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Abstract: Neurodegenerative disorders (NDs) are a class of rapidly rising devastating diseases and
the reason behind are might be an improper function of related genes or a mutation in a particular
gene or even could be autoimmune also. Parkinson’s disease (PD), Multiple sclerosis (MS),
Huntington’s disease (HD) are some of the NDs, and still, incurable fully. Apart from the similarities
in symptoms, there are common genes that express somehow a differential manner in patients of PDs,
MSs, and HDs. A total of 1197 differentially expressed genes (DEGS) are obtained by analyzing the
chosen datasets. The protein interactions by STRING online tool and degree sorted hubs obtained
through a plug-in in Cytoscape; Cyto-Hubba. Among the sorted hubs KRAS, CREB1, PIK3CA, JAK2
are the ones that are not only common to all the studied datasets of NDs but also in other neurological
disorders like Alzheimer's. The enriched pathways with biological process, molecular function,
cellular component, and KEGG pathway details are obtained and analyzed using Enricher. This paper
frames that the obtained hub genes could be potential biomarkers also and a need for further drug
design for finding a possible cure.
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1. Introduction

In today’s world, neurological disorders are the utmost problem as they grasp a large group of
people, especially aged people. Approximately a total of 1 billion around the world i.e. every one in
six people is dealing with those diseases. The impairment in the function of the ANS and PNS is due
to degeneration of neurons, sporadic or even hereditary (Magalingam et al., 2018) in some cases,
further leads to normal physiological activities, thinking criteria, and mental health. Though there are
so many which belong to this category, Parkinson’s disease, Multiple sclerosis, Huntington’s disease
are the major ones holding the severity of that class. There’s a severe loss in dopamine
neurotransmitter releasing neurons(Kouli et al., 2018) from the harsh region of our brain; substantia
nigra in Parkinson’s disease patients. Symptoms that are faced by the group of patients are dizziness,
fatigue, development of muscle stiffness, frequent nightmares, anxiety, disability in speaking, and
many more. The proper cause is still unidentified, but antigen-presenting cells along with CD4+ cells
and Killer T cells assist in Multiple sclerosis(Ghasemi et al., 2017), and even the factors could be
environmental also. With cognitive problems the suffers also face low vision power, spasms,
weakness, impotence, etc. Huntington’s disease is somehow classical, defect in the base pairs of HTT
gene (Nopoulos, 2016) leads to abnormal functioning of the Huntingtin protein; necessary for normal
brain development. Compulsive behavior, depression, hallucination, anxiety, slowness, mood swings,
muscle spasms are fallen under its symptoms.
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In this study, we analyzed Parkinson’s disease dataset (GSE19587); the Multiple sclerosis
disease dataset (GSE38010), and Huntington’s disease dataset (GSE1767) to find out the common
drug target and treatment of the neurodegenerative disorders.

2. Materials and Methods

2.1. Data set for study

Gene expression omnibus (https://www.ncbi.nlm.nih.gov/geo/) is a fully publicly
accessible data repository containing high throughput data, array data, sequence-based data, and so
on. Using keywords or disease names, GEO accession number, and even with author name as a search
input GEO datasets in the database can find out. By putting the disease name as search input we select
the GSE19587 dataset associated with Parkinson’s disease. 22 tissue samples using HG-U133A_2
Affymetrix chip array are used among which tests are 12 (6 dorsal motor nucleus and 6 inferior
olivary nucleus) and samples are 10 (5 dorsal motor nucleus of vagus and 5 are inferior olivary
nucleus). In multiple sclerosis, the GSE38010 dataset is selected which did with the help of 7
histologically identified MS cells. This dataset containing 5 tests (including 1 early-stage active
inflammation, 2 chronic active plaque following demyelination active inflammation, and 2 chronic
plaque after inflammation has subsided —late-stage) and 2 white matter from age-matched healthy
control species. GSE1767 dataset that containing 26 sample species is chosen for Huntington’s
disease is associated with the blood markers for this disease. From that total of 12 test samples are
selected and 14 normal samples are chosen. There was ho human experiment performed and all the
data used for this study are available in online NCBI.

Disease GEO accession Total number of | Diseased Healthy samples/

number samples samples/ Test Control species
species

Parkinson’s GSE19587 22 12 10

Disease

Multiple GSE38010 7 5 2

Sclerosis

Huntington’s GSE1767 26 12 14

Disease

Table: 1- test and sample information of datasets for this study, obtained from GEO; NCBI

2.2. Data processing and analysis

All the samples are selected as tests and controls and a web-based tool GEO2R
(https://www.ncbi.nlm.nih.gov/geo/geo2r/) is used to identify all the differentially expressed genes by
comparing those two selected groups of the GEO series of GSE19587, GSE38010, GSE1767. The
GEO2R tool used another two Bioconductor.R packages namely GEOquary and Limma respectively
for the processing of those data (Clough & Barrett, 2016). After processing with the GEO2R tool in
each set of datasets, thousands of several differentially expressed genes were obtained in a text file
format based on test vs control species. The obtained file format contains different groups namely
Gene ID, adjusted p-value, p-value, t-value, b-value, Log-FC, gene symbol, and gene title
respectively.
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Fig:1; Box plots of (a) Huntington’s disease (GSE1767), (b) Parkinson’s disease(GSE19587), (c)
Multiple sclerosis (GSE38010) gene expression datasets. This distribution of test vs control has been
shown after data normalization with the GEOZ2R tool.

2.3. Selection of Differentially expressed genes and processing

After downloading all the DEG lists, import those in different excel sheets to perform some
basic works. Firstly all the DEGs are sorted by the ascending order of P-values and the DEGs < 0.05
in P-value are selected for further processing. A P-value below 0.05 is significant and it describes that
there is only a 5% chance that the null hypothesis is correct or the results are random (Nahm, 2017).
Now all the selected DEGs are further processed based on Log-FC criteria, where the genes with Log-
FC > 0.5 are selected for this study. Log-FC explains the fold change i.e. if there is a Log-FC of value
1 that means this particular gene is twice much expressed in the diseased case as compared to a
healthy one (Farztdinov & McDyer, 2012). No negative values of Log-FC are considered which
means this study is based on the overexpressed or upregulated genes only.
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2.4, Identification of common genes and DEGs

All the genes that match the above criteria are selected and paste alternatively as input in a
computer software named Funrich (http://www.funrich.org/) (Pathan et al., 2015). As a result, we
obtained all the common genes in the three studied datasets GSE19587, GSE38010, GSE1767, and
DEGs on the same side. This data is beautifully showed as a Venn diagram by using that Fumrich
tool.

2.5. Network analysis of differentially expressed genes

All the COMMON DEGs obtained using funrich are further selected and imported in an
online web-based tool String (https://string-db.org/) in search of network analysis. The string is an
online database that helps to find out the interactions among your proteins of interest, to do so; the
string uses further main five sources named genomic context prediction, high throughput lab
experiments, coexpression, automated textmining, and the previous knowledge stored in this database.
Providing DEGs as input, the reference organism is set to Homo sapience for obtaining the protein-
protein interactions a network is obtained with a confidence score of 0.150 (von Mering et al., 2003).
Finally, the network is sorted by the K-means algorithm clustering method (Lei et al., 2017) and
exported in a high-resolution jpeg format.

2.6. Hub identification of common DEGs

The resultant network obtained from the string online tool is then imported into .csv format
into a desktop-based software tool Cytoscape. It’s an open-source platform through which the
molecular interactions and all the biological pathways can be visualized and further can be integrated
with gene expression profiles and annotations (Kohl et al., 2011). All of it provides a basic feature for
data visualization, analysis, and integration. The network file which is generated using string is then
directly imported into Cytoscape software. Now for finding the top hub genes (genes with maximum
nodes and edges indicating maximum connection with others) from this network a plug-in of this
software Cyto-Hubba is used. A top twenty-degree sorted network is then generated separately with
proper color indication.

2.7. Enrichment analysis and miRNA interactions

Now for further study, it’s complementary to see the pathways that are upregulated
regarding these DEGs. To do so, a web-based tool Enricher(https://maayanlab.cloud/Enrichr/) is in
use. All the obtained DEGs are provided as an input and then analyzed to visualize the diagrammatic
representation of enriched KEGG pathways and Gene Ontology function(GO) that consists of
Biological processes, Molecular functions, and Cellular components (Enrichr: A Comprehensive
Gene Set Enrichment Analysis Web Server 2016 Update, n.d.). Along with this, the interaction
between all the DEGs and functional microRNAs is obtained through an online web software miRNet.
The highly connected node or the maximum interaction is considered as a hub here.

3. Result interpretation

Using microarray data all the differentially expressed genes are obtained for this study. All
the interactive networks, biological pathways, molecular and cellular functions, miRNA interactions
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are generated for the study of these three neurodegenerative disorder datasets, Parkinson’s disease,
Multiple sclerosis, Huntington’s disease.

3.1 Identification of DEGs

P-value < 0-05 and LogFC > 0-5 are set as basic criteria for the selection of the genes as an
input. So by considering this limit a total of 2883 genes out of 22277 in Parkinson’s disease
(GSE19587), 4033 genes out of 33398 in Multiple sclerosis (GSE38010), and 3385 genes out of
17674 in Huntington’s disease (GSE1767) are selected for further analysis. All the data are obtained
from NCBI are previously normalized. Among these all, 2299 DEGs in PD, 2848 DEGs in MS and,
2822 DEGs in HD are identified.

3.2 Common DEGs analysis

By performing the Venn diagram a total of 106 genes are obtained that are common in all
three studied datasets of NDs, 543 DEGs are common in between HD and MS, 264 DEGs are
common in PD and HD and, 284 DEGs are common among HD and MS.

GeneMania is used to draw the interactions among the identified DEGs that are common in
all. The generated network represents the various parameters of interaction such as co-expression
having a score of 72-98% (shown in light purple color), genetic interactions of 9-87% (in light green
color), physical interactions of 8-75% (here in pink color), co-localization of 3-49% (presented as
bluish), and others not in a significant manner. By using the genomic and proteomic databases
geneMania identifies similar genes with the input list and draws a network (Warde-Farley et al.,
2010).

GSE1767 HD

1909

543

264 1915 GSE38010 MS

GSE19587 PD

Fig:2; Venn diagram represents the common and uncommon genes in the datasets of PD, MS, and
HD. Total 106 genes are common in all three datasets.

3.3 Common DEGs network

3.3.1 Protein-protein interaction
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All the common 106 DEGs regarding these disorders are imported into the string to find
the related protein-protein interactions. In the obtained result some proteins are showing maximum
connectivity with others that means a node with a greater number of edges and some of them are
showing low connectivity. KRAS, CREB1, PIK3CA, JAK2, ATR are some of them showing high and
significant interactions with others. K-means clustering is shown in the network provided by the
String. The network is clustered into 3 different cluster groups with centrally placed prominent nodes
like KRAS, JAK2, PIK3CA, and some others. This network contains a total of 106 nodes, 477 edges.
This network has an average degree of a node is 9 and a clustering coefficient of 0-329 and this
network has significantly more interactions. String also provides gene ontologies with proper strength
value and false discovery rate.

AYGIZJMJD'C

Networks Functions
Co-expression M cell cycle checkpoint
Genetic Interactions
Physical Interactions
Predicted
Co-localization

Pathway

Shared protein domains

Fig:3; common networks between DEGs of PD, MS, HD. Shows all the connections among those
DEGs with different color representation; co-expression having a score of 72:98% (shown in light
purple color), genetic interactions of 9-87% (in light green color), physical interactions of 8:75% (here
in pink color), co-localization of 3-49% (presented as bluish).

3.3.2 Hub gene analysis
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The network obtained from the string s then directly sends into Cytoscape or the common
DEGs input into Cytoscape separately. Using cytohubba top 20 DEGs rank is generated based on
maximum interactions with neighbors. Degree centrality is chosen as the criteria in hub identification
in cytohubba. The top identified hub genes are KRAS, PIK3CA, JAK2, ATR, NCOR1, EIF4E,
SMARCA2, MAD2L1, NMD3, CREB1, ARID4A, RECQL, TXN, PTGS4, ATF2, BBS10, DUSP6,
MED23, BRCC3, SMADS and the degree of these hubs are 45, 41, 27, 25, 23, 22, 21, 21, 20, 20, 18,
18, 17 ,16, 16, 16, 16, 16, 15, 14 respectively. Among those hub genes; PIK3CA, KRAS, JAK2,
CREBL are very common in all neurodegenerative disorders and cancer. KRAS shows the highest
interaction whereas SMADS is the least connected node among these top 20 hub genes. Besides
measuring the degree centrality, the other parameters such as Betweenness, Bottle-neck, Closeness,
Clustering coefficient, DNMC, EcCentrality, MCC, EPC, MNC, Radiality, Stress also are measured.
For this study, degree centrality is primarily focused on achieving the most connected nodes.

BRCC3 ——— NMD3
—

PSS L2
= ATF2

Fig: Hub genes from the common DEGs identified through cytohubba plugin, KRAS has the
maximum connectivity and degree of centrality of 45

3.3.3 DEGs and miRNA's interaction network

The interaction between the common DEGs and their related miRNAs is obtained from
the miRNet database. A total of 7418 miRNAs are found related to the common DEGs of all three
disorders PD, MS. HD. The large size of the node indicated higher connectivity. Here genes are
yellow in color, miRNAs are blue in color whereas transcription factors are shown with green color.
The network clearly shows that the gene ZBTB18 is hub here and has a degree of centrality 267.
TSC22D2 has a slightly lower degree of centrality as compare to ZBTB18 of 240 and ETNK1 of 218.
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Whereas has-let-71f1 and has-let-7a3b both having a lower degree of centrality of 1. The degree
centrality of all the nodes and other information regarding this is provided in a table.

Fig:4; interaction between miRNA and 106 common genes of PD, MS, HD obtained via miRNet.
ZBTB18 is identified as a hub here as it has a degree of centrality of 267.

3.4 GO processes and KEGG pathways

Through enricher, the Gene Ontology (GO) i.e Biological processes, Molecular functions,
Cellular components, and KEGG pathways related to all common DEGs are obtained. Some of these
details are also obtained using String. A total of 871 GO terms are significantly enriched in the case of
biological processes. In them, retinal ganglionic cell axon guidance(G0O:0031290) has a combined
score value of 131.13 with the involvement of gene ALCAM, positive regulation of synaptic plasticity
with a score of 104 involving gene CPLX2. 158 total GO terms are identified that belong to molecular
functions. Among them, PIK3CA is involved with phosphatidylinositol 3 kinase activity with a score
of 47.92 and has an odds ratio of 17.21 (GO:0035004)another gene RECQI with a combined score of
31.64 and an odds ratio of 12.62 involved in 3’-5” DNA helicase activity. A total of 115 GO terms are
significantly enriched in GO of cellular components and npBAF complex (GO:0071564) having the
score of 54.32 with gene SMARCAZ2 enriched. Another cellular component is azurophil granule
(G0:0042582) also expressed the enriched DEGs GLIPR1, SLCO4C1, ATP11B, CCTS8. It also
claimed that a total of 4 major KEGG pathways are significantly enriched. 6 genes in each case of
cellular senescence, signaling pathway regulating pluripotency of stem cells, growth hormone
synthesis and secretion and action are enriched and 5 in cholinergic synapse enriched. Overall these
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DEGs are associated with a variety of biological pathways, molecular functions that are relevant to
neuronal growth, brain development and differentiation, and homeostasis. Significantly 51 genes are
enriched in brain tissue (BT0O:0000142) present in the network. 74 DEGs are showing alternative
splicing, 67 are phosphoprotein, 27 are associated with ubiquitin conjugation.

4, Discussion

The datasets of PD, MS, HD are used for the aim to find potential similarities in terms of
gene regulation, common DEGs with microRNAs, and enriched biological and cellular pathways
among those neurodegenerative disorders. Extensive application of bioinformatics is required for
analyzing gene expression profiles.

4.1. Detailed network analysis

By analyzing PPI interactions and hub analyzing using string and Cytoscape some of the
genes KRAS, PIK3CA, JAK2 is shown in extensive regulation. KRAS, another GTPase hub ras
protein bind to GTP/GDP and possess intrinsic GTPase activity. This gene plays an important role in
cell proliferation and helps to promote tumors by silencing the tumor suppressor gene in colorectal
cancer cells. Researchers have already shown that dysregulated RAS signaling can cause PA and
specifically the astrocyte-specific expression of endogenous oncogenic KRAS (M.-J. Ryu et al.,
2012). KRAS is associated with the regulation of synaptic plasticity (Stornetta & Zhu, 2011). KRAS
is also linked with stress conditions (Ghaddar et al., 2021) and modulates the chemical synaptic
transmission (H.-H. Ryu et al., 2020), and also helps in neurogenesis (Bender et al., 2015). It controls
the survival of the neuronal cells also (Fivaz & Meyer, 2005). Phosphatidylinositol ,5-bisphosphate 3-
kinase is a 110kDa catalytic subunit having alpha PI3K that phosp[horylates Ptdins
(phosphoinositide), Ptdins4p (Phosphatidylinopsito 4-phosphate), PtdIns(4,5)P2 to generate
phosphatidylinositol 3,4,5-triphosphate(PIP3). PIP3 plays a key role by recruiting PH-domain-
containing protein to the membrane, including AKT and PDPK1, activating signaling cascades
involved in cell growth, proliferation, survival, motility, and morphology. Disruption in the signaling
pathways mediated by AKT and Erk in the association with PIK3CA leads to the pathogenesis of
neurological disorders such as Parkinson's Alzheimers, Huntington's, and many others (Rai et al.,
2019). The functions and regulatory mechanism of PI3K/AKT/mTOR signalling pathways are
important in many human diseases including human brain disorders, neurodegenerative disorders, and
tumors (Xu et al., 2020) (EZZE, F191. PI3KIAKt 15 548 25 R B AI#I7FIH9H 72 ). EZ1E A,
2018, 031(010):34-36. Doi: CNKI:SUN:YXXX.0.2018-10-011. [Wang MH and Lu JK. Research
Progress of PI3K/Akt Signaling Pathway and Its Inhibitors. Med Inf 2018;31(10): 34-36.], n.d.).
Tyrosine-protein kinase JAK2 is a non-receptor tyrosine kinase involved in various processes such a
development, cell growth, differentiation, or histone modifications. It mediates essential signaling
events in both adaptive and innate immunity (Romano et al., 2017). In the cytoplasm, JAK2 plays a
pivotal role in signaling transduction via association with type | receptors such as growth
hormone(GHR), prolactin (PRLR), leptin(LEPR), erythropoietin(EPOR), thrombopoietin(THOP); or
type Il receptors including IFN-alpha, IFN-beta, IFN-gamma and multiple interleukins (Seif et al.,
2017). JAK2 was identified as the first molecular marker of neurological disorders (Billot et al.,
2011). JAK2 along with STAT3 activation contributes to neuronal damage following transient focal
ischemia (Satriotomo et al., 2006). A mutation in Janus kinase is also associated with embolic stroke
(Trifan et al., 2018). There is also some report that JAK? is associated with cerebral venomous
thrombosis; myelofibrosis (Jin et al., 2020). Another study reports that Salvianolic acid cerebral
angiogenesis along with JAK2 (Li et al., 2017). A recent study proves that the JAK2 tyrosine kinase is
the key regulator of inactive synapse elimination (Yasuda et al., 2021).
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Fig:5; K-means clustering applied in PPI network of all common DEGs of PD, MS, HD. 3 cluster
groups are present here. KRAS, PIK3CA, and JAK2 are the maximum connected nodes.

4.2. Process and pathways analysis

A wide range of vital processes such as homeostasis, brain, and nervous tissue development
and differentiation are some of enriched GO associated with all the common DEGs. GO analysis
using enricher showed that the enriched GO biological pathways are positive regulation of
mitochondrial membrane permeability involved in the apoptotic process with a p-value and combined
score of 0.0009777 and 378.63 respectively and in association with gene ATF2 and RHOT1, beta-
catenin destruction complex assembly(G0O:1904885) with a score and gene association of 172.43 and
APC, regulation of C-terminal protein lipidation and fever generation and growth hormone receptor
signaling with guanyl-nucleotide exchange factor activity. It also regulates the development of the
heart and rescues a stalled ribosome (GO:0072344). Positive regulation of Golgi to plasma membrane
protein transport and heat generation processes also enriched. Enriched GO for molecular functions
are DNA binding transcription factor binding, cCAMP response element-binding protein, ribosomal
large subunit binding, acetylation-dependent protein binding, lysine-acetylated histone binding,
protein kinase regulatory activity, RNA polymerase Il specific DNA binding transcription factor
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binding, thiol-dependent deubiquitinase, active in transmembrane transporter activity and
deubiquitinase activity and many others. GO-CC analysis shows that the major enriched DEG
contained cellular components are the nucleus, intracellular membrane-bound organelle, azurophil
granule membrane, organelle outer membrane, azurophil granule, nuclear inner membrane, secretory
granule membrane phosphatidylinositol 3-kinase complex of class I, mitochondrial outer membrane,
cyclin/CDK positive transcription elongation factor complex, etc. Specific developmental disorder, a
developmental disorder of mental health, intracellular disability are associated with those common
DEGs. By analyzing the KEGG pathways detains, the enriched pathways are related to growth
hormone synthesis, secretion, and absorption, signaling pathways that regulating the pluripotency of
stem cells, Cellular senescence, longevity regulating pathway, cholinergic synapse, Kapos | sarcoma-
associated herpesvirus infection, estrogen signaling pathway, human T cell leukemia virus 1 infection,
human cytomegalovirus infection, PD-L1 exp[ression and PD-1 checkpoint pathway in cancer.
Amigdala, Dendritic cells, peripheral blood are some of the tissue sights where the expression of these
DEGs is finely observed.

DNA damage checkpoint signaling (GO:0000077)
DNA-binding transcription facter binding (G0:0140297)

positive regulation of mitochondrial membrane permeability involved in apoptotic process (G0:1902110)
CAMP response element binding (GO:0035437)
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Fig: 6; The GO and KEGG pathways enrichment analysis using Enricher. (a) Top 10 enriched
biological processes, X-axis denotes the number of genes and the y-axis shows biological processes
(b) Top 10 enriched molecular functions where X-axis denotes the number of genes and the y-axis
represents functions. (c) Top 10 enriched cellular components in DEGs, X-axis denotes the number of
genes and the y-axis shows cellular components. (d) Top 10 enriched KEGG pathways, X-axis
denotes the number of genes and the y-axis represents the pathways.

5. Conclusion

Individual study of each disease is done previously but a significant combined study of PD,
MS, and HD is not done before. Through these studies, it comes to notice that the four hub genes are
common in all the datasets of these diseases are also very common in individual neurodegenerative
disorders and a variety of cancers and they are PIK3CA, KRAS, CREB1, JAK2. There might be some
possibility that any of those genes could be a drug target. So, further study is necessary for finding a
drug target and drug design by computational methods.
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