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ABSTRACT

Many human diseases are characterized by deviations in signaling pathway linked to cell
proliferation and differentiation. The crucial interaction of the receptor tyrosine kinase, c-Kit,
with its ligand steel factor regulates the homeostatic immune and hematopoietic systems,
controlling their fascinating features of proliferation, differentiation, survival. The gene c-Kit has
been reported to be associated with a spectrum of human diseases and most commonly observed
in cancer. The use of molecular techniques like gene therapy to alter human hematopoietic stem
and progenitor cells presents great possibilities for various genetic and oncologic illnesses. As a
result, elucidating the molecular machinery that controls proliferation is critical. Understanding
the mysterious mechanisms that underpin proliferation has long been a focus of basic and
clinical research. A combination of computational biology tools and interaction discovery
techniques is ideal for global molecular characterization of disease pathways. When primary
events are ambiguous due to their enormous complexity, constructing and analyzing the gene
regulatory network of proliferation can be the most effective technique to comprehend negative
consequences. We identified a network of 356 nodes and 178 interactions as reported in the
STRING database, a search engine for retrieving interacting gene/protein. The study pipeline
then moved on to functional clustering of related partners utilizing molecular complex detection
(MCODE). We then filtered ten hub genes from the network with strong associations and having
a critical role in proliferation. Surprisingly, the associated protein we discovered through the
network shared more functional similarities with known cancer-related genes. This network-
based approach to our microarray data assists in the identification of novel genes/proteins and
sheds light on their critical function in c-Kit-mediated hematopoietic stem cell proliferation.
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INTRODUCTION
Stem cells are rarely present, accounting for
about 0.01 % of bone marrow (Walasek et al.,
2012). Proliferating or non-proliferating
hematopoietic stem cells (HPSCs) can be
found in the bone marrow. Hematopoiesis is
the process by which proliferating HPSCs
differentiate into blood cells (Shizuru et al.,
2005). In the last few decades, knowledge, and
techniques in the field of hematopoietic stem
cells have expanded at an exponential rate
(Dong et al., 2021; Hurwitz et al., 2020; &
Liang et al., 2020). Many hematopoietic stem
cell growth factors, including cytokines, have
been identified. Human hematopoietic stem
cells have been manipulated utilizing in vitro
expansion and gene therapy in recent years.
This study gives up new avenues for treating a
variety of hereditary and oncologic illnesses.
In general, "stem cells" refer to cells that are
capable of long-term hematopoietic system
restoration in recipient animals. Hematopoietic
stem/progenitor cells (HSPCs) isolated from
bone marrow in healthy people are a
heterogeneous group of cells with the ability to
self-renew and differentiate into all types of
functional blood cells (Dahlberg et al., 2011)
Despite significant ex vivo and in vivo
investigations, limited success in clinical
transplantation has been achieved, owing to a
scarcity of HSPCs.

High-throughput array-based methods
for detecting the expression of thousands of
genes at once have been widely available in
recent decades. Due to the development of
such tools and technologies, as well as
advancements in bioinformatics analysis,
differentially expressed genes (DEGS) may
now be easily identified and analyzed in terms
of functional annotations and pathway
enrichment. An improved approach of
microarray technology was used in a study to
unravel the unknown molecular targets driving
replication of myelomonocytic U937 cells
caused by SCF (Sharma et al., 2016). The
genetic alterations at the DNA level have been
extensively analyzed to identify differentially
expressed genes (DEGs) and track their
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functional  enrichment in relation to
proliferation.

Microarray data was statistically
examined in this work, and differentially
expressed genes (DEGs) between wild type
and mutant type were discovered. We also ran
Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway
enrichment analyses on our DEGs using the
DAVID bioinformatics tool. We then used the
Cytohubba plugin of Cytoscape to build a
protein-protein interaction (PPI) network of
DEGs to find some core essential genes.
Furthermore, utilizing Gene Expression
Profiling Interactive Analysis, the expression
of essential hub genes was compared between
wild type and normal mutant type (GEPIA).
CYCS, COX6B2, PRPF19, U2AF2, GSR,
APOBEC3C, HNRNPAO, MAGOH, CSTF2T,
and CNR1 were among the DEGs chosen for
further investigation. The Kaplan Meier plotter
was used to identify and examine the
prognostic significance of these key genes.
The Cytoscape software and its numerous
plugins, including MCODE, GeneMANIA,
and BiNGO, were also used to identify
signaling pathways and genes linked with
those pathways. Finally, this bioinformatic
investigation discovered some intriguing
biomarkers linked to hematopoietic stem cell
proliferation.

MATERIALS AND METHODS

Microarray data

The high-throughput whole-genome
microarray expression profiling used to
uncover the critical targets mediating c-kit
mutant D816V hematopoietic malignancy was
previously reported and available in the Gene
Expression Omnibus (GEO) database of the
National Center for Biotechnology
Information (NCBI) with GEO accession
GSE76355 (Sharma and Gangenahalli, 2016).
By comparing gene expression profiles of c-kit
mutant D816V and wild-type c-kit, we hope to
discover the important participants in c-kit-
mediated proliferation in hematopoietic stem
cells. Our study's microarray data was based
on Agilent-027114 Genotypic Technology's
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Custom Human Whole Genome 8x60k
Microarray, which was designed by
GPL19204 Platforms. There are six samples in
all, three of each wild type (WT S) and three
of each mutant type (Mut S).

Identification of DEGs

By comparing the two datasets (WT S and Mut
S), the Differentially Expressed Genes (DEGS)
across the experimental conditions were found.
The log base 2 statistical parameters were used
to compute the fold change value for each
gene. The DEGs were then divided into two
categories: up-regulated and down-regulated
genes. We consider flag to be Detected in the
treated sample and can be detected or
compromised in the control sample, and
|logFC| >= 0.6 in treated and control samples
for filtering upregulation. We considered flags
to be "Detected" in the Control sample and
"Detected or Compromised” in the Treated
sample for filtering Down Regulated, and

|logFC|= - 0.6 in treated was regarded
statistically significant.
Functional enrichment analysis

The Database for Annotation, Visualization,
and Integrated Discovery  (DAVID)
Bioinformatics tool
(http://david.ncifcrf.gov/,version 6.8) was used
to perform Gene Ontology and Pathway
Enrichment analysis of the up-regulated and
down-regulated  genes  for  functional
characterization of DEGs (Dennis et al., 2003).
DAVID is a web-based bioinformatics tool
that uses clustering methods to assist
researchers analyse large gene lists high in
functional annotations. We classified our
DEGs into four categories: biological process
(BP), cellular component (CC), molecular
function (MF), and KEGG (Kanehisa et al.,
2009) pathway, with a P-Value of 0.05
considered statistically significant.

PPl network construction and module
analysis

STRING-DB  (http://string-db.org,  version
10.0), an online Search Tool for the Retrieval
of Interacting Genes (Szklarczyk &
colleagues, 2014) By creating protein-protein
interaction networks, was used to predict and
understand the process of -kit mediated
proliferation in hematopoietic stem cells. For
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subsequent analysis, the PPl network
comprising differentially expressed genes and
interactions with a total score > 0.4 were
considered statistically significant. MCODE,
Cytoscape's Molecular Complex Detection
program, is a public bioinformatics software
that is used to cluster the network's strongly
connected sections (Bandettini et al., 2012)
The PPl network was built using the
Cytoscape programme (Smoot et al., 2011),
with MCODE filter sets degree cutoff = 10,
node score cutoff = 0.2, k-core = 2, max depth
=100 as selection criteria.

Hub genes selection and analysis

cytoHubba (Chin et al., 2014) is a new
software for Cytoscape that helps find hub
objects and sub-networks from complicated
interactomes by rating nodes in a network. We
employed maximal clique centrality (MCC),
maximum neighbourhood component (MNC),
edge percolated component (EPC), and the
degree to select our likely 20 important genes
out of 11 topological analysis methods
available in Cytoscape's cytohubba plug-in.
GeneMANIA was used to perform Gene
Ontology and Pathway analysis on the key
genes found in the selected topological
analysis results. Gene Expression Omnibus,
BioGRID, and functional genomics datasets
from multiple organisms are available in
Cytoscape's GeneMania App (Warde-Farley et
al., 2010). BiNGO, or Biological Networks
Gene Tool, is a Cytoscape plugin that was
used to visualise the biological processes of
the 20 important genes. The GEPIA
(http://gepia.cancer-pku.cn/index.html) (Tang
et al.,, 2017) (an online server of interactions
based on The Cancer Genome Atlas (TGCA)
and Genome-Tissue Expression (GTEXx) data)
was used to validate our gene expression data.
Plotting the Kaplan Meier-plot (Li et al., 2018)
was used to examine the survival effect of the
important genes.

RESULTS
Identification of DEGs in hematopoietic
stem cells
Statistical analysis was used to identify
differentially expressed genes in high-
throughput microarray data of mutant vs wild
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type groups. The log base 2 method was used
to calculate the fold change values. We
consider a fold >= 0.6 in the treatment sample
and a fold >= 0.6 in the control sample when
filtering upregulation. We consider fold = -0.6
in the Treated sample and fold = -0.6 in the
Control sample for filtering Downregulated. In
the whole-genome microarray data, 104 genes
were discovered to be up-regulated and 357
genes were found to be down-regulated.
Enrichment analysis for DEGs

The biological activities of the differentially
expressed genes, both up-regulated and down-
regulated, were identified and extracted using
DAVID Bioinformatics, a web-based program.
The DEGs were subjected to functional
annotation and pathway enrichment analysis.
Upregulated genes in the biological process of
gene enrichment were remarkably associated
with autophagy, innate immune response,
growth and inflammatory response regulation,
and positive regulation of NF-kappaB
transcription factor activity (Fig. 1a), whereas
downregulated DEGs were associated with
regulation of ion transmembrane transport,
covalent  chromatin  modification, and
detection of chemical stimuli involved in
sensory perception (Fig. 1b) (Fig. 2a). Zinc ion
binding, superoxide generating NADPH
oxidase activity, superoxide generating
NADPH oxidase activator activity, Toll like
receptor 4 binding, phosphatidylinositol3
4bisphosphate binding, and arachidonic acid
binding were among the molecular functions
of gene enrichment (Fig 1b). G-protein
coupled receptor activity, kinase activity, and
hydrolase activity acting on carbon, nitrogen
(but not peptide) bonds in cyclic amidines
linked genes were discovered in the analysis of
down-regulated genes in molecular function
enrichment (Fig 2b). Upregulated DEGs were
also shown to be linked with cytosol,
nucleoplasm, and dendrite (Fig. 1c), while
down-regulated genes were found to relate to
anchoring membrane components, plasma
membrane, and kinesin complex (Fig. 1d)
(Fig. 2c). Furthermore, KEGG signaling
pathway analysis revealed that up-regulated
DEGs were associated with neuroactive
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ligand-receptor interaction, olfactory
transduction, and osteoclast differentiation
(Fig. 1d). Down-regulated genes were
associated with neuroactive ligand-receptor
interaction,  olfactory transduction, and
olfactory transduction (Fig. 2d).

PPI network construction and significant
module identification

At the protein level, the database of
interactions — STRING pre-computed database
indicated  probable  relationships  and
interactions among differentially expressed
genes with a combined probabilistic
confidence score > 0.4 as the criterion. 356
nodes and 178 interactions make up the
Protein-Protein Interaction Network created
with Cytoscape software (Fig. 3a). The
generated PPl network module consists of 6
nodes and 15 edges showing associations after
trimming the most important network using
MCODE (Fig. 3b). We used the Cytohubba
plugin of the Cytoscape software to further
filter the essential hub genes out of our top 20
nodes in the PPl network using four
topological analysis methods: MCC, MNC,
Degree, and EPC (Table 1). For additional
investigation, we discovered 10 essential
overlapping critical hub genes: CYCS,
COX6B2, PRPF19, U2AF2, GSR,
APOBEC3C, HNRNPAO, MAGOH, CSTF2T,
and CNR1.

Re-analysis of the ten selected genes

The GEPIA online tool was used to validate
the expression of the 10 essential genes that
were shortlisted. This study confirmed that the
expression of the hub genes differed
significantly between normal and malignant
cells (Fig. 4a). We discovered that three of the
10 essential genes were associated with poor
survival using the Via Kaplan Meier plotter
online tool and the training set LAML (Fig. 5).
The GeneMANIA program of Cytoscape was
used to create a protein/gene regulatory
network of the 10 selected genes APOBEC3C
and their relationships (Fig. 6a) The ranks
were assigned in the following manner:
BCAS2, DNAJC7, RBM5, HNRNPK,
DDX42, PRCC, PJAl, HNRNPH2, and
OCM2 based on the score order from low to
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high. Furthermore, the BINGO plugin of
Cytoscape's biological process analysis of the
hub genes revealed that these essential genes
are involved in mRNA processing, mRNA
metabolic process, RNA splicing, and positive
control of astrocyte differentiation (Fig. 6b).

DISCUSSION
Hematopoiesis is a delicate and intricate
process. Because of the selectivity and low
toxicity of the mutant D816V c-Kit receptor,
molecular targeted therapy is becoming
increasingly popular (Babaei et al., 2016).
More research is needed to fully comprehend
the function and mechanism of D816V c-
regulator Kit's gene sets, which could reveal a
method for regulating HSCs with targeted
medications to achieve maximum efficacy
with the least dose. As a result, this gene
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expression data was thoroughly analyzed
utilizing extremely powerful bioinformatics
and system biology tools to comprehend the
regulatory mechanism of c-Kit-mediated
proliferation. We identified and extensively
studied the associations between the functional
components of a hematopoietic cell like genes,
transcription factors and proteins. We used
computational tools and statistical analysis to
try to identify the complex cytokine SCF
signaling to develop new strategies for
improved hematopoietic stem cell proliferation
and to characterize key players in c-Kit-
mediated proliferation in HSCs, allowing us to
find new potential drug targets. To get
mechanistic insights into these interactions, it
is necessary to characterize the interaction
interface.
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Fig. 3 Common DEGs PPI network construction and module analysis. a. A total of 104 genes were found to be up regulated and 357 genes were
found to be down regulated were visualized in the DEGs PPI network complex: the nodes represent proteins, the edges represent the interaction of
the proteins. b Module analysis using MCODE: degree cutoff =10, node score cutoff = 0.2, k-core =2, max depth = 100

MCC
ADCYT
CNR1
NPYAR
GPR31
cxcLz
HCAR2
PRPF19
U2AF2
HNRNPAOQ
CYCS
MAGOH
CSTF2T
Ccoxe6B2
ADRBKA1
GSR
KRTAPE-3
KRTAP19-1
APOBEC3C
KRTAP10-1

APOBEC3B

Rank Method in Cytohubba

EPC MNC Degree
CYCS Uz2AF2 CYCS
COX6B2 FPRPF19 PRPF19
PRPF19 ADCYT ADRBK1
U2AF2 NPY4R ADCYT

GSR CYCs U2AF2
APOBEC3C CNR1 CNR1
HNRNFAQ cxcLz GPR31
APOBEC3B HCAR2 NPY4R
MT1M GPR31 HNRNFPAO
MAGOH CoX6B2 cxcLz
CSTF2T HNRNFPAO HCARZ
MTI1E MAGOR COx682
SCD CSTF2T BRCAZ2
NCF1 GSR SCD
CYP2B6 KRTAFPE-3 MAGOH
NDUFC2 KRTAP13-1 CSTF2T
APQOBEC3F GFRAZ APOBEC3C
BRCAZ P3PN ZFYVEZ6
ZFYVEZ28 KRTAP1O-1 PDLIMT
CNR1 APOBEC3C GSR

Table 1 Hub genes for highly differentiated expressed genes ranked in Cytohubba plugin of Cytoscape
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CONCLUSION

These connections, on a systems level,
produce a complex network that responds to
both intracellular and extracellular
disturbances. To untangle complicated
processes and  their  exposure-related
perturbations from gene expression data, we
built proliferation active sub-networks models
based on activated c-Kit in HSCs. These
networks have been visualized as graphs, with
each node representing a gene, protein, or
transcription factor, and edges depicting
interactions between them. Furthermore, the
proteins/genes in these networks are not
distributed randomly; rather, a protein linked
with a specific function tends to cluster. In
conclusion, we filtered out ten critical key
players associated with HSC proliferation
using extensive bioinformatics analysis of
high-throughput gene expression profiles in
wild type and mutant type hematopoietic stem
cells, namely CYCS, COX6B2, PRPF19,
U2AF2, GSR, APOBEC3C, HNRNPAO,
MAGOH, CSTF2T, and CNR1. These
important hub genes can also be thought of as
new indicators for hematopoietic stem cell
growth. However, more research is essential to
understand the true biological mechanism of
our shortlisted critical genes for c-kit mediated
proliferation in hematopoietic stem cells, as
well as to validate the results (in vivo and in
vitro experiments).
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