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ABSTRACT

Comprehension of biological networks and their comparison is one of
the key issues in computational biology. It is essential to find out the
differences in the characteristics and topological structures of biolog-
ical networks between affected and healthy tissues to understand any
diseases better. Data concerning interactions occurring within a cell
can be found in biological networks. All the biological networks are
dependent with one another inside the cell and form a network of
networks determining the cell’s overall behavior. | have identified the
deviating gene(s) in my study using a variety of network parameters
such as degree, degree distribution, rewiring edges, average path length,
clustering co-efficient, scale free networks and power distribution. R
programming language was utilized to do the experimental analysis.

Keywords: Gene Regulatory Networks (GRNSs), Discretization, Transfer

Entropy, Comparative Analysis.

Introduction
Purpose of the Research

Comparing two biological networks—normal or benign and
diseased or malignant—is the aim of this study. To obtain
the relevant biological network, we first examine the ex-
isting inference methods on gene expression datasets. We
also conduct a thorough analysis of the biological network
comparison techniques that are currently available. Finally,
we perform a variety of network comparison analyses,
such as calculating absolute degree differences, analyzing
rewiring patterns within the network, comparing the aver-
age path length, and comparing the clustering co-efficient
across the systems.

Various techniques such as Conditional Mutual Informa-
tion, Transfer Entropy, and Dynamic Bayesian Network can
be employed for GRN inference. However, we have used
Transfer Entropy in our study to infer the necessary GRNSs.
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Figure 1.Overview of the research
Objective of the Research

The primary aim of this study is to obtain the inferred net-
work by utilizing Transfer Entropy, an established inference
approach. Secondly, to perform post inference analysis
of the disease networks by comparing normal vs. disease
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networks. To identify the noteworthy distinctions between
the two networks’ topologies is the third goal so as to rank
the nodes of the networks based on their higher degree
differences. And lastly, employing a variety of network
comparison approaches to pinpoint the deviating gene(s)
between the two networks.

What Are Gene Regulatory Networks (Grns)?

GRN is a gene interaction network that describes how
genes are activated or repressed, and therefore contains
information about which proteins are produced inacell at a
particular time. In order to identify patterns that distinguish
between cohorts of affected and healthy patients, Gene
Regulatory Networks are frequently employed to examine
the changes in genetic conditions between the two.

Discretization

Discretization is commonly used to convert continuous
data to discrete ones. Some of the measures for inferring
causality in GRN like Interaction Information, Transfer
entropy etc., requires discrete data as input and hence
the available continuous data needs to be converted to
discrete time series data. There are three types of Discret-
ization methods discussed in this project viz. Equal Width
Discretization (EWD), Equal Frequency Discretization (EFD)
and Global Equal Width Discretization (GWED).

Transfer Entropy

Transfer Entropy (TE) was first introduced by Thomas Sch-
reiber in 2000. The GRN Inference method utilized to obtain
the networks for this research is Transfer Entropy. Further
explanation of Transfer Entropy is discussed in Chapter 4.

Literature Review

A network-based technique called Disease-Gene Associa-
tion (DGA) was created by Suratanee et al. to determine
the association score between a query gene and a newly
conceivable range of disorders. Two new graphlet-based
measures, REConstruction Rate (REC) and REC Graphlet
Degree (RGD), were proposed by Martin et al. RGD detects
the subset of nodes with the most topological variation,
while REC calculates the rate of graphlet similarity between
various network states. Differential Gene Regulatory Net-
works (DiffGRNs) are a method that Kim et al. devised to
find substantial variations in the gene controls of various
GRNs under dissimilar circumstances. Koschutzki et al.
compared two biological networks using a variety of cen-
trality metrics, including degree, eccentricity, closeness,
etc. In order to do a differential gene regulatory network
analysis, Dirk et al. examined many centrality measures,
including degree, shortest path betweenness, Katz status
index, and PageRank.

Gene Regulatory Networks (GRNs) represent regulatory
interactions between genes with a graph model, where a

node and an edge indicate a gene and functional relation-
ships between genes respectively. GRNs can be computa-
tionally approximated by reverse engineering from gene
expression data, which is called GRN inference.

GRN inference can be mainly categorised into three: (i)
Correlation-based, (ii) Bayesianbased, and (iii) Regres-
sion-based inference. Correlation-based GRN inference,
which is the simplest approach of reconstructing GRN,
builds a co-expression network by measuring interactions
between genes with correlation coefficients, and the con-
nections of the network are determined by a threshold.
Correlation-based GRNs are undirected graphs, and only
pairwise relationships between genes are considered. In
contrast to the correlation-based GRNs, Bayesian-based
approaches can capture a regulatory direction between
genes by approximating conditional probabilities of genes.
Additionally, Bayesian-based methods can incorporate
previous biological knowledge with prior probability and
handle a missing value problem. However, due to their
computational complexity, Bayesian-based GRNs are not
practical for handling vast amounts of genomic data, and
it is difficult to reliably predict the distribution using a
small number of samples. Regression-based GRN inference
builds a directed graph for GRN by taking into account the
multivariate effects of genes that control a gene based on
a regression model. In the evaluation of GRN inference,
regression-based inference has demonstrated exceptional
performance with ensemble learning. Because correla-
tion-based inference is easy to implement and has an
understandable representation, it has been the primary
method used in the majority of DiNA studies to create gene
regulatory networks from gene expression data.

Research Methodology
The following is the proposed project’s execution plan:

1. Collecting datasets from NCBI

2. Using R studio platform, discretizing the datasets

3. Implementing Transfer Entropy to obtain the two GRNs

4. Performing comparative analysis using various network
parameters

5. Analyzing the results

In order to obtain the necessary networks for additional
analysis in our project, we will first obtain the datasets and
discretize them. Then, we will apply the inference technique
i.e., Transfer Entropy. Network characteristic parameters,
which are covered in more detail in Chapter 4, are used to
compare the two networks.

Implementation
Dataset Description

The (disease) expression data containing 54675 genes is
obtained from NCBI. The (normal) expression data contain-
ing 4774 genes is also obtained from NCBI.
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Table |.Description of the datasets used

Sample GSM3318887(Disease),
P GSM3100633(Normal)
Organism Homo Sapiens
Cell Type Prostate Cancer cells

The following section contains the implementation part
of our work.

Discretization

The following techniques are used for pre-processing
continuous time series data.

Equal Width Discretisation (EWD)

In EWD, the continuous time series data is sorted in any
order and then the range of observed variables are divided
into k equally size bins, where k is a parameter supplied
by the user. If a variable x is observed to have values
bounded by x__and x__ then this method computes the
bin width, 6 = and constructs bin boundaries, or thresh-
olds, atx_. +i, where i=1,... k-1. The method is applied to
each continuous feature independently. It makes no use
of instance class information and is thus an unsupervised
discretization method.

Equal Frequency Discretization (EFD)

In EFD, the continuous time series data is partitioned into
[xi| intervals, each having the same number, m/|x |, of
data points. As a result, the intervals can have different
sizes. If the |x | intervals have equal frequency, then the
computation of entropy is straightforward: log| |.On the
other hand, the resulting entropy must be estimated if
one of the bins is denser than the rest. This discretization
method is one of the most efficient methods.

Global Equal Width Discretization (GEWD)

Although GEWD and EWD have similarities, GEWD considers
a distinct range between the minimum and highest value.
While we use the maximum and minimum of the complete
dataset in GEW, we simply use the local maximum and
minimum as the range in EWD.

Transfer Entropy

Schreiber developed the notion of Transfer Entropy (TE)
between two processes which measures the uncertainty
reduction in determining the future state of a process by
learning the past and current states of other processes.
Supposing that two systems generates events, we define an
entropy rate which is the amount of additional information
required to represent the value of the next observation of
one of the systems:

B == xnap(xnt1, xn, Yo Noga POns1|Xn, ¥n) oo (1)

Supposing that value of observation x , was not dependent
on the current observation y :

hy=—73 xns1 plan+1, 2m, Y)loga pen=1|xn) - (2)

Now, the quantity h, represents the entropy rate for the
two systems, and h, represents the entropy rate assuming
thatx  isindependentofy . Thus, we get transfer entropy
as follows:

h2—hi= =¥ somy plantl. an, ya)logs p(xns]xn )

+ 3 s ve P(XntLl. Xn, Vo Mo ga Plxnt1|Xn. )

= Yxeoxye PXntL, X, Yu)lOGa (P(ns1|Xn, V)| POR=12n N (3)
Because Transfer Entropy has an inherent asymmetry in
it, there are two equations for it.

Tt =Y e ey P21, Xn, Yu)loga (P(xn+1|Xn, yn) POin+1[Xn D). ()
T1— =Y yuimye P(¥nsl, Xn, Yn)loga (p(yn+1]xn, yn)| pms1|xn ). (3)
Substituting:

PO, yn)= P(nst.xm, Y] p0Cn, )
Ptn1|xn)= Pxns1.%n)] B(Xn)

Equations (4) & (5) becomes:

Tj—sr =% animye PAnsl, Xn, Yn)loga (PCxns1xn, yn). p(xn)| plenst|xn ). (6)
Ti==3 e 1mye P(¥rtl, Xn, Yudloga (P(ynd|xn, yn)| p(xn, yn).p(ynean ). (7)

“TE is more adequate for determining the direction of
inf. flow between two coupled processes.”[Kaiser, A. and
Schreiber, T., 2002]. One can obtain an inferred causal
network of genes by determining the TE between each
pair of genes. One can then use a heuristic approach to
distinguish between indirect and direct causal relationships

If I=J, then the value is assigned as 0, else for each 12, the
value is assigned the TE value. After this, max and min of
the values in the matrix is obtained to find the threshold

value as: threshold= min+ 220

For every value TE, the value is compared with the resultant
threshold value. If TE<threshold, then assign 0. Else TE is
assigned 1. Thus, the final matrix that is produced, which is
made up of discrete values, will be the necessary network.

Network Parameters Used

Some of the commonly used network parameters to char-
acterize any real life networks are discussed as follows:

Degree (Connectivity)

Itis the number of edges a node has to other nodes in the
network. It is the measure of connectivity of a node in the
network. In directed network, each of the nodes has two
types of degrees:

i) In-degree (k, ), also known as incoming edges, and
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i) Out-degree (k_ ), also known as outgoing edges.

In the above Diseased network, k_(A)=2, k (B)=1, k (C)=1,
k (D)=3, k _(E)=0, k_,(A)=1, k_,(B)=2, k_(C)=1, k_,(D)=1,
k,..(E)=2. In the above Normal network, k _(A)=2, k_(B)=1,
k. (C)=3, k_(D)=2, k_(E)=0, k_,(A)=1, k_,(B)=2, k_(C)=1,
k,.(D)=1, k_ (E)=2.

out

Degree Distribution

Degree distribution (DD) is the fraction of the number of
nodes with degree k to the total number of nodes in the
network. It is denoted as:

Paee(k) = n(k)in

Figure 2.(a) Sample directed(Diseased) network

Figure 3.(b) Sample directed(Normal) network

where n(k) is the total number of nodes with degree k, and
n is the total number of nodes in the network.

But, in a directed graph, the degree distribution becomes a
two-dimensional distribution, so Pdeg(kin, k ) is the fraction
of the nodes in the graph with in-degree k_and out-de-
gree k__ . So, the total degree distribution will become,

Pmtdeg(ktot)' Where ktot=kin +k0ut'

So, for the given above diseased network, total degree
k., will become: k =3, k=3, k' =2, k ** =4, k' =2.
Similarly, for the normal network, total degree ktot will

become: kAtot =3’ kBtot =3’ kctot =4' th0t=3' kEtOt =2‘

Hence, the Degree Distribution (DD) for the normal net-
work can be obtained as Pdeg(2)=2/5=0.4, Pdeg(3)= 2/5 =
0.4, Pdeg(4): 1/5 = 0.2, and the Degree Distribution (DD)
for the normal network can be obtained as Pdeg(2)= 1/5 =
0.2,P,.(3)= 3/5=0.6, Pieg(4)= 1/5=0.2.

Rewiring Edges

Itis the percentage of edges that got rewired i.e., the edges
that got deleted or added in the affected network in com-
parison to the normal counterpart. It can also be defined
as the indicator of similarity or dissimilarity between the
two networks.

Three parameters X, Y and Z is used to measure the per-
centage edge deletion and percentage edge addition:
Percentage Edge Deletion = ( ¥/X ) x 100

Percentage Edge Addition = ( Z/X ) x 100

where X is the total number of edges present in the nor-
mal network, Y is the total number of edges present in
the normal but not in the affected network, and Z is the
total number of edges present in the affected but not in
the normal network.

In the above figure, we can see that the total number of
edges present in the normal network is 8, so X=8. There
are two edges (e5 and e8) which are present in the normal
but not in the diseased network, so Y=2. And finally there
is one edge (e9) which is present in the diseased but not
in the normal network, so Z=1. Hence, Percentage Edge
Deletion=(2/8)x100 =25% and, Percentage Edge Addition=
(1/8) x 100=12.5%.

Average Path Length (APL)

APL of a network is the average distance of all pairs of
its nodes?.. It is also the measure of efficiency or mass

transport on a network, and is calculated by using the
following formula,

e3 — — L)
Ay el g x —
N e4 \ D) . ed /
¥ el N - ! [F] c — y
\ ({C -
el Sy i -
- el
\ el /"6 e6
s x N
| B (B ) eg
\ / oo
x p .
o7/ o8 et/
( E) { E

Figure 4.Re-wiring structures of the sample normal
network and diseased network

1
Ig - nin—1}

2 iy d(vi, vy)
where n is the total number of nodes, and 4(: v is the
distance between the vertices vi and V..

The average distance between any couples of nodes may
also highlight interesting properties of a given graph. APL is
a measure of the efficiency of information or mass transport
on a network. It offers a measure of a network’s overall
navigability. In the above diseased network, d(A,B)=0,
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d(A,C)=1, d(A,D)=2, d(A,E)=0, d(B,A)=1, d(B,C)=2, d(B,D)=3,
d(B,E)=0, d(C,A)=2, d(C,B)=0, d(C,D)=1, d(C,E)=0, d(D,A)=1,
d(D,B)=0, d(D,C)=2, d(D,E)=0, d(E,A)=2, d(E,B)=1, d(E,C)=3,
d(E,D)=1. All the distances adds to 22 and since there are
5 nodes therefore the APL, Ig =x22=1.1

In the above normal network, d(A,B)=0, d(A,C)=1, d(A,D)=2,
d(A,E)=0, d(B,A)=1, d(B,C)=1, d(B,D)=1, d(B,E)=0, d(C,A)=2,
d(C,B)=0, d(C,D)=1, d(C,E)=0, d(D,A)=1, d(D,B)=0, d(D,C)=2,
d(D,E)=0, d(E,A)=2, d(E,B)=1, d(E,C)=1, d(E,D)=2. All the
distances adds to 22 and since there are 5 nodes therefore
the APL, Ig= x 18=0.9

Clustering Co-efficient (CC)

CCis the measure of the degree of connectedness among
the neighbouring nodes of that node. Clustering Co-effi-
cient characterizes the overall tendency of nodes to form
clusters or groups. The CC of a network is the sum of all
the CC of all the nodes in the network. The CC of a node
is given by the following formula: == , where k is the
degree of node i, and L is the number of edges between
ki neighbors of nade i. So, the CC of the entire network is
given by:¢=« Z5:¢. where N is the total number of nodes
in the entire network.

In the above diseased network, for node A: K =3, L =2 and
therefore C,=0.667. Similarly, for node B: K =3, L.=2 and
therefore C,=0.667, for node C: K =2, L =1 and therefore
CC=1, for node D: K =4, L =1 and therefore C,=0.167 and
finally for node E: K=2, L=1 and therefore C=1. Thus,
the CC of the entire network is, C= (0.667 + 0.667 + 1 +
0.167 +1) = 0.70.

In the above normal network, for node A: K,=3, L =3 and
therefore C,=0.667. Similarly, for node B: K,=3, L,=2 and
therefore C,=0.667, for node C: K =4, L =1 and therefore
CC=1, for node D: K =3, L =3 and therefore C =0.167 and
finally for node E: K.=2, L =1 and therefore C.=1. Thus,
the CC of the entire network is, C= (1 + 0.667 + 0.167 +1
+1)=0.87.

Scale Free Networks & Power Law Distribution

A scale-free network is a complex network or a connected
graph with the property that the number of links originat-
ing from a given node exhibits a power law distribution.
Real life networks including biological networks exhibit
scale-free architecture, where connectivity among the
nodes ideally follows a power law degree distribution.
According to the power law distribution, the number of
high degree nodes are relatively lower as compared to low
degree nodes. Another important component of scale-free
networks is its clustering coefficient. It has been observed
that real networks have a much higher clustering coeffi-

cient. Another feature of a scale-free real network is low
average path length.

Results And Analysis

The real-time datasets are first acquired from NCBI, and
discretization techniques are then used to transform the
continuous data into discrete data. Secondly, we use the
GRN inference technique known as Transfer Entropy to
obtain the necessary networks—Diseased and Normal—
for further investigation. To avoid inference biasness and
to produce a concurrent observation, Transfer Entropy
method is used for making the comparative study.

After obtaining the results, we have taken top 20 genes
and proceeded with the comparative analysis.

Comparative Analysis of the Networks

To find the deviating gene(s) between the two networks
and to uncover any notable changes between their topolo-

Figure 5.Resulted GRNs (Normal and Diseased) after
applying inference (Transfer Entropy) technique to
the datasets

gies, comparative analysis is performed. Using the network
parameters from Chapter 4, we apply them to an actual
diseased network and compare its results with those of
the normal network.

Degree Distribution (DD) Comparison

We have displayed the degree distribution inferred for
real networks of both diseased and normal GRN in figure
5.1.1. The power law distribution is satisfied by the normal
network, as shown by the figure, where the DD value for
the higher degree (17) is less than that of the lower degrees
(15, 16). However, the DD value for the higher degree (17)
in the disease network is greater than the lower degree
(15), resulting that the disease network does not satisfy
the power law distribution.

Network Re-wiring structures analysis

We conducted an experiment to determine the values
of the percentages of edge addition and percentage of
edge deletion. The following table shows the result of
our experiment.
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DEGREE DISTRIBUTION (NORMAL) DEGREE DISTRIBUTION (DISEASE}

FRACTION OF NODES H

TOTAL DEGREE

Figure 6.Degree Distribution for Normal Vs Diseased
network

It may be noted that the lesser the percentage value of
edge deletion and edge addition, the better is the inference
technique, as this indicates how close the diseased network
is to its normal counterpart.

Average Path Length (APL) Comparison

The average path length of the two inferred networks is
displayed in the above figure. Moreover, we see that the
APL in the normal network is higher than in the diseased
network, suggesting that the nodes in the diseased network
Table 2.Percentage of Edge Deletion and Addition
between Normal and Diseased Networks

Edge Percentage Value
Percentage Edge Deletion =(¥/x) x 100 1.37457
Percentage Edge Addition = (zx) x 100 2.061856

0.5

0

Percentage Edge Deletion

Percentage Edge Addition

Figure 7.PED & PEA for the Diseased and Normal
networks

have greater connection than in the normal network
Clustering Co-efficient Comparison

The results of the two inferred networks’ clustering coeffi-
cients are displayed in the above figure. It can be noticed that
the normal network has a higher clustering coefficient than

AVERAGE PATH LENGTH COMPARISON

0.285 Normal

BN Disease

0 384

0.383

APL values

0.382

0.381

Figure 8.Average Path Length for Normal versus
Diseased Networks

the diseased network, indicating that some of the causal
edges between the neighboring nodes in the diseased
network have been eliminated, which has decreased the
diseased network’s clustering coefficient.

Discussion and Conclusion

It has been observed that the normal network exhibits a
power law distribution and is more akin to a scale-free

CLUSTERING CO-EFFICIENT COMPARISON

ST Normal

I Disease

007426

0.07425

CC valves

007424

—3

Figure 9.Clustering Co-efficient for Normal versus
Diseased Networks

007423

actual network than the diseased one. Additionally, we
computed the clustering coefficient and average path
length of the normal and diseased networks to conduct
a comparative network analysis. Our result also indicates
that there is a higher similarity between the normal and
the diseased network.
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