Microarray cDNA Dataset Analysis Reveals New Drug Targets of
Type 2 Diabetes Mellitus

ABSTRACT

Type 2 diabetes mellitus (T2DM) is an intricate and inadequately treatable metabolic disorder
that requires modified treatment by identifying genetic variants as potential drug targets. In this
study, we performed the system-level genetic analysis.of T2DM related cDNA dataset and
revealed 5 significant differentials expressed genes (DEGS) including ABRA, CYR61, NR4ALl,
KY, and TMEM131 as source genes. Among; these genes, 3 were down-regulated and 2 up-
regulated. The biological function and gene ontology showed the association of these genes with
cell apoptosis, cell communication, signal transduction, and insulin resistance. These genes are
majorly expressed in multiple tissues specifically the brain, lungs, pancreas, and immune cells.
The protein-protein network revealed the interaction of these source genes with important
signature proteins including FOS, IGFN1, UBC, CTNBL, ITB5, JUN, HIF1A, p53, and other
important genes. This study would be helpful to understand the etiology of the T2DM and

modify the therapeutic strategies.
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INTRODUCTION

Type 2:mellitus diabetes (T2DM) is a complex insulin-resistant metabolic disease. Overall,
more than 285 million people are estimated to suffer from T2DM, representing about 90% of
diabetes and Pakistan ranks seventh in the list of all countries [1]. With the survey in Pakistan, it
shows that diabetes covers 5.1 men and 6.8 percent women in urban areas are suffering from
T2DM [2]. The pancreas ( cells and adipose cells), kidneys, skeletal muscle, the brain,

Langarhans islets and adipose tissue are included in the organ for type 2 diabetes [3]. Although,



many key factors involved which lead to the progression of insulin resistance are diet, obesity
lifestyle and exercise [1]. Diabetes mellitus shows some effects like polyuria, blurring of vision,
weight loss and thirst [4]. There are several genes that involve type 2 diabetes and each
contributes to a greater chance of disease [5] and similar T2DM genes do not indicate proper
insulin signaling pathways [6].

T2DM itself is a polygenic-disorder which develops because of the complex interaction of
several genes with each other. It is still poorly understood and has not been precisely defined that
how these genes interact to cause T2DM [7]. Genomic expression and integrated pathways in
insulin signaling may prove and could lead to clinically critical resistance to<nsulin and diabetes.
The frameworks science approach possibly coordinates these.natural systems.and will help in
uncovering key components associated with pathogenesis. As: hereditary articulation is
indispensable to all the more likely comprehend the system of frameworks science, in this
manner cDNA microarray innovation is an important instrument for breaking down articulation
dimensions of thousands of qualities in the meantime. The large number of expressional datasets
in the open area gives a rich source of genome-wide T2DM data and offers the opportunity to
find new genetic variants. In this analysis, we conducted a differential study to show the
objective quality marks of insulin‘resistance and T2DM. A system-level analysis is presented to
examine the complexity and potential function of the relationships between T2DM genes at the
process level, as per genomic variations. [8]. In our investigation, we developed the metabolic
pathways to reveal new medication targets. We started the investigation by pointing on insulin-
expression and related cell qualities, a characteristic and settled possibility for finding a mark set
of qualities related to insulin obstruction or diabetes. The system set up in this paper is intended
to center key.inquiries: (1) Can natural procedures be perceived that are deregulated in metabolic
pathways of insulin obstruction and diabetes (2) can hereditary communication systems be useful
to uncover new medication targets and biomarkers for advancing the treatment methodologies

[1].

A quiet valuable tool was present to find out variations in frequency and progress of T2DM by
using Microarray technique [9]. Currently, many biomarkers for T2DM are established for
diagnostic and treatment for employing gene expression techniques. Data in public repositories
are progressively increasing from gene expression studies in T2DM, which allows for the



construction of a pooled dataset of gene expression comprising more people. An analysis of
microarray differential expression will be worthwhile for future advances in T2DM diagnosis.
This study therefore endorses the hypothesis that genes with different expressions can be useful
biomarkers or therapeutic targets.

MATERIAL AND METHODOLOGY
2.1 Microarray data

Gene Expression Omnibus (http:/www.ncbi.nlm.nih.gov/geo/) has been accessed.to CEL data set
files containing 10 samples of disease and 40 standard samples. GPL570 chip [ HG-U133 Plus 2]
Affymetrix Human Genome U133 plus 2.0 Array (HG-U133 Plus 2), Inc.; Santa Clara and CA,
95051, USA Technologie: In situ oligonucleotide) and genetic samples that can be used for the
genetic expression levels of the individual array are functional annotation facts (hgu133plus2).

2.2 Differential expression analysis

Collected and modified raw and pheno data files into:R-recognizable, identifiable format and
errors were removed [10]. To execute the normalization and quality control to processes the
probe intensity values using Robust:Multi-Array Average (RMA) background and each probe
indicates a gene, the R software with BioConductor packages (the QualityMetrics) were used
[11-13]. The RNA degradation analysis was conducted to monitor the quality of RNA by using
AffyRNAdeg [14, 15]. After normalization, statistics of the software R have been performed to
detect genetic variants (DEGS), by comparing normal to case samples, and several Benjamini-
Hochberg method corrections have been carried out [16]. The substantial cutoffs were
considered to. be the false discovery rate (FDR) lower than 0.05, p-value 0.05, average level of
expression (AEL) in the order of 40 percent and absolute logFC>1 [17].

2.3 Cluster and functional enrichment analysis

An expression data in a particular sample was used to validate changes in gene expression
between T2DM tissue samples and normal samples [1]. Enrichment analysis [18] investigated
cellular functions [18]. A significant cutoff has been determined by the functional annotation of
these DEGs using the online FunRich tool [19] and the p-value EMBL-EBI databases of < 0.05.



2.5 Interactomic analysis

Proteins interact to perform biological functions with each other [20]. The application of the
STRING [21] and HAPPI databases [22] were therefore used to develop the protein-protein

interaction (PPI) network using the Cytoscape software [23].

RESULTS
3.1 Normalization, RNA degradation plots and differentially expressed genes (DEGS)

The sample level data show that the expression levels of the genes were standardized and each
gene was located in a sample set in relation to a 5-end. The intensity of expression of each gene
in the sample was reported in MA plots (Fig. 1a). M and-A are shown as: M = log2(I11) -
log2(12), A = 1/2, where 11 is the array intensity studied and 12 is.that of an array consisting of a

median "pseudo™ array across all arrays.
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Fig. 1. (a) Genetic expression level of individual array quality (b) Side-by-side plot produced by
plot AffyRNAdeg representing 5’ to 3’ trend.



The degradation of RNA is an integral part of cell mechanisms to monitor the removal of
aberrant mRNAs or to generate mature 3'-5" RNA processing transcripts. A plot was created
side-by-side (Fig. 1b) for the AffyRNAdeg function plot, and the AffyRNAdeg function
summary produces separate statistic summaries for a batch array, which evaluate the degradation
severity and RNA level. There are 2 up- and 3 down-regular genes in the 5 differentially

expressed genes substantially associated with T2DM.
3.2 Cluster profiling and functional enrichment analysis

Clustering of functions and profiles is essential for investigation of organisms ' genetic structure
and metabolic function. Genetic actions, interactions and control mechanisms of such profiles are
defined and inferred. Differentiated from regular samples, the cluster profile for T2DM genetic
expression showed significant changes between comparative groups measured from the distance

between Euclidean (Fig. 2).
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Fig. 2. Cluster analysis results for gene expression data. The expression values clustered in the
red-shaded areas indicate over-expression, and the blue-shaded areas indicate under-expression.



TMEM, ABRA, KY and NR4A1 showed substantial genetic variations in diseased individuals.
We conducted the analysis of DEG enrichment that showed enhanced terms for down and up-
regulated genes. The cell communications, signal transduction and metabolic functions are
enriched terms. These genes are expressed in various tissues including immune cells,
splenocytes, pancreas, muscles and brain. Enrichment analysis has become the secondary
analysis of genes identified by high-profile genomic methods because of their ability to give
valuable insights in the collective biological function underlying a list. of genes. By
systematically mapping and by comparing their distribution into a gene set of interests with their
biological annotations, the background distribution of the gene.and protein ontology terms (GO).
The enrichment analysis identified the GO terms statistically underrepresented in the gene list.
With their significant false discovery rates (FDR), their total number of enriched terms has been
counted (Fig. 3).
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3.3 PPI network analysis

The protein-protein interaction networks have been critical to identify links between the various
proteins associated with T2DM, the nodes of which represent proteins and whose undirected and
potentially weighted edges connect interactive protein pairings. For incorporating reliability
information related to the corresponding interactions, Edge weights were used. The interaction
between the protein-to-protein in T2DM was analyzed with differential genes including ABRA
(ABRA_Human), CYR61 (CYR61_Human), NR4Al (NR4A1l Human), KY (KY.Human) and
TMEM131 (TM131_Human). These interacting five source genes were obtained from HAPPI
and STRING databases and their interaction network was generated. These source ‘genes are
interacting with FOS_HUMAN (proto-oncogene c-Fos for cytokine mediated, insulin resistance
and SMAD protein signal transduction), SRF_HUMAN (serum response factor as transcriptional
factor of many developmental and regulatory pathways), MKL1_HUMAN (myocardin-related
transcription factor A associated with SRF), JUN_HUMAN (transcription factor AP-1 associated
with cAMP signaling pathway, insulin resistance and T2DM), MYC_HUMAN (myc proto-
oncogene protein linked with the transcription of growth related genes and activates myc-
GLUT4 expression leads to T2DM), HIFLA HUMAN (hypoxia-inducible factor 1-alpha
alleviates hepatic oxidative stressiand.insulin resistance), ACTB_HUMAN (actin, cytoplasmic 1
responsible for kinase binding), UBC. HUMAN (polyubiquitin-C activates MAPK expression,
cytokine mediated signaling, Wnt signaling and insulin resistance) and other related gene
signatures (Fig. 4). The source genes have been found in direct and indirect association with
FOS, UBC, JUN, CTNB1, RXRA, IGFN, and SODM proteins responsible for insulin resistance
and diabetes‘(Fig. 5).
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Fig. 4. Protein-Protein_Interaction network of ABRA (Uniprot ID: ABRA Human), CYR61
(Uniprot ID: CYR61 Human), NR4Al (Uniprot ID: NR4Al Human), KY (Uniprot ID:
KY_Human) and TMEM131 (Uniprot ID: TM131_Human). Each dark color shows gene and
lines showing their interaction with other gene.
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DISCUSSION

The current study shows the significant link between gene expression and genetic variation and
its functional.role.in disease. This provides a valid list of potential T2DM genes based on their
expression. in skeletal muscles, which show their interaction with and correlation to the metabolic
pathways associated with T2DM [1]. The expanding databases of nucleotides and proteins
require more sophisticated information management methods [24]. Microarray data set of
containing 50 samples of normal and diseased patients of T2DM which were used to show
differentially expressed genes (DEGS). In a single DEG having 50 patients, 40 normal persons
and 10 are diseased. There are 5 genes are used for the data analysis in which 3 genes are down
regulated and 2 are up regulated which showing contribution towards diabetes. These genes
which shows progression towards the T2DM are apoptosis, cell communication, signal
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transduction and biological process [25];[26]. Retinoic acid receptors-mediated signaling
involving in the biological pathway of T2DM [27]. In the DEG analysis we used 5 genes ABRA,
CYR61, NR4Al, KY and TMEM131 in which ABRA, CYR61, NR4Al are down-regulated
genes and KY, TMEM131 are up-regulated genes which showed that these are all involving in
the T2DM. These differentials expressed regulated genes may act as therapeutic goals or
diagnostic instruments in a number of T2DM and these results can provide useful.directions for
future use. The genetic networks have extended transcript analysis to predict interactive gene-
signatures with a role in pathophysiological diabetes.

The reduction of beta cell contribution results in the beta cell failure and causing apoptosis with
increased lipids and hyperglycemia. The Pancreatic beta .cells have a highly developed
endoplasmic reticular (ER) for folding, exporting and processing newly synthesized insulin [28].
ABRA _HUMAN gene functions as actin binding Rho activating protein which mediates a
growth factor, CYR61_HUMAN gene function as cysteine rich angiogenic inducer 61 (CYRG61),
a novel biomarker which reflects myocardial dinjury [29], NR4AL HUMAN gene functions as
cell proliferation, differentiation, and apoptosis [30], KY_HUMAN gene functions as slowly
progressive congenital myopathy and TMEM131 gene serves many biological functions.

The most significant gene interaction networks have been designed to analyze the interaction
(ABRA, CYR61, NR4A1, KY, and TMEM131). These genes have been shown to interact with
FOS_ HUMAN, SRF_HUMAN, ZWINT HUMAN, MKL1 HUMAN, JUN_HUMAN,
MYC _HUMAN, HIFIA HUMAN, P53 HUMAN, RXRA HUMAN, VHL_HUMAN,
ACTB_HUMAN, UBC HUMAN and other genes are reported that all of are involved in T2DM.
CONCLUSION

It has been observed that many genetic variations are involved in the progression of T2DM. The
system-level functional analysis showed that up and down-regulated differential expressed genes
are related to etiology of disease. These genetic variants including ABRA, CYR61, NR4A1, KY
and TMEM131 are highly associated with insulin resistance and pathogenesis. This study would
be helpful to understand the disease mechanism and provide the therapeutic options of type 2
diabetes mellitus.
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