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Abstract

Chronic kidney disease (CKD) is a non-contagious, ageing-related and covert disease. It is a (chronic)
disease of the kidneys leading to renal failure, huge public health problem worldwide and common
comorbidity with type 2 diabetes mellitus (T2DM). Its presence and severity influence disease prognosis
significantly. Identification of driver genes which regulate the CKD network is one of the main challenges in
understanding its biological significance. We have analyzed microarray dataset and compare the gene
expression profile of the patient with healthy control. Besides, we studied the gene regulatory networks that
may help to understand the molecular mechanism in CKD. Further, after a comparative analysis of CKD and
DKD. We proposed five driver genes, namely ALB, WT1, IL7R, PTPRC and DOCK?2, that play an essential
role in the pathogenesis of CKD and could serve as biomarkers. In the present study, we have mapped and
analyzed the interactions of these five genes in the form of network and in addition to this we also tracked
down the other essential, i.e. driver genes responsible for the modular nature of the network. The proposed
study is based on network analysis approaches to predict some unknown CKD-associated genes, which can be
validated as reliable candidates for further in vitro/in vivo experiment.
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1 Introduction

Chronic kidney disease (CKD) is chronic, non- contagious disease and age factor kidney function alter
disease that affects the population around the world (De Nicola and Zoccali, 2016). The protracted effect
may become the higher risk of cardiovascular diseases (CVD) and finally leads to death. CKD prevalence
higher with age. A higher prevalence of CKD can be seen in older age groups as compared to the young ones
and is also dependent on gender (higher prevalence in females). The maximum burden of healthcare is in
primary stages, around 35% affecting those over 70 years (Hill et al., 2016). As per the Kidney Disease
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Improving Global Outcomes guidelines, CKD is defined as a set of abnormalities related to kidney's
function/structure and is present for more than three months, with implications for health. It can be divided
into five stages based on the glomerular filtration rate (GFR)(Levey et al., 2005). Early stages can be
manifested with minor kidney damage which is usually marked by the presence of albumin in the urine test.
An increase in levels of albumin is followed by a gradual decrease in renal function and eventually leading to
the advanced stage (last stage) known as ESRD. It requires expensive renal replacement the rapy in the form
of dialysis or transplantation (Stevens et al., 2010). ESRD is a significant health concern mostly in developed
countries, with an annual growth rate of dialysis program somewhere in between 6% to 12% in over the past
two decades. Our of all five stages, stage 3 CKD, has a high worldwide prevalence of around 11% - 13 %
(Hill et al., 2016). Since symptoms always appear in later stages as GFR worsens (unclear statement). This
has caused CKD to reach up to epidemic proportions. 10%—12% of the population, which makes up ~50% of
the elderly population shows signs of kidney dysfunction, a condition associated with high morbidity and
mortality (unclear)(Hill et al., 2016).

Research on CKD suggested the involvement of multiple factors when it comes to defining its stages.
These factors include susceptibility factors (increasing vulnerability to kidney damage), initiation factors
(which cause kidney damage), and progression factors (which cause worsening damage) (Levey et al., 2007).
CKD is regarded as an independent risk factor for CVD events which is the primary cause of morbidity and
mortality (Kellum, Lameire, and for the KDIGO AKI Guideline Work Group, 2013). There is a graded
inverse relationship between CVD risk and glomerular filtration rate (GFR) which is independent of age, sex
and other risk factors (Jha et al., 2013). It is described by analysis of kidney damage, protein uria (commonly
using albumin to creatinine ratio (ACR)) and decreased kidney functions (below thresholds of GFR estimated
from serum creatinine concentration).

The present work tries to establish an unbiased catalogue of change (up and down-regulation) in gene
expression for the CKD and DKD samples using networks theoretical approach. We bestowed a 22 sample of
CKD analysis of gene-expression from normal persons and patients representing an ethnically diverse
population. We've gotten genes from our previous comparative analysis. These genes were found involved in
the basic functioning of the cell, such as the rearrangement of the cytoskeleton, tissues development and
activation of the immune system. The present analysis will be useful for the researchers to collect evidence
against CKD working in in-vitro. Various gene and miRNA involve in diabatic nephropathy related
pathogenesis. There have been various studies on CKD considering the feedback mechanisms in the CKD
network, incorporating diabetic nephropathy. A recent report suggests a potential unexplored function of these
proteins in CKD, both as predictive and therapeutic target biomarker. The study gives equal significance to
the motifs and modules of the network to identify the driver gene and regulatory pathways not restricting only
to overrepresented motifs establishing, identification, a relationship between them in CKD gene-disease
association studies using network theoretical approach. It takes a holistic approach for predicting driver key
disease genes and their pathways within network theoretical framework using datasets of CKD patients.

2 Materials and Methods

The detailed workflow of the CKD network and analysis is as follows (Fig. 1).

2.1 Dataset and processing

A set of 3 microarray datasets were selected from the NCBI Gene Expression Omnibus database
(http://www.ncbi.nlm.nih.gov/geo/). The datasets include GSE70528, GSE11045 and GSE30122. According
to the corresponding correlation between the probe and gene from the GPL570 platform HGU 133 Plus 2
(Affymetrix Human Genome U 133 plus 2.0 Array, Affymetrix, Santa Clara, CA, USA). The probe numbers
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of the expression profile were converted into the corresponding gene symbols. One gene corresponds with
multiple probes. Thus each gene has more than one expression value. Therefore, the average value was
calculated and selected as the only representative value. A total of 54675 genes were involved in pre-processed
data. Background correction and quartile data normalization were performed by the robust multi-array (RMA)
average in R affypackage (Affymetrix). In the present study, we used LIMMA package that is a highly
recommended procedure to measure the DEGs. It calculates F-test and t-test by applying the Empirical Bayes
approach and reducing the standard errors, which give us steady and reproducible outcomes even with a less
quantity of arrays. In pre-processing, convolution background was corrected, missing values were estimated,
expression values were log2 transformed and then normalized. Both data CEL files pre-process under the
MASS method. The expression value after summarization is further used for DEG's. The genes with p-value,
less than 0.05 and fold change greater than 2 were selected as differentially expressed genes (DEGs) between

normal and CKD samples.
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Fig. 1 Schematic diagram of the workflow of the methods implemented in the study of CKD network.

2.2 Gene ontology (GO) enrichment analysis
Gene ontology terms give us the controlled vocabulary of terms divided into three categories like molecular

function, biological processes and cellular components (Xin and Zhang, 2020). Thus, for a preliminary
investigation into the functional differences of DEGs extracted were submitted to DAVID (Database for

Annotation, Visualization and Integrated Discovery)an online software http://david.abcc.nciferf.gov/home.jsp)
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to enrich the given set of DEGs to possible GO terms (Ashburner et al. 2000). A Benjamini-Hochberg (BH) p-
value of less than 0.05 was used as a cutoff to select the significantly enriched pathway.

2.3 Network construction

The network was constructed using DisGeNET, an App available for Cytoscape versions 3.0 or higher. It
allows the visualization gene-disease association's (GDAs) as bipartite graphs and additionally provides
disease or gene-centric views of the data. It integrates data from curated databases with the information
available from the literature. We provided DisGeNET with a list of DEG's obtained from our previous study.
2.4 Method to the detection of levels of the organization and to identify driver gene

Finding communities play a vital role in characterizing and detecting the nature and topological properties of
the hierarchical network. Thus, describing the behaviour of the network at a different level of the hierarchy
and accessing the organizing principle of the network. Leading Eigenvector (LEV) is one of the methods
available for community detection that is reliable (in our case) as it calculates the eigenvalue for each edge,
giving importance to links (edges), not nodes. Therefore, we apply LEV detection method in R using the
'igraph' package. We used this method to detect modules from the main network, sub-modules from modules
at each level of organization, and so on until we got only motifs (i.e. 3 nodes and 3 edges)(Sadi et al., 2010).
For this process, we stick to the criterion of identifying any sub-module as the community by the presence of
at least 1 motif (defined by G (3,3)).

2.5 Calculation of Hamiltonian energy: Constant Pots Model

To understand the compactness and organization of network at some state/level of the network, we calculated
the Hamiltonian energy of that gene at that level. HE provides an understanding of the stability at global as
well as community level (Ravasz, 2002). HE of network or any module can be calculated as in equation (1),

HE = Y,[e, — ynZ] )

where, e, is the edges in the community or module, n.is the number of nodes in the same community or

module and y being the resolution parameter which is set to 0.5 .

3 Result and Discussion

This work provides information in multiple microarray datasets on the structure and function of interacting
genes. Our target was to find the essential genes by comparing the datasets that are related to gene functions
and pathways. Total19 cel files are selected from GSE70528 data out of which eight represents hypertension
data, seven for CKD data and four for hemodialysis data. Total 54,675 genes from GSE70528 and 22,278
genes from GSE30122 were filtered at log, (FC) = 6 & 2 respectively. After comparing the expression of set
1 (HCH and GLOMERULI diabetes genes), we found 21 Up-regulated genes, while for the set2 containing
(HCH and TUBULI diabetes genes) 8 Up-regulated genes were found. For the same comparison, some 36 and
32 down-regulated genes were found respectively from set1 and set2. Finally, we got five genes, of which
four were up-regulated and six down-regulated (irrespective for their involvement in cancer). Identification of
DEGs between the normal and treated conditions can be calculated in terms of the hypothesis (equation (2)).

bl —ph =0, Hi:pl —pl#0 )
The distribution of sample X - X% is used to test the hypothesisHY , where X} and X are the means of the

(array) replicates in the control group and replicates in the treatment group, respectively, and s3; and s are

the sample variances respectively. P-values were calculated for each gene to find the significance of genes see
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Table 1 UP and DOWN regulated genes showing statistics.

Probe ids Gene Fold Change SD treat SDwild  t-value p-value
affymetrix

211298 s at ALB 9.65 0.012285 1.810692  23.245 1.82E-16
206952 at G6PC 6.94 0.064545 1.43397 20.968 1.45E-15
206067 s at WT1 7.37 0.014634 1.570643  20.473 2.35E-15
213894 at THSD7A 6.70 0.113128 1.941436  14.893 1.23E-12
204891 s at LCK -7.85 0.760188  0.500862 -17.323 6.49E-14
205798 at IL7R -8.33 0.982075 0.445559  -14.475 2.13E-12
207238 s at PTPRC -6.24 0.203114  0.640783  -33.195 1.24E-19
213160 at DOCK2 -7.48 0.777429 0315255 -16.463 1.76E-13
206025 _s at TNFAIP6 -6.70 0.860337 1.206504  -11.797 9.96E-11
210044 s at LYL1 -6.52 1.092371 0.76229 -9.964 2.06E-09

To get an idea of what could be the effect of DEGs can only be possible when we have some preliminary
insight into their function as the term gene ontology (GO) enrichment allows us to get the information about
the gene. The driver genes were found to display the differential expression irrespective of the condition, state
of disease and pattern of their expression (Zhang and Horvath, 2005). The common extracted DEGs total of 10
genes obtained divided into two sets. The one set of up-regulated genes are ALB (Albumin), G6PC (Glucose-
6-Phosphatase Catalytic Subunit), WT1 (Wilms tumor 1), and THSD7A (thrombospondin type-1 domain-
containing 7A). In contrast, another set of down-regulated genes are DOCK2 (Dedicator of cytokinesis 2),
IL7R (Interleukin 7 Receptor), LCK (lymphocyte-specific protein tyrosine kinase), PTPRC (Protein Tyrosine
Phosphatase, Receptor Type C), TNFAIP6 (Tumor Necrosis Factor-Inducible Gene 6 Protein) and LYLI
(lymphoblastic leukaemia derived sequence 1). These up-regulator genes and down-regulator genes are
actively participating in cancer, and rearrangement of few genes are the most common genetic defect
associated with T cell acute lymphoblastic leukaemia. Hence, we used DAVID, an online tool for GO
enrichment and function for the list of genes is shown in Table 2.

3.1 Delineation of global network topological properties
The topological properties can access the structure of the network. These properties signify the association of
nodes to their neighbours and elucidate their behavioural relationship between them.

The topology of the network defined by the probability of degree distributions (P(k)), clustering
coefficient (C(k)) and neighbourhood connectivity (Cy(k)) exhibit power law. Following the accord of
power-law, one can get the picture of whether there is the existence of scale freeness or not. So, the network
constructed for CKD, by using the genes extracted from the microarray experiments follows the power-law
distribution. The probability of (P(k)) degree distributions, (C(k)) clustering co-efficient and ( Cy(k))
neighbourhood connectivity exhibit power-law or fractal nature (Fig. 2) and for complete network, it is given
by topological properties of CKD network (Barabasi and Oltvai, 2004).

Furthermore, we also detected the modules in a constructed network. The biological functional analysis
finding of drugs and kinases by the by X2K shown in Table 3.
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Table 2 10 genes showing BP, CC, MF by DAVID.
GENE GOTERM_BP_DIRECT GOTERM_CC_DIRECT GOTERM_MF_DIRECT
LCK GO:00068.82 cellular zinc ion pericentriolar material non-rpeml?rane _spanning  protein
homeostasis tyrosine kinase activity
TNFA1P6 G0O:0007155 cell adhesion extracellular space protein binding
WT1 GO:OO.OGS 55 regulation  of Nucleus nucleic acid binding
transcription
ALB G0:0001895 retina homeostasis | extracellular space DNA binding
DOCK2 GO:(.JOOZ.L766 membrane  raft Intracellular gua}nyl—nucleotlde exchange factor
polarization activity
. .| integral component of
G6PC GrSC'SSOSOS%O glycogen catabolic endoplasmic reticulum | glucose-6-phosphatase activity
P membrane
. . | external  side of  plasma . .
IL7R G0O:0000902 cell morphogenesis membrane cytokine receptor activity
GO:0050852 T cell receptor | . . . .
PTPRC signaling pathway integral component of membrane | protein tyrosine phosphatase activity
THSD7A G0:0001525 angiogenesis plasma membrane tube formation in angiogenesis.
LYLI GO:00Q1955 blood  vessel Nucleus RNA polymer‘ase 11 reg}llatiory region
maturation sequence-specific DNA binding
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Fig. 2 Topological properties of network P(k), C(k), Cy(k), Cg(k), Cc(k) and Cg (k) as a function of degree k.
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The behaviour of the network is characterized by given equations (3)-(5), indicates hierarchy in synergy
with the scale-free nature in the network. Fitting power law to the points in the topological properties for the
network was done and verified by a standard statistical fitting procedure, where all p-values statistics is
calculated for all the data sets against 2500 random samplings which were found to be larger than a critical

value 0.1, and goodness of fits would be less than or equal to 0.33.

P(k)~k=“ (3)
C(k)~k= B “4)
Cn(k)~Kk® (%)

The positive value of @ for power law of neighborhood connectivity shows assertive nature of the network.
While, the negative value of a for P(k) shows the availability of each node in the network. The negative value
in B of C (k) parameter shows disassociation in the communication between the nodes in the network (Albert
and Barabasi. 2002).

The basic centrality parameters, namely, betweenness (Cg) , closeness (C.) and eigen-vector
(Cg) centralities of the network also exhibit hierarchical behavior shown in (Fig. 2) given in following

equation

Cp 14 0.302
C.|= H: 0.095 (6)
Ce y 1.008

The positive values of the centrality exponents indicates a strong regulating behavior of the nodes in the
network (Barabasi, 2009).

3.2 Finding the working driver genes in the network

To understand the importance of a particular cellular function, one needs to identify fundamental molecular
components (i.e. Genes). The interaction between all these regulating elements yields accountability to the
network. The most traditional and basic approach to find this is to get the gist of formation of community in
the network. The simple procedure described by the Neumann (Neumann, 2008), we find out the communities
to prevails up to motif level for some to level 3 other to level 4 (Fig. 3).

Since the network is a follower of hierarchy, the communities have the capability of the network regulation
with the hubs. The removal of some of them enhances the regulating abilities of the modules than the hubs,
that is the direct picture of being strongly linked network.

The effectiveness of most connected nodes (i.e. hubs) changes with their regulating mechanisms. All of the
hubs may not behave as the driver genes for clinical and drug target genes. To prove these, we traced through
the network communities and found interesting results. However, few of the hubs (apart from the genes used
for network building) can be significant, which we term as purely driver genes. These driver genes are defined
as deeply rooted genes which can able to reach from primary network to motif level the regulating unit through
different levels of organization via sub-communities Fig. 3. These regulators work at the level where the only
effect visible is in terms of essential technologies and generally form the backbone of the network stability.
They could become essential to the networks for both structural and functional integrity at different levels. It

also works as an essential organizer in maintaining network stabilization whenever the network is under
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external stress. These regulatory elements play the leading role in propagating the information and also work
as receivers. These regulators serve as interconnections of far and near nodes in the network that may
segregate even though they are physically far away from one another. As long as these fundamental or driver
genes are there in the network deeply rooted in through a large number of levels of the organization, the
network will have strong capability of defending any stress, and revert the changes provided by it Fig. 4A.

Table 3 Drugs, Kinase, Pathways and TFs for 10 genes by X2K.

GENE TFs KINASE DRUGS PATHWAYS BY KEGG

LCK ETS2 IMAPK1 tolmetin-4088 T _Cell Receptor Signaling_Pathway
TNFAIP6 [ETSI1 IMAPK 14 genistein-2695 Galactose_Metabolism

WT1 PEA3 IMAPKS8 acebutolol-6631 Glycolysis And_Gluconeogenesis
IALB E4BP4 MAPK3 tretinoin-6170 IAdipocytokine Signaling Pathway
IDOCK2 CREBP1 CSNK2A1 prednicarbate-5119 Starch_ And_Sucrose Metabolism
G6PC AML IMAP2K3 pentetrazol-1408 Hematopoietic_Cell_Lineage

IL7R HNF1 JAK2 ursodeoxycholic acid-7243 [Natural Killer Cell Mediated Cytotoxicity
IPTPRC ELK1 IPRKCD valproic acid-23 Cell_Adhesion_Molecules

THSD7A STAT6 IMAP2K1 rofecoxib-371 Insulin_Signaling_Pathway

LYL1 GATA CSNK2A2 verapamil-6287 Jak Stat Signaling Pathway

We were able to identify some regulators out of large set of hubs in the CKD network, which are ALB,
G6PC, WT1, THSD7A and DOCK2, PTPRC, LCK, LYL1, IL7R, TNFAIPG6 respectively. These hubs regulate
the process at different levels of network and motif. We calculated modularity averages of community at all
level by igraph and make the modularity graph (Fig. 4B).

We further calculated the HE of the respective driver genes (see Methods) to unveil the importance of
these genes in providing effective communication in the network up to motif level. The trend HE for these
genes show (Fig. 4C) that they effectively participate in the organization of network that has a direct
correlation to communication (Traag et al., 2011).

4 Conclusion

Gene expression analysis using microarray datasets from NCBI has given the opportunity to reasonably curate
the set of important genes. We bolted out and reported a set of ten genes that are expressed differentially in
various conditions inside kidney. Finally, the tracking down of these driver genes, we found that five genes,
namely ALB, WT1, IL7R, PTPRC, DOCK2 were present even at the basic motif level of the network.
Interestingly, it is seen that PTPRC and IL7R were found closely associated with each other and form the same
motif. While genes ALB, DOCK?2 and WT1 diverge to independent motifs. Thus, it can be said the expression
disorders associated with the pair of PTPRC and IL7R genes can be of prime focus to the researcher. This
network also follows the modular hierarchical nature, which represents low degree DEGs are much modular
than higher degree DEGs. Due to cohesively group of genes are functioning for the conclusive response of

particular function,
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Fig. 3 Tracking down the presence of the driver genes within different modules at different level of the network.
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