions between DEGs, TFs, and miRNAs were also analyzed. We identified ten TFs
(FOXC1, GATA2, YY1, FOXL1, NFKB1, PDEUD, POU2F2, NFK, HINFP, and JUN) and ten
miRNAs (“hsa-mir-335-5p, hsa-mir-92a-3p, hsa-mir-1-3p, hsa-mir-124-3p, hsa-mir-155-5p, hsa-mir-
190a-3p, hsa-mir-5011-5p, hsa-mir-16-5p, hsa-mir-19b-3p, and hsa-mir-15b-5p™) that regulate the
common DEGs of PAH. The miRNAs are important in the etiology of PAH, particularly affecting cell
proliferation of pulmonary artery smooth muscle cells and fibroblasts and apoptosis [25]. Previous
studies showed that PAH patients had downregulation in miR-124 [26]. Additionally, the interactions
between 10 hub genes and TFs and miRNAs were analyzed. We detected 8 miRNAs (“hsa-mir-26b-
5p, hsa-mir-146a-5p, hsa-mir-335-5p, hsa-mir-26a-5p, hsa-mir-98-5p, hsa-mir-199a-3p, hsa-mir-1-3p,
hsa-mir-106b-5p”) that regulate the two or more hub genes. We also identified 10 TFs (FOXCI1, YY1,
GATA2, FOXL1, POU2F2, CREB1, STAT3, HINFP, NR3C1, and FOXI1) as the top 10 TFs related
to the identified 10 hub genes in our study. One previous study identified hsa-mir-199a-3p and has-
mir-26b-5p as miRNAs related to IPAH [27]. FOXC1, FOXL1, GATA2, YY1, and JUN were
compatible with previous studies [28; 29]. Identified miRNAs may serve as great biomarkers for PAH.

The identified hub genes in our study might contribute to the pathobiology and treatment of PAH.
SPP1 gene is a matrix phosphoglycoprotein that has roles in cell adhesion, inflammatory response, and
osteoblast differentiation. SPP1 gene was also identified as a hub gene for PAH by a previous
comprehensive gene expression analysis, which verifies our findings [28; 29]. The role of the SPP1
gene in the proliferation of pulmonary vascular smooth muscle cells (PVSMCs) has previously been
demonstrated [29]. The increase in the expression of the SPP1 gene in PAH has also been shown [30].
SPP1 has also been identified as a hub gene for idiopathic pulmonary arterial hypertension (IPAH)
[27]. Previous studies showed that CCL5 was also identified as a hub gene in PAH [31]. CCL5 has
been proven to have a significant function in pulmonary vascular remodeling in the past. [31].CLL5
has also been identified as a hub gene for IPAH [32].

Although the association between PAH and inflammation is strong, the exact mechanism contributing
to PAH is still unclear. One of the top 10 KEGG pathways we found in our research is the toll-like
receptor signaling (TLR) pathway.TLR3 and TLR4 appear to have crucial roles in the pathobiology of
PAH, according to recent research. TLR4 may play a role in endothelial-to-mesenchymal transition
and pulmonary vascular remodeling (EndMT) [33; 34]. PAH is linked to pulmonary vascular
inflammation and immune dysregulation, both of which are influenced by TLR4 signaling pathways.
[35]. One study also showed that PAH patients have TLR3 deficiency [36].TLR1 and TLR4, which we
identified as hub genes in our study that play an important role in TLR signaling, confirmed by
previous studies. Based on these results, TLR4 might be a crucial therapeutic target for treating PAH
patients. HGF is a hepatocyte growth factor. One study showed that HGF has an anti-inflammatory
activity that makes it a great treatment target for PAH [37]. IGF1 has been linked to the proliferation
of smooth muscle cells in the pulmonary artery in PAH patients. [38]. CD163 was modulated in
PAMCS [39] POSTN is involved in vascular injury and smooth muscle cell proliferation [40]. High
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expression of POSTN was discovered in PA and IPAH patients [41]. POSTN was shown to be a great
treatment target for pulmonary hypertension [42].

We found that eritoran was the top drug target for the TLR4 gene. Eritoran a TLR4 receptor antagonist
was found to heal inflammation by inhibiting the TLR4 signaling pathway in a mouse model with
chronic liver injury [43]. Our finding, that the TLR4 signaling pathway is one of the top-enriched
KEGG pathways, also supports Eritoran may be a good treatment candidate for PAH, especially for
treating inflammation-based symptoms of the disease. We found that chrysin is the top drug target for
the CYBB gene. Previous studies have shown that chrysin heals chronic hypoxia-induced pulmonary
hypertension in rat models [18; 44]. Imatinib, another top drug target for HGF, was shown to alleviate
PAH patients’ symptoms [45], Overall, these medicines that target the hub genes identified in our
investigation may be good candidates for future PAH treatment studies.

Our study has two main limitations. Our study’s first limitation is the small sample size; we used two
GEO datasets of PAH. Our results need to be confirmed by more datasets. The second limitation of
our study is that our study is only an in silico analysis. Our in silico findings have to be validated in
vivo and in vitro experiments.

IV.CONCLUSION

In conclusion, we detected DEGs and associated functional terminology pathways using in silico
analysis. CCL5, TLR4, TLR1, SPP1, CYBB, HGF, IGF1, SELL, CD163, and POSTN genes were
identified to be strong prospective therapeutic biomarkers at the protein level in our study. The
enrichment analysis of hub genes identified RNA-based therapeutic biomarkers “hsa-mir-26b-5p, hsa-
mir-146a-5p, hsa-mir-335-5p, hsa-mir-26a-5p, hsa-mir-98-5p, hsa-mir-199a-3p, hsa-mir-1-3p, hsa-
mir-106b-5p.” We also identified 10 TFs (FOXCI, YY1, GATA2, FOXLI, POU2F2, CREBI,
STATS3, HINFP, NR3C1, and FOXI1) that regulate the top 10 hub genes in our study. Our findings
will aid in the understanding of PAH pathophysiology and molecular processes.
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