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Inferring Signal Transduction Pathways from Gene

Expression Data using Prior Knowledge

ABSTRACT

Plants have developed specific responses to external stimuli such as drought, cold, high salinity

in soil, and precipitation in addition to internal developmental stimuli. These stimuli trigger signal

transduction pathways in plants, leading to cellular adaptation. A signal transduction pathway is a

network of entities that interact with one another in response to given stimulus. Such participating

entities control and affect gene expression in response to stimulus . For computational purposes, a

signal transduction pathway is represented as a network where nodes are biological molecules. The

interaction of two nodes is a directed edge.

A plethora of research has been conducted to understand signal transduction pathways. However,

there are a limited number of approaches to explore and integrate signal transduction pathways.

Therefore, we need a platform to integrate together and to expand the information of each signal

transduction pathway. One of the major computational challenges in inferring signal transduction

pathways is that the addition of new nodes and edges can affect the information flow between existing

ones in an unknown manner.

Here, I develop the Beacon inference engine to address these computational challenges. This

software engine employs a network inference approach to predict new edges. First, it uses mutual

information and context likelihood relatedness to predict edges from gene expression time-series

data. Subsequently, it incorporates prior knowledge to limit false-positive predictions. Finally, a

naive Bayes classifier is used to predict new edges. The Beacon inference engine predicts new edges

with a recall rate 77.6% and precision 81.4%. 24% of the total predicted edges are new i.e., they are

not present in the prior knowledge.
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Chapter 1

INTRODUCTION

A signal transduction pathway depicts cellular responses to internal or external environmental

changes by activation or suppression of genes. Plant cells produce various internal signals, such

as hormones, in response to these stimuli. Hormones are molecules that trigger a series of responses

called signal transduction pathways to respond to external or internal stimuli [54]. These are gen-

erally represented by networks, where the nodes are genes, transcripts, or proteins and where the

edges are the interactions between pairs of nodes. It is important to understand signaling pathways

and their regulation to gain a deep insight into plant responses to stimuli [14, 27, 42].

Recently, high-throughput gene expression data sets have offered insights into signal transduction

pathways [18]. Bioinformaticians have proposed a large set of approaches, for example, TIGRESS,

ARCANE, and others, to understand these pathways [33]. A total of 48,377 papers were pub-

lished on signal transduction pathways in 2007 focusing on gene regulatory details in different signal

transduction pathways [59]. However, the amount of information available on signal transduction

pathways lags behind that available for gene expression data sets [30, 35]. Therefore, we need to

develop computational methods that can expand signal transduction pathways with respect to the

information present in gene expression data sets and also integrate prior knowledge. Furthermore,

we should be able to predict the effect of addition of new nodes and edges on existing signal trans-

duction pathways. One of the major challenges in developing these computational methods is to

determine possible new edges within and among those signal transduction pathways [60, 26].

The Beacon inference engine proposed as a part of the Beacon project addresses these challenges.
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The Beacon project develops software tools to provide computational support to the plant biologist.

It helps the biologist to represent signal transduction pathway using standard graphical notations and

archiving in a database. The software also provides a way of curating signal transduction pathways

from experts for future use. The storage of signal transduction pathways in a database helps users

to apply semantics to the databases. The Beacon simulation tool will help the biologist to produce

results from the database that can be tested using the Beacon inference engine. The Beacon inference

engine allows the user to construct and expand the present known signal transduction pathways with

respect to the pathway components, inferring new edges. An added function is to integrate different

signal transduction pathways.

In this thesis, I develop a network inference approach for the Beacon inference engine. Network

inference is the reconstruction of a network from a high throughput gene expression time series data

set [28]. In this method, prior knowledge will be used, along with high throughput gene expression

time series data, to expand and integrate a known gene regulatory network. In the process of

expansion, new edges will be predicted within the network. The first step, consist in the use of

mutual information and context likelihood relatedness to predict edges from gene expression time-

series data. Subsequently, it incorporates prior knowledge to limit the false-positive predictions from

the first step. Finally, the Bayes classifier is used to predict new edges in the software engine. The

novelty of the proposed approach is the implementation of a semi-supervised algorithm in addition

to the mutual information measure to predict directed edges between the nodes.

The remaining contents of this thesis consists of 6 chapters. Chapter 2 describes the funda-

mental biological, computational, and statistical concepts employed in this research. It also defines

new terms, concepts, and notations that are used in later chapters. In Chapter 3, the signal trans-

duction pathways are explained in detail to formulate the actual problem and discussed with the

description of existing tools. Chapter 4 describes the data and the preprocessing data models that

were implemented. Chapter 5 elaborates the methodologies used in this research along with their

implementation in the Beacon inference engine. It also describes the pipeline of algorithms used for

the development of the Beacon inference engine. In Chapter 6, the results of the Beacon inference

engine applied to a different data set are described. In Chapter 7, the potential drawbacks of the

software are examined, and future directions of research are proposed.
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Chapter 2

PRELIMINARIES

This chapter describes the terminology and notation used in the remainder of the thesis.

2.1 Biological Concepts

DNA or deoxyribonucleic acid is a molecule that contains the genetic material of an organism [51].

DNA has a double helix structure. A nucleic acid is a linear chain of nucleotides where each nucleotide

comprises a nitrogenous base named adenine (A), thymine (T), guanine (G) or cytosine (C) along

with a 5-carbon sugar and one phosphate molecule. The genetic information is the specific sequence

of bases [8].

A gene is a unit of heredity that controls traits of a living organism [8]. It is a specific sequence

of nucleotides present in DNA. The gene encodes the protein information which is copied into RNA

for the manufacturing of the final protein product. Thus, genes encode information to build a cell

and hence all its proteins including enzymes. A gene is composed of exons and introns as shown

in Figure 2.1. During the process of RNA synthesis, the introns are spliced out, and the exons are

transcribed to yield the mature messenger RNA. In this thesis, I study genes that are expressed

during seed development in the model plant Arabidopsis thaliana.

The region of the gene upstream of the 5’ untranslated region (5’UTR), is called the regulatory

region of the gene [57]. The promoter is a part of the gene that controls transcription of the gene.

It provides specific sites of attachment for transcription factors.

Transcription is the step in protein production in which the DNA message is copied to messenger

3



Figure 2.1: Gene model of a eukaryotic gene

RNA with the help of the enzyme RNA polymerase. Transcription plays an important role in plant

response to stimuli. Genes are turned off and on in a coordinated manner. Transcription factors

(TFs) are proteins that co-ordinate the function of groups of genes. As proteins or protein complexes,

they bind to specific DNA sequences called cis-elements located in the gene promoter. Transcription

factors are either general or gene-specific [57]. A gene-specific transcription factor targets a specific

gene, or group of genes.

Gene expression provides one kind of information about the process used in the synthesis of

proteins or functional product from genes under a given condition, or in a specific genotypes or

types. Gene expression data sets provide information about genomic activities in response to external

stimuli [1]. Therefore, their analysis can aid in comprehending the organism’s complexity.

The processing of a gene expression data set results in a gene expression matrix [4]. A gene

expression matrix provides information about the similarities and differences among the expression

of genes. It contains a row for each gene and its expression at a time-point in a column. In a

high-throughput gene expression data set, the number of genes is generally greater than the number

of experiments performed to get the data set [63].

A signal transduction pathway is a type of regulatory network. The nodes in the network are

the genes or transcripts, and the edges represent the interactions between them. The application

of computational methods to the gene expression data and the subsequent increase in biological

knowledge is leading to the development and understanding of large and complex networks [41, 61].

4



2.2 Computational Terms and Concepts

A directed graph G = (V,E) is a graph in which the set of vertices are connected by directed edges.

Mathematically, G = (V,E), where E ⊆ {(u, v)|u, v ∈ V } [40].

An undirected graph G = (V,E) is a graph in which the set of vertices are connected by bidirec-

tional edges and E is the set of edges. Formally, an edge (u, v) satisfies (u, v) = (v, u) [38].

A complete graph G(V,E) is an undirected graph in which each pair of vertices is connected with

an edge. A graph with n vertices is complete if it has n(n−1)
2 edges, and the number of edges incident

to each vertex is n− 1 [58].

A weighted graph G = (V,E) is one in which a numerical value (weight) is assigned to an edge

via a weight function W : E → R.

A curated graph G(V,E) is defined as a weighted graph that represents prior knowledge. In this

thesis, prior knowledge refers to a known signal transduction pathway.

2.3 Statistical Terms and Concepts

A sample space S is the set of all possible outcomes of an experiment.

An event β is a set of possible outcomes of interest and is a subset of the sample space, that is,

β ⊆ S.

Probability is the measure of likeliness of the occurrence of an event. It helps in assigning a value

to the event occurrence between 0 and 1. The probability of an event A is P (A) and the complement

is 1− P (A). S is the sample space of the event.

A probability P (A) is a function P : S → R such that

1. P (A) ≥ 0 for all A ∈ S.

2. P (A) ≤ 1.

3. Whenever A1, A2, . . . are pairwise disjoint sets in S then,

P
(
∪∞n=1 An

)
=

∞∑
n=1

P
(
An
)
. (2.1)

A random variable, X, is a function that assigns a real numbered value to every possible event

in a sample space. X : S → R where S is the sample space [2].

5



The probability density function P (Y ) for a random variable Y having density P (y) is

P (y) = P (Y = y). (2.2)

The probability density function [36] is such that

1. P (y) ≥ 0 for all y;

The joint probability function for two random variables X and Y having joint density P (x, y) is

P (X = x, Y = y) = P (x, y). (2.3)

The joint probability density function [36] has the following property:

p(x, y) ≥ 0 for all possible values x, y;

A pair of events is independent if the occurrence of one event does not affect the other event. A

set of n events {A1, A2, . . . , An} is independent if

P
(⋂
i∈I

Ai
)

=
∏
i∈I

P (Ai) (2.4)

for every subset I of {1, . . . , n}

The conditional probability is the probability of occurrence of an event A in the presence of a

known event B It is defined as

P (A|B) =
P (A ∩B)

P (B)
, (2.5)

assuming P (B) > 0.

The expected value or mean is the average of the values a random variable can take. It indicates

the central point of the random distribution. The mean of a random variable X having m values

x1, x2, x3......, xm is:

µ = E[X] =

m∑
j=1

xjp(xj) (2.6)

where xj represents the jth value of the random variable X and has p(xj) probability distribution

function.

The standard deviation measures the variability of data with respect to the mean µ. The standard

deviation is generally denoted by σ and is calculated as follows:

σ2 = E[(X − µ)
2
], (2.7)

6



where µ is the mean of the random variable X.

Entropy is a measure of the randomness of a system [7]. The entropy for a random variable X

with m finite states x1, x2, . . . , xmis

H(X) = −
m∑
i=1

p(xi) log(p(xi)). (2.8)

where p(xi) is the probability of xi.

Joint entropy is a measure of randomness in the joint distribution of a pair of random variables.

The joint entropy H(X,Y ) of two random variables X and Y with m and n finite states is defined

as:

H(X,Y ) = −
n∑
j=1

m∑
i=1

p(xi, yj) log(p(xi, yj)), (2.9)

where p(xi, yj) is the probability of xi, yj .

The mutual information is a measure of the dependence between two random variables. It tells

about the relationship between two variables [9]. The higher the mutual information, the more it

signifies the random variables are associated with each other [53]. The mutual information for two

random variables X and Y is

I(X;Y ) = H(X) +H(Y )−H(X,Y ) (2.10)

where H(X), H(Y ) is the entropy of random variables X and Y . H(X,Y ) is the joint entropy of

the random variables X and Y .

The z -score for a random distributed variable X is the distance of X from the mean µ(X)

measured in terms of standard deviation σ(X) units. It is a by random variable Z [13], as follows:

Z =
X − µ(X)

σ(X)
. (2.11)
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Chapter 3

PROBLEM DEFINITION

A signal transduction pathway plays an important role in understanding plant responses to changing

conditions. It is usually represented as a network where the biological components represent the

nodes and the interactions between them are the edges of the network. Generally, it is difficult to

synthesize and compute signal transduction pathways. There are various tools to analyze signal

transduction pathways. The existing tools limit the expansion of already known signal transduction

pathways. In this thesis, an inference engine has been developed. This tool will assist biologists in

exploring and understanding different signal transduction pathways.

3.1 Background

Plants regulate normal development growth processes by responding to various internal and external

signals such as light, temperature, and water. They respond at the molecular and cellular levels

to these stimuli via a network of events called a signal transduction pathway. Signal transduction

pathways coordinate the expression of genes in response to the stimuli. Signal transduction pathways

are generally divided into four phases as shown in Figure 1.1 [6].

The first phase involves receiving a stimulus and generating a response to it. Plants receive

the stimulus via help of membrane associated proteins or receptors[43]. These proteins have both

intracellular as well as extracellular binding sites. An extracellular binding site works as the receptor

for the external signals and functions as the primary messenger for the cell.

The second phase is signal transduction, which is amplification of the received signal. The signal

8



amplification is achieved by generation of second messengers within the cell. For example, a single

molecule can lead to the activation of an enzyme that produces many second messengers [49]. One

of the mechanisms of signal transmission is protein phosphorylation [50]. Protein phosphorylation

is the process of the attachment of a phosphate (PO4) group to a protein. The new phospho-

rus group alters the structure of the protein, thus affecting its function. The elevated amount of

secondary messenger leads to the production of protein kinases in the cell, thus inducing protein

phosphorylation.

The third phase is the binding of the proteins to the secondary messengers. These proteins are

known as switch proteins. Switch proteins undergoes changes that cannot be reversed. They affect

other proteins leading to gene activation or repression [6].

The last step is the signal mediation that is signal termination. The signal has to be terminated

in order to let the plant respond to new signals.

3.2 Literature Review

Network inference is a method for reconstructing a biological network from a high-throughput gene

expression data set, called reverse engineering biological networks in the DREAM (Dialogue on

Reverse-Engineering Assessment and Methods) project [22]. The DREAM project proposes network

inference methods for metabolic pathways, gene regulatory networks, molecular interaction networks,

and signaling pathways. In recent years, various methods, such as correlation, regression, information

theory, and algebraic methods, have been proposed to infer biological networks [41, 19, 23]. However,

most of the above methods are not applicable to the problem, due to unidirectional inferring of the

gene interactions.

Directed inferences [21, 46], that is, directed edges, narrows down the problem computationally,

as it can take into account whether antecedent is likely to be the result of the precedent. Such

directed relationships can be suggested by various types of semantics. Some prior approaches such

as TIGRESS and ARCANE use direction to annotate the relationship between the nodes in the gene

network [33]. However, the best performing methods in DREAM used a mixture of data sets, with

perturbation, time series, and knock out.

TIGRESS (Trustful Inference of Gene Regulation with Stability Selection) studies gene regulatory

networks using network inference on gene expression data sets [23] . It considers network inference

9



Figure 3.1: Description of Signal transduction phases in Plants, modified from [49].

Figure modified from K. Shinozaki and E. S. Dennis, Cell signalling and gene regulation: global

analyses of signal transduction and gene expression profiles, Current Opinion in Plant Biology, 6

(2003), pp. 405-409
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as a sparse regression problem and studies the performance of a popular feature selection method,

least angle regression (LARS) combined with stability selection, for that purpose. However, the

problem is that method has been applied to only steady state gene data sets and does not perform

well with time series expression data sets.

Time series data sets have been used in methods such as MRNET, CLR, Arcane, and many

structural methods for the reconstruction of gene regulatory networks [32]. The analysis of the

above methods based on similarity measures shows that Spearman Rank correlation with AWE

scoring scheme performs better in the case of time series data with Gaussian noise in it [61]. The

ANOVA method [55] described in the DREAM5 challenge uses time series data.

Pearl [37] used different graph models and suitable algorithms to infer the presence or absence

of directed links. The implementation of Bayesian network, [62, 21, 17] based on directed acyclic

graph, and structural equation modeling [48, 29, 15], is done to understand different signaling

pathways. The above methods are based on unsupervised learning, which means that the network

is predicted without using prior knowledge [11].

The SIRENE method [34] uses supervised learning, i.e., support vector machines, to infer gene

regulatory networks on the basis of prior known gene pairs. It uses a steady state gene expression

data set and an array of known regulation relationships between gene and target as an input. In the

case of unsupervised learning, clustering of genes with similar expression is done, however, in the

case of supervised learning the similarity between gene expression helps in clustering of genes that

may have the same regulator. The disadvantage of this method is that it does not predict the new

interaction in the gene it does not have any prior knowledge about them.

Most of the above methods are not applicable due to the use of undirected edges to represent an

interaction. Directed edges can narrow down the problem, as it can take into account whether the

antecedent is the result of the precedent through some unknown mechanism. The Beacon inference

engine uses this approach to predict new connections in signal transduction pathways. In addition,

the above mentioned methods that annotate information flow direction do not use any kind of prior

knowledge to predict and expand the known signal transduction pathways. In the proposed inference

engine, prior knowledge is used along with the directed inference to predict new connections in the

signal transduction pathways.
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3.3 Mathematical Definitions

Let Y be a gene set of q elements Y= {g1, g2, ...., gq} and let T be a set of n time points T=

{t1, t2, ...., tn}. The expression value for gene gi at time tj is uij and the gene expression matrix is

U = (uij), where i ∈ Y and j ∈ T . In general, gene expression values ui,j ∈ R and are ≥ 0. Let

H = (V,E), be a directed curated graph, where V ⊆ Y .

3.4 Problem Definition

Given time series data of a gene data set having q genes as gene expression matrix U = (uij), where

i ∈ Y and j ∈ T . Firstly, we want to predict new edges (u, v) between the nodes in the curated

graph H = (V,E) where u ∈ V and v ∈ V . Also, we want to predict new edges in the curated graph

H = (V,E) with respect to the genes present in the gene set Y other than V in H = (V,E).
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Chapter 4

DATA MODEL

This chapter describes the data model used in this thesis.

4.1 Gene Expression Data

In the Beacon inference engine, network reconstruction has been done with data from model organism

Arabidopsis thaliana. The gene name data set and time expression data set used for the Beacon

inference engine analysis were provided by Dr. Eva Collakova and Dr. Ruth Grene, Professors at

Virginia Tech. The gene name data sets consist of all the known genes of Arabidopsis thaliana that

are expressed in developing seeds. It contains fields tcon id gene id, gene short name, AGI index,

tss id, locus and description. The gene id is the unique identifier of the gene and relates to the gene

identifier at NCBI. The AGI index represent the gene id as per the Arabidopsis thaliana initiative,

and tss id represents the transcription site of the gene. The locus field indicates the locus of the gene

on the chromosome on which it is located. The last field describes the function of the gene. The gene

name data set Table 4.2 is related to the time expression data set through the unique identifier that

is gene id or the transcript name, i.e,TCON id . The time series data sets have been generated by

an NSF funded project on the molecular regulation of seed development. The gene expression data

represent the intensity values and are stored in a gene expression matrix. The transcripts whose

expression were detectable at one or more time points during time course of embryo development,

formed the Data Set1. Subsequently, a gene data set containing time course expression values of

all splice variants in two genotypes were generated at 6 time points (7d, 8d, 10d, 12d, 13d, 15d). 8000

13



transcripts were identified out of 40,000 as being differentially expressed between the two genotypes.
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Table 4.1: Sample of Data Set1 gene name Arabidopsis thaliana data set
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4.1.1 Data Set1 (Wild type embryos time course)

The Data Set1 (Wild type embryos time course) represents the behavior of all the detectable known

transcripts in the Arabidopsis thaliana embryo over a time course of seed development. The Beacon

inference engine divides the Data Set1 into two data sets, that is, Data Set1 gene name Arabidopsis

thaliana data set and Data Set1 Arabidopsis thaliana time series data set. The gene name data set

relates to the time series data set through a unique identifier gene name. The Data Set1 Arabidopsis

thaliana gene name data set follows the structure as represented in Table 4.1. The gene name data

set consist of 10,000 genes and contains fields gene id, gene short name, AGI index, tss id, locus and

description. The Data Set1 Arabidopsis thaliana time series data set contains field gene id along

with its expression values at 7 time points (7d, 8d, 10d, 12d, 13d, 15d, 17d); see Table 4.2

4.1.2 Data Set2 (Differential Expression transcripts)

The Data Set2 (Differential Expression transcripts) represents the differential behavior of 8000 de-

tectable transcripts in two Arabidopsis thaliana embryos over a time course of seed development. The

Beacon inference engine divides the Data Set2 in two data sets, that is, Data Set2 transcripts name

Arabidopsis thaliana data set and Data Set2 Arabidopsis thaliana time series data set. The Data Set2

transcripts name Arabidopsis thaliana data set relates to the time series data set through a unique

identifier transcript name i.e., TCON id. The Data Set2 transcripts name Arabidopsis thaliana data

set follows the structure shown in Table 4.3. It contains fields gene id, transcript name, AGI index,

class code, nearest ref, locus, description. The Data Set2 Arabidopsis thaliana time series data set

contains field TCON id along with its expression values at 6 time points (7d, 8d, 10d, 12d, 13d, 15d);

see Table 4.4.
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Table 4.2: Sample of Data Set1 Arabidopsis thaliana time series data set
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Table 4.3: Sample of Data Set2 transcripts name Arabidopsis thaliana data set
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Table 4.4: Sample of Data Set2 Arabidopsis thaliana time series data set
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Chapter 5

METHODOLOGY

For decades, biologists have been trying to understand and explore different signal transduction

pathways. Numerous network inference methods have been proposed to expand and detect cross-

signaling between different signal transduction pathways [45]. It remains unclear which method is

more effective and is more efficient in exploring signal transduction pathways. This thesis focuses on

network inference methods to explore new connections in signal transduction pathways. A network

inference method generally requires a measure to predict edges between gene pairs and a threshold

to limit the false positive predictions and an algorithm to integrate the prior knowledge. The Beacon

inference engine follows a three step network inference pipeline to predict new edges between gene

pairs; see Figure 5.1.

The first step in the pipeline is prediction, which is to predict connections using a time series

Figure 5.1: Beacon Inference Engine Basic Pipeline
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gene expression data set. One of the challenges in analyzing a time-series gene expression data set is

the noise present in it [5]. The noise may be due to biological variability of the gene expression in

gene experiments. In this work, a B-spline estimator binning approach [16] has been implemented

to compensate for the noise present in the data. The simplest binning approach assumes that a

data point can be present in only one bin. However the data points at the border of the bins can

be represented in two bins with a little bit of uncertainty. The B-spline binning approach assumes

a possibility of a data point lying in three different bins, thereby compensating for the noise present

in the data set. Another challenge is to exploit the time-series data set to predict the directed

connections between the genes. In this research, directed mutual information is used along with

context likelihood relatedness to predict the information flow between gene pairs [25]. The directed

mutual information measure shifts the time-series of a gene one step into the future compared to

the other gene to predict the directed relationship between them. The context likelihood relatedness

provides a significance to the directed mutual information values for the prediction of edges.

A second important step is prior knowledge integration, as shown in the Beacon inference engine

of Figure 5.2, which is to set a threshold to limit the false positives. In general, the threshold is a

value above which all the predicted edges are considered. However, in our research, we have used

a numerical range as a threshold. The values above and below the numerical range are ignored.

The context likelihood relatedness values corresponding to the prior knowledge are interpolated in

a histogram and a numerical range is defined to limit the false positives. The numerical range is

the histogram interval that corresponds to 75-85% of the prior information. The choice of numerical

range as a threshold has reduced the false positives to a great extent and has led to more accurate

results.

The last step in the pipeline is naive Bayes classification, as shown in Figure 5.2, which is the

implementation of a naive Bayes classifier to reduce the false positive prediction from the second step

and predict the new edges. The prior knowledge that satisfies the threshold criteria is considered as

a positive sample for the training data set. However, the negative sample is the subset of edges that

do not exist in the prior knowledge within the threshold range. A naive Bayes classifier classifies the

output of step 2 of the Beacon inference engine into the present edges and the absent edges after

training. Present edges are the final predicted edges, and absent edges are the ignored ones. The

naive Bayes classifier has helped greatly in reducing the number of false positive edges.
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Figure 5.2: Beacon Inference Engine Detailed Pipeline

5.1 Mutual Information

Mutual information is a measure of inter-dependence between random variables. The implementation

of mutual information for gene expression analysis requires a binning approach that will be discussed

later in the thesis [56]. Mutual information uses entropy. The entropy tells how evenly the states

of a random variable are distributed. Entropy H(X) for a random variable X with m finite states

{x1,x2,...,xm} is given as

H(X) = −
m∑
i=1

p(xi) log(p(xi)), (5.1)

where p(xi) is the probability of state xi.

The joint entropy of two random variables X and Y with m and n finite states is given as

H(Y,X) = −
m∑
j=1

n∑
i=1

p(yi, xj) log(p(yi, xj)), (5.2)

where m denotes the finite possible states of Y and X random variable and p(yi, xj) is the joint

probability of yi and xj [56].

The conditional entropy is the uncertainty of one variable with respect to the given variable. The

conditional entropy H(Y |X = xj) of random variable Y given X = xj is

H(Y |X = xj) = −
m∑
i=1

p(yi|xj) log(p(yi|xj)), (5.3)

where m = n denotes the finite states of Y and X random variable and p(yi|xj) is the conditional

probability of the yi given xj [25].
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The mutual information is defined as

I(Y ;X) = H(X) +H(Y )−H(Y,X) (5.4)

In this thesis, the directed mutual information measure is implemented between the expression time-

series of the two genes [25]. The directed mutual information between two genes X and Y having

time series (x1,x2,...,xn), (y1,y2,...,yn) is

Id(Y ;X) = −
n∑
i=2

I((Yi;Xi)|Xi−1) (5.5)

where Xi−1 is (0,x1,x2,. . . ,xi−1) and Yi is (y1,y2,. . . ,yi).

The directed mutual information accounts every time point by taking the sum of all of them

(Y2, X1),(Y3, X2)...(Yn, Xn−1). The above equations can be simplified using conditional entropy,

mutual information

Id(Y ;X) = −
n∑
i=2

I(Yi;Xi)− I(Yi; 0Xi−1) (5.6)

where 0Xi−1 (0,x1,x2,...,xi−1) and Yi is (y1,y2,...,yi).

The above equation denotes that we have shifted the time series for X by one step. The mutual

information is directed as the Y time series has been shifted by one time point into the future

compared to X. A high value of mutual information indicates that the genes are dependent on each

other while the independent genes have mutual information close to 0. An example to calculate

directed mutual information between two genes is shown in Figure 5.3.

For a random variable X with m finite states, the simple binning method is to divide the data

into k discrete bins. The indicator function θi(xj) counts the number of measurements that lie in

each bin ai where i = 1, 2, ..., k [47]. The indicator function θi can be 0 or 1 depending upon whether

the value lies in the bin or not. Mathematically

θi(xj) =

1 : xj ∈ ai

0 : otherwise

.

The probability of each bin is the number of states of random variable X in the bin divided by

the total number of finite states of X. [56].

p(ai) =
1

m

m∑
j=1

θi(xj) (5.7)
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Figure 5.3: Example to calculate directed mutual information between two genes X and Y

Directed mutual information example:

Suppose two genes X and Y have time series (0.6,0.2,0.4), (0.3,0.4,0.5). Calculate the

directed mutual information

Using Equation 5.7, directed mutual information for X,Y is

Id(Y ;X) = (I(Y2;X2)− I(Y2; 0X1)) + (I(Y3;X3)− I(Y3; 0X2))

where Y2 = (0.3,0.4) , X2 = (0.6,0.2), 0X1 = (0,0.6)

and Y3 = (0.3,0.4,0.5) , X2 = (0.6,0.2,0.4), 0X2 = (0,0.6,0.2)

I(Y2;X2), I(Y2; 0X1), I(Y3;X3), I(Y3; 0X2) is calculated using Equation 5.4.

The joint probability of two random variables X and Y with m finite states in bins ai, bj is defined

as

p(ai, bj) =
1

m

m∑
j=1

(θi(xj)θk(yj)). (5.8)

After calculating the above probabilities, the mutual information for a random variable can be

computed. The standard binning method assumes that every value can lie in one bin only. However

the values at the margins of bins can lie in two bins with small fluctuations. This introduces

Gaussian noise in the mutual information. Therefore, in addition to mutual information, we use

B-spline interpolation to compensate for the noise [56].

5.2 B-spline

A B-spline is a piecewise polynomial representation that approximates the data points, also known

as control points. The algorithm used for the approximation should not be overly sensitive to the

data points. The piecewise polynomial representation avoids the problem of over fitting and numeric

instability [12]. We use a cubic spline to define curve segments over the control points. The cubic

spline ensures continuity at the points where segments join and matches their curvature [39].

Suppose we have a random variable X with m values x1, x2, ..., xm. The m values are distributed

into the j bins. The parameters (r0, r1, r2, ..., rj) represent knot vectors in each bin [47]. A knot

vector represents the weight of each point in each bin.
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Figure 5.4: Interpolation of cubic B-spline and spline at data points. pchip is the cubic B-spline at

knots (r=1,3,5,7,9,11).
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In general a knot vector ri with j bins and the spline order k is defined as [47]

ri =


0 : i < k

i− k + 1 : k ≤ i ≤ j − 1

j − k + 1 : i > j − 1

(5.9)

The m values of a random variable X are normalized to fit in the numerical range, given by j−k+1

on the number line. The normalization is carried out in two steps. First is to find the minimum

(xmin) and the maximum value (xmax) among m values of X [44]. Then, using the equation below,

calculate the normalized values zi (i = 1, 2..m)

zi =
(xi − xmin)(j − k + 1)

xmax − xmin
. (5.10)

After computing the normalized values for a random variable X the B spline function will be

used to calculate the weighting coefficients in the j bins. The B-spline function can be defined using

the

• Spline order (k = d+ 1), d is degree of piecewise polynomial.

• knots vector( ri ≤ r < ri+1), i(1..j)

• Control points (x1,x2,...,xn).

The B-spline basis function is given by the Cox-de Borr [44] recursion formula

Bi,1 (z) =

1 : ri ≤ z ≤ ri+1

0 : otherwise

Bi,k (z) =
z − ri

ri+k+1 − ri
Bi,k−1 (z) +

ri+k − z
ri+k − ri+1

Bi+1,k−1 (z). (5.11)

In general, a B-spline is the function that approximates the data points with the help of a weight

matrix. In this research, the B-spline is implemented to smooth the time series gene expression data.

The gene expression time series for gene gl is ulj where j is (1, 2, ..., n) at time points (t1, t2, ..., tn)

is divided into n number of bins. The gene expression are normalized zi (i = 1, 2..n) in range

(n − k + 1) where k is the spline order using Equation 5.10. The border value of bins are defined

using knot vector ri using equation 5.9. The B-spline weight matrix W = (wij)i∈n,j∈n represents

weighing coefficient of value zi in bin an that is wij = Bi,k (zi) is calculated using equation 5.11.

The implementation of the algorithm is explained later in the thesis.
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Figure 5.5: Example to calculate B-spline weight coefficient matrix between for a gene X

B-spline weight coefficient matrix example:

Suppose we have a X having time expression at 3 time points (0.2,0.4,0.6). Calculate the

B-spline weight matrix W = (wij)i≤3,j≤3, given spline order k = 2 and number of bins

r = 3, 1 ≤ j ≤ r

Solution:

• Firstly the normalized value is calculated at each time point i.e., zi(i = 1, 2, 3)

Using Equation 5.11 zi = (xi−xmin)X(r−k+1)
xmax−xmin , xmax = 0.6, xmin = 0.2

gives z1 = 0, z2 = 1,z3 = 2

• For value z1 = 0 weight coefficient w1j are calculated for each bin following below steps

Knot vector is determined using Equation 5.10. Knot vector defines the interval range

for values of X. Weight coefficient w1j defines the weight of point z1 = 0 on a B-spline

curve in the interval j defined by knot vector

For k=1 ,knot vector is, ri = (1, 2, 3)

For k=2 ,knot vector is, ri = (0, 1, 2)

• Using equation 5.11 The weight coefficient matrix for each wij = Bj ,k (zi)

For point z1 = 0 weight coefficients are calculated in 3 bins i.e. 1 ≤ j ≤ r

w11 =0, w12 =0, w13 =0 Similarly calculation of z2 = 1 and z3 = 2 we get weight

coefficient matrix as:

W =


0.06 0 0

0 1 1

0 0 1

 (5.12)

• The probability of each bin is calculated 1 ≤ j ≤ r

p(aj) = 1
n

∑n
i=1Bj ,k (zi);

where zi is the normalized value for each value of X. For z1 = 0, z2 = 1,z3 = 2 the

probability for each bin is p(a1) = 0.02, p(a2) = 0.32 and p(a3) = 0.66

• The entropy for variable X is H(X) = −
∑r
j=1 p(aj) log(p(aj)).
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Figure 5.6: Cubic B-spline(r=0,1,2)

5.3 Context Likelihood Relatedness

Context likelihood relatedness (CLR) is used to compute the significance of the mutual information

values between gene pairs. The CLR algorithm is based on a null distribution approach [31].

The null distribution approach assumes that there is no interaction between the gene pairs. It

extends the relevance network approach [3]. The relevance network algorithm approach is based on

threshold clustering algorithms [10]. The context likelihood relatedness values above the threshold

are considered to cluster, and the values below the threshold are ignored. The values in the cluster

are considered to be true positives and the other values represent false positives. In general, it is

a trade-off between false positive and true positive prediction. However, CLR has an automatic

correction approach. This automatic approach determines the relative position of the gene pair

gl, gs with respect to the gene gl and gene gs. Hence, two z scores are computed. The row z score

determines the relative position of the gene with respect to the row values and the column z score

determines the position with respect to column values. A final Z score is calculated by taking the

root mean of the two scores.
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Suppose M represents the mutual information matrix with each value Mij representing the

directed mutual information score between each pair. Let S represent the CLR scoring matrix with

each value S(gi, gj).

A2
i represent the z score of the gene pair(gi, gj) with respect to gene gl

A2
i = max

(
0,

1

σi
− M̄i

Mijσi

)
, (5.13)

where σi is the standard deviation and mean M̄i of DTI in row i of M that is Mi The standard

deviation σi in row Mi is

σ2 = E[(Mi − M̄i)
2
] (5.14)

and the mean M̄i is defined as

M̄i =

∑q
j=1Mij

q
(5.15)

where q is the number of genes.

A2
j represent the z score of the gene pair(gi, gj) with respect to gene gs

A2
j = max

(
0,

1

σj
− M̄j

Mijσj

)
, (5.16)

where, σj represent the std deviation and mean M̄j of DTI in column j of M that is Mj

The standard deviation σi in column Mj is

σ2 = E[(Mj − M̄j)
2
] (5.17)

and the mean M̄j is defined as

M̄j =

∑q
i=1Mij

q
(5.18)

where q is the number of genes.

S(gi, gj) represent the CLR score between gene gi and gene gj and can be computed as follows

s(gi, gj) =
√

(A2
i ) + (A2

j ) (5.19)

The CLR scoring matrix is:

S =


S(g1; g1) S(g1; g2) . . . S(g1, gq)

S(g2; g1) S(g2; g2) . . . S(g2, gq)

. . . . . .

S(gn; g1) S(gn; g2) . . . S(gn, gq)

 . (5.20)
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5.4 Naive Bayes Classifier

For classification of gene pairs, we chose the naive Bayes classifier because of its ease of use, simple

design, and good classification performance [24]. The naive Bayes classifier is based on the Bayesian

inference method. It focuses on the probability that a gene pair belongs to a particular category C

= {c1, c2, ..., cK}. Here we use two categories (present edges and absent edges). Each gene pair is

considered as an event and will be labeled as a present edge or an absent edge. We calculate the

posterior probability that the gene pair belongs to either of the categories and chose the category

with the highest probability.

The posterior probability of that a gene pair g i.e. p(g|cg) belongs to a category cg can be

calculated in formula:

p(cg | g) =
p(cg)p(g|cg)∑k
j=1 p(cj)p(g)

(5.21)

In order to evaluate the above, we need to first calculate the probability of a category cg, i.e.,

p(cg) and the probability of the gene pair g, i.e. p(g). p(cg) is given as the ratio of the number of

gene pair that fall into the category cg and the total number of gene pairs.

p(cg) =
n(cg)∑n
g=1 n (cg)

(5.22)

Here, n(cg) is the total number of gene pair which belong to category cg as per the prior knowl-

edge. p(g) can be evaluated based on all the gene pair.

p(g) is calculated the using Gaussian distribution. The mean and variance of g is calculated in

each class, using training set. Let µcg be the mean of the CLR scores corresponding to gene pairs g

associated with class c, and σ2
cg is the variance. The probability distribution of a gene pair score gi

given a class cg, p(g|cg) is,

p(g|cg) =
1√

2πσ2
cg

, e
−

(gi−µcg )2

2σ2cg . (5.23)

5.5 Implementation

The above methodology is implemented on time series gene data set to predict new edges in between

genes. The time series gene data set consist of q genes Y= {g1, g2, ...., gq}. For a gene gl there are

n measurements at n time points T= {t1, t2, ...., tn}. The first step in the process is to predict all

the possible edges between the genes. The prediction of all edges is a complex process as shown in
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Figure 5.7. The time series gene data set is processed to calculate entropy for every gene by dividing

the time series data of each gene into j intervals, i.e., j bins. The time series expression of each

gene gl where l ∈ {1, 2, ..., q} consist of n finite states is represented as ulj where j ∈ {1, 2, ..., n}.

The normalized value zi, (i = 1, 2..n) for each gene gl is calculated for a cubic spline, degree = 3,

as shown in step 3 of Figure 5.7. The weight coefficient matrix is calculated for every gene at

each normalized value zi is W = (wij)i∈n,j∈n = Bj,k(zi). The weighing coefficient calculates the

probability of a normalized value zi in bin j where j is (1, 2, ..., n). The probability of each bin is

calculated by using the Equation 5.8 as shown in Figure 5.7. The entropy of gene is calculated over

j bins using Equation 5.1.

After the entropy calculation of genes, the joint probability is calculated between the gene pairs.

The time series of a gene is shifted into the future with respect to the other gene to infer the direct

edges for every gene pair gl, gs where l ∈ {1, 2.., q}, s ∈ {2..q}. The time series of gs is shifted

one step into the future with respect to time series of gl. Hence the time series of gs is usi where

i ∈ {0, 1.., (n− 1)} and for gene gl is uli where l ∈ {1, .., n}. We calculate the joint probability gene

gl with respect to gene gs by calculating the probability for each bin of gl with respect to each bin

of Gs as shown in Step 2 of Figure 5.8. Once the probability is calculated for each bin the joint

entropy is calculated for gene pair gl, gs using Equation 5.9.

Using the joint entropy for gene pair (gl, gs) mutual information is calculated using the algorithm

shown in Figure 5.9. The mutual information is calculated using Equation 5.6 and 5.7. The equation

adds the entropy of the gene independently and then subtracts the conditional entropy between

them. The mutual information between gene pairs is represented using the mutual information

matrix M = (Mij) where i ∈ {1, 2.., q}, j ∈ {1, 2.., q}. The mutual information between a gene

pair measures the dependency between them. A higher directed mutual information between two

genes means that one gene is associated with the other, and it is more likely that they have a

biological relationship. The function to calculate the directed mutual information, joint probability,

and entropy is implemented in C++. A part of the code is taken from 6.10.

The context likelihood relatedness algorithm is used to assign a significant meaning to the mutual

information values between gene pairs. It calculates the cumulative z score between the row z scores

and column z scores for a gene pair gl, gs as shown in Equation 5.28. The row z score of gene

pair gl, gs is calculated with respect to gene gl while the column z score of gene pair gl, gs is with

respect to gene gs as shown in Equation 5.26 and 5.27. The cumulative z score represents the
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Figure 5.7: Algorithm to calculate entropy for a gene [47]

INPUTS: Gene expression data for a gene gl at n time points is Ul =

(ul1, ul2, . . . , uln), number of bins j, spline order k

OUTPUT: Entropy of a gene H(Ul)

ALGORITHM: Gene Entropy Calculation

• For genes gl

• For each time expression uli 1 ≤ i ≤ n

Do

• Calculate the normalized variable zi

zi = ((uli)−(uli)min)(j−k+1)
((uli)max−(uli)min)

where (uli)max= maximum expression value of gene gl among n time points

and (uli)min= minimum expression value of gene gl among n time points

• For each bin r, 1 ≤ r ≤ j

Do

• Determine the weight coefficient matrix using Equation 5.11 for a gene at each

normalized value (zi) W = (wir)i∈n,r∈j = Br,k(zi)

end

end

• For each bin r, 1 ≤ r ≤ j

Do

• Calculate the probabilities for each bin p(ar),r=(1..j)

• For each r p(ar) = 1
n

∑n
i=1Br,k (zi)

end

• Determine entropy using Equation H(Ul) = −
∑j
r=1 p(ar) log(p(ar)).

32



Figure 5.8: Joint Entropy Calculation between two genes [47]

INPUTS: Gene expression data for a gene gl at n time points is is Ul =

(ul1, ul2, . . . , uln), number of bins j, Gene expression data for a gene gs at n time

points is is Us = (us1, us2, . . . , usn)

OUTPUT: Determine joint entropy H(Ul, Us)

ALGORITHM: Calculate Joint Entropy for Gene pair (gl, gs)

• For genes gl where l =(1, 2.., q),the expression value at n time points is Ul =

(ul1, ul2, . . . , uln).

• For each gene Gs where s = (2..q),the expression value at n time points is

Us = (us1, us2, . . . , us(n−1)).

• Calculate the entropy H(Ul), H(Us).

• For each bin e, 1 ≤ e ≤ j do

• For each bin d, 1 ≤ d ≤ j do

• Calculate the joint probability p(p(ae, bd)) for all j bins

p(ae, bd) = 1
n

∑n
i=1

∑n
i=1Bi,e (zi)Bi,d (zi).

end

end

• Determine joint entropy

H(Ul, Us) = −
∑j
d=1

∑j
e=1 p(ae, bd) log(p(ae, bd)).
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Figure 5.9: Mutual Information matrix between the genes (gl, gs) [47]

INPUTS: Joint Entropy H(Ul, Us) , Entropy H(Ul), H(Us)

OUTPUT: Mutual Information matrixM = (Mij) where i ∈ Y, j ∈ Y

ALGORITHM: Calculation Mutual Information

Begin For genes gl where l =(1, 2.., q),the expression value at n time points is

Ul = (ul1, ul2, . . . , uln)

• For each gene gs = usi where s = (2..q), Us = (us1, us2, . . . , us(i−1))

• Compute the mutual information Uli is a random variable representing

gene expression of gene gl upto i time points. Usi is a random variable

representing gene expression of gene gs upto s time points.

I(Ul, Us) = H(Ul) +H(Us) +H(Ul, Us)

I(Ul, Us) = −
∑n
i=2 I(Uli, Usi)− I(Uli; 0Us(i−1))

End
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Figure 5.10: Scoring Matrix for all the gene pairs as per gene expression matrix [19]

INPUTS: Mutual Information matrixM = (Mij) where i ∈ Y , j ∈ Y

OUTPUT: Scoring Matrix S = (sij) where i ∈ Y , j ∈ Y

ALGORITHM: Calculate Scoring Matrix

Begin For M = (Mij) where Y =(g1, g2.., gq)

A2
i = max

(
0, 1

σi
− Mi

Mijσi

)
, A2

j = max
(

0, 1
σj
− Mj

Mijσj

)
, sij =

√
(A2

i ) + (A2
j )

End S =


s(g1; g1) s(g1; g2) . . . s(g1, gq)

s(g2; g1) s(g2; g2) . . . s(g2, gq)

. . . . . .

s(gq; g1) s(gq; g2) . . . s(gq, gq)

 .

context likelihood relatedness scores of a gene pair gl, gs. The context likelihood relatedness scores

are represented using scoring matrix S = (sij) where i ∈ Y , j ∈ Y . The scoring matrix represents

the likeliness of all the possible gene pair between the genes in the time series data set and each

gene pair represents an edge. Therefore the scoring matrix represents the value of all possible edges

between the genes. The CLR scoring scheme is implemented in C++ using boost libraries.

After scoring all the possible edges using the above algorithms, the Beacon inference engine

integrates the prior knowledge to eliminate the false positive edges. It plots a histogram of the

scores corresponding to the prior known edges represented as a curated network and chooses a

numerical range which contains the maximum number of edges. The edges outside these range

are eliminated and are not considered for further evaluation. It is observed that a more rigorous

approach is required to reduce the number of false positive edges in the predicted edges. A regression

classifier, i.e., a naive Bayes classifier, is used to predict the true positive edges. The positive sample

is the prior known edges and the negative sample is the sample of edges that do not exist in the prior

knowledge. The naive Bayes classifier classifies the edges into present and absent. The present are

the true positive edges, and the absent are the edges that do not exist. The Bayes classifier calculates

the posterior probability of a gene pair belonging to a category present or absent. The edges which
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are predicted as present edges are considered as predicted edges and plotted using Cytoscape in the

results section. The implementation of the naive Bayes classifier is done in Python using the sklearn

package. The summarized algorithm used in Beacon inference engine is shown in Figure 5.5.
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Figure 5.11: Algorithm used in Beacon Inference Tool to predict edges in the curated network i.e.

prior knowledge

INPUTS:Time series gene data set consist of q genes Y= g1, g2, ...., gq,expression value for gene gl at

time tj is uij , number of bins j, spline order k, curated graph H = (V,E) where cordinality of V ≤ q

OUTPUT: Predicted edges E ∈ (u, v) in the curated graph H = (V,E) where u ∈ Y and v ∈ Y

• For genes gl where l =(1, 2.., q),the expression value at n time points is Ul = (ul1, ul2, . . . , uln) Do

• For each gene gs where s = (2..q),the expression value at n time points is Us = (us1, us2, . . . , usn)Do

• Determine entropy H(Ul), H(Us) using algorithm 5.7

• Determine joint entropy H(Ul, Us) using algorithm 5.8

• Compute the directed mutual information I(Ul, Us) using algorithm 5.9

end

end

• For gene gl where l =(1, 2.., q), Ul = (ul1, ul2, . . . , uln Do

• For each gene gs where s = (2..q), Us = (us1, us2, . . . , us(n−1)Do

• Compute the score sij for gene pair (gl, gs) giving scoring matrix sij

end

end

• Scoring matrix containing score for every predicted edge.

• Integrate prior known edges that is curated network H = (V,E) to set the threshold α1 ≤ edge ≤

α2

• Naive Bayes Classifier predicts edges E ∈ (u, v) in the curated graph H = (V,E) where u ∈ Y and

v ∈ Y
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Chapter 6

RESULTS

Signal transduction plays a role in different developmental stages throughout the life of cells and

organisms. A gene can be expressed in different stages of the seed development process. The

analysis of different signal transduction pathways can help in understanding how the action of a

given gene influences a given signal transduction pathway. In this thesis, the Beacon inference

engine is developed to understand seed development by inferring new edges in prior known seed

development networks using time-series gene expression data. The Beacon inference engine uses

three prior known different seed development networks. The two seed development networks posited

by Dr. Ruth Finkelstein [20] consist of the similar genes. In this thesis , these networks are

named as Seed Development Network1 Figure 6.1 as Seed Development Network2 Figure 6.2. The

third network posited by Dr. Sreenivasulu Nese, Dr. Wobus Ulrich is named as Seed Development

Network3 Figure 6.3 and excludes 20 genes which are present in Seed Development Network1 and

Seed Development Network2. Hence, Seed Development Network3 is used to explore new edges

with respect to the genes that are exclusive to Seed Development Network1. The time-series gene

expression data use to infer new edges is taken from the data sets described in Chapter 4.
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Figure 6.1: Prior known Seed Development Network1 [20].

Figure taken from Ruth Finkelstein, Abscisic acid synthesis and response, The Arabiposis

Book,(2013), pe0166
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Figure 6.2: Prior known Seed Development Network2 [20].

Figure taken from Ruth Finkelstein, Abscisic acid synthesis and response, The Arabiposis

Book,(2013), pe0166
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Figure 6.3: Prior known Seed Development Network3 [52].

Figure taken from Sreenivasulu Nese and Wobus Ulrich, Seed-development programs: A systems

Biology-based comparison between dicots and monocots, Annual Review of Plant Biology,64(2013),

pp. 189-217
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6.1 Beacon inference engine validation to infer new edges in

Seed Development Network1

In this thesis, we have explored new edges in Seed Development Network1 by using the Beacon

inference engine; see Figure 6.4. A part of Seed Development Network1 is considered as the prior

knowledge and is termed curated graph [20]; see Figure 6.10. The time series data corresponding

to the 33 genes in Seed Development Network1, is taken from the Data Set1;refer Chapter4.1.

The Beacon inference engine uses this 33-gene time series data set of plant Arabidopsis thaliana

to predict new edges in Seed Development Network1. The prediction step of the Beacon inference

engine predicts all the possible edges between the 33 genes from Seed Development Network1, present

in time series data set and scores them using mutual information and the CLR algorithm. A total

of 1081 edges were predicted using the Arabidopsis thaliana time series data set; see Figure6.5.

The prior integration knowledge step in the beacon inference engine uses the prior knowledge to

limit the number of false positives in the predicted edges. The prior knowledge consist of 7 known

edges in the Seed Development Network1; see Figure 6.1.

The prior knowledge integration step of the Beacon inference engine uses the prior knowledge to

define the bounds of the scores. The CLR scores corresponding to the prior knowledge in Figure 6.7,

defines the upper bound and the lower bound score for the predicted edges that is 0.55-0.8; see Figure

6.7. The predicted edges outside these bounds are ignored which reduces the number of predicted

edges to 191. The third step i.e. naive Bayes classification plays a major role in reducing the false

positive edges. The naive Bayes classifier considers the prior known edges as its positive sample.

The negative sample consist of the edges provided by user, that do not exist in prior knowledge. The

naive Bayes classifier is trained over these set of samples and is used to predict the positive edges

in 191 predicted edges. The new edges are the one that are not present in the Seed Development

Network1 and are verified through Seed Development Network2 [20]. The Beacon inference engine

predicts a total of 47 edges; see Fig 6.8 and Table 6.2. The 40 edges are the connections present in

the Seed Development Network1 that were not considered in the curated graph [20]. The remaining

7 edges are considered as new edges and are highlighted in red in Figure 6.8; see Table 6.1.
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Figure 6.4: The Beacon Inference Engine Pipeline used to predict edges between 33 genes in Seed

Development Network1

Figure 6.5: Histogram plot of CLR Score of all the possible edges between 33 genes in the time series

data set.
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Figure 6.6: Sample of edges in Seed Development Network1 that are used as prior knowledge for the

prediction of new edges in Seed Development Network1

Figure 6.7: Histogram plot of CLR Score of prior knowledge in Seed Development Network1
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Figure 6.8: The Beacon inference predicted above edges in the Seed Development Network1 using

the prior knowledge( Figure 6.1) and the 33 genes time series data set. The new predicted edges are

highlighted in Red. The new predicted edges were absent in Seed Development Network1 and are

inferred by the Beacon inference engine
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Table 6.1: The tabular representation of the new edges inferred between the genes in Seed Devel-

opment Network1. The new predicted edges were absent in Seed Development Network1 and are

inferred using the Beacon inference engine

Table 6.2: The predicted edges for Seed Development Network3 and Seed Development Network1

using Beacon Inference Engine

46



Figure 6.9: The Beacon Inference Engine Pipeline used to expand Seed Development Network3 with

respect to the 20 genes that are present exclusively in Seed Development Network1

6.2 Beacon inference engine validation to infer new edges in

signal transduction pathway with respect to additional

biological entities

In addition to explore new edges Beacon inference engine provides the provision of expanding the

signal transduction pathways with respect to additional biological entities. The Beacon inference

engine tests this approach using Seed Development Network3 in the plant Arabidopsis thaliana [52];

see Figure 6.9. The Beacon inference engine expands Seed Development Network3 with respect to

the 20 genes that are present exclusively in Seed Development Network1 [20]; see in Table 6.3.

The time course data of expression of all the genes that are present in Seed Development Network1

and Seed Development Network3 is taken from the Data Set1;ref Chapter 4.2. It consists of 70 genes

out of which 20 genes are present exclusively in Seed Development Network1. The Beacon inference

engine uses CLR scoring scheme along with mutual information to predict all the possible 1600

edges between the 70 genes. The distribution of the CLR score of all the predicted edges is shown

in Figure 6.10.

The predicted edges consists of false positive edges that are eliminated using the prior knowledge
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Table 6.3: 20 genes present exclusively in the Seed Development Network1 which are used for the

expansion of Seed Development Network3 by inferring new edges
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Figure 6.10: Histogram plot of the CLR score of all possible edges between 70 genes in the time

series data set

Figure 6.11: Histogram plot of CLR Score of prior knowledge in seed development network
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integration step of Beacon inference engine. The prior knowledge consists of 67 edges present in signal

transduction pathways as shown in Figure 6.12. The distribution of the CLR score corresponding

to the prior knowledge is shown in Figure 6.11 defines the score range 0.5 and 1.25 to eliminate the

false positive predicted edges from the previous step and reduces the total predicted edges to 460.

The naive Bayes classifier step of the Beacon inference engine uses naive Bayes for the reduction of

false positive predicted edges. The positive samples consists of the 20 edges from prior knowledge in

score range 0.5-1.25 and the negative sample consist of edges provided by user that are not present

in the prior knowledge. The final output from Bayes classifier predicts 40 new connections as shown

in Figure 6.13,Table 6.4 which is 24% of the total edges predicted(present and absent), i.e., 365.

The new connections represent the edges not present in the Seed Development Network1 and are

verified through Seed Development Network2. The precision of the classifier is .814. Precision is the

number of true edges out of the total edges. To calculate precision we have not considered the edges

we do not have any information about. The Beacon inference engine predicts 102 directed edges as

shown in Figure 6.14.

Recall rate is number of true edges out of the total known edges. The Seed Development Network3

has 67 connections. The Beacon inference engine recalls 52 connections giving us the recall rate of

.776. The above results validates the Beacon inference engine as a tool that can integrate different

signal transduction pathways. In this the integration of Seed Development Network1 is done with

Seed Development Network3 by expanding the Seed Development Network3 with respect to genes

present exclusively in Seed Development Network1.

6.3 Infer new edges for Transcripts TCONS 00020995 and

TCONS 00020996

The above data set validates the Beacon inference engine across different functions proposed in the

thesis. After the validation of the Beacon inference tool, it is used to study gene HSI2; see Figure 6.15.

The Beacon inference tool explores new edges for the pathway component HSI2. The predicted edges

are classified as the forward and the backward edges on the basis of edges direction. The forward

edges indicates that HSI2 is the source and regulates gene while backward edge suggests that HSI2 is

the target gene, suggesting possible negative regulation of the gene. The Beacon inference engine uses

Data Set2 to predict new edges;refer chapter4.3. The Data Set2 has transcripts TCONS 00020995
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Table 6.4: The tabular representation of the new edges inferred between the genes in Seed De-

velopment Network3 and the 20 genes used for expansion of Seed Development Network3. The

new predicted edges were absent in Seed Development Network3 and are inferred using the Beacon

inference engine 51



Figure 6.12: Sample of edges in Seed Development Network1 that are used as prior known edges to

infer new edges in Seed Development Network3

Figure 6.13: The graphical representation of the new edges inferred between the genes in Seed

Development Network3 and the 20 genes used for expansion of Seed Development Network3. The

new predicted edges were absent in Seed Development Network3 and are inferred using the Beacon

inference engine
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Figure 6.14: The Beacon inference engine predicted above edges in the Seed Development Network3

using the prior knowledge and the 70 genes time series data set. New predicted edges are highlighted

in RED
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Figure 6.15: The Beacon Inference Engine Pipeline used to infer new edges for Transcripts

TCONS 00020995 and TCONS 00020996

and TCONS 00020996, corresponding to gene HSI2. The input to prior knowledge integration step

of the Beacon inference engine are the prior known seed development networks [52].

The Beacon inference engine predicts all the possible edges between transcripts present in the time

series data set using mutual information and CLR algorithm. The CLR probability distribution for

all the predicted edges is shown in Figure 6.11. The prior knowledge integration step eliminates the

false positives by defining the bounds for the CLR score. The CLR score distribution corresponding

to prior knowledge is 0.5-1.85. The edges having CLR score outside 0.5-1.85 are ignored and the

remaining edges are used as an input for naive Bayes classification to predict new edges. The naive

Bayes classifier is trained using the prior knowledge as the positive sample. The Beacon inference

tool predicted 251 forward edges and 279 backward edges; see Table 6.5.

The interesting observation is the relatively low redundancy of edges between the two splice

variants of the HSI2 and the other transcripts present in time course expression transcripts data.

The transcript TCONS 00020995 has 121 forward edges as shown in Figure 6.21, while transcript

TCONS 00020996 has 128 forward edges as shown in Figure 6.20. We observe that transcripts

TCONS 00020995 and TCONS 00020996 has 25 common edges as shown in Figure 6.19. The

common edges strengths the edge prediction between the HSI2 and the other transcripts present in

time course expression transcripts data. The transcript TCONS 00020995 has 139 backward edges

as shown in Figure 6.17, while transcript TCONS 00020996 has 139 backward edges as shown in Fig-
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Table 6.5: Predicted edges for transcripts TCONS 00020995 and TCONS 00020996 using the Beacon

Inference Engine

ure 6.16. There are 100 common edges between the predicted edges for transcript TCONS 00020995

and TCONS 00020996 shown in Figure 6.18.
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Figure 6.16: The backward edges predicted for TCONS 00020996 using the Beacon inference engine.
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Figure 6.17: The backward edges predicted for TCONS 00020995 using the Beacon inference engine.

Figure 6.18: The common backward edges between TCONS 00020996 and TCONS 00020995.
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Figure 6.19: The common forward edges between TCONS 00020996 and TCONS 00020995.

Figure 6.20: The forward edges predicted for TCONS 00020996 using the Beacon inference engine.
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Figure 6.21: The forward edges predicted for TCONS 00020995 using the Beacon inference engine.
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Chapter 7

CONCLUSIONS

Signal transduction pathways are key to understand regulatory networks in plants in response to

stimuli. However, the amount of information lags behind the available time series data sets. Thus

we need computational methods to expand signal transduction pathways. In this work, the Beacon

inference tool has been used to explore new information in seed development networks. The Beacon

inference tool uses networks identified by experts as prior knowledge to predict new edges. The

new edges are predicted between the biological entities present in seed development networks along

with the entities added as per the time series data set. The problem in predicting edges with the

available methods is that the egdes are undirectional . Also, present computational method predicts

a large number of false positives egdes. The novelty in the Beacon inference engine is the use of

directed inference to predict directed edges between the biological entities along with the provision

to expand the well established signal transduction pathways with respect to time series data set.

The Beacon inference engine uses the directed mutual information measure along with the context

likelihood scoring scheme to predict edges among biological entities.

In this thesis, the Beacon inference engine has been developed and validated by using seed

development networks pathways in the model plant Arabidopsis thaliana. The Beacon inference

engine’s ability to predict new edges between the biological entities present in signal transduction

pathways is validated by using Seed Development Network1 whereas the function to predict new

edges with respect to additional components as per the time series data set is verified by using

the Seed Development Network3 along with the Seed Development Network1. After validation, the
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Beacon inference engine has been used to explore new connections for gene HSI2 using Data Set2.

The Beacon inference engine, when validated, predicted 47 existing edges between the 33 genes

present in the Seed Development Network1. The 40 predicted edges were verified using the Seed

Development Network1; however the remaining 7 were considered as new edges and are validated

using the Seed Development Network2. The Beacon inference engine predicted 40 new edges, when

implemented for Seed Development Network3 with respect to additional pathway components in the

time series data set. The new edges are the edges between the genes that were not present in the

prior established seed development network, but were present in the time series data set. The 40

new predicted edges represent 24% of total predicted edges. The recall rate and the precision of the

Beacon inference engine is determined by using the seed development network as the ground truth.

The recall rate represents the number of true edges predicted from the total known edges, whereas

precision represents the number of true edge predicted from the total predicted edges. The recall

rate of the Beacon inference engine is .776 and the precision is .814.

After validation, the Beacon inference tool is used to predict new edges for gene HSI2 using

the Data Set2. The splice variant data set has two transcripts corresponding to gene HSI2 with

different nearest neighbors that is TCONS 00020995 and TCONS 00020996.The Beacon infer-

ence engine predicted 251 forward and 279 backward edges for transcripts TCONS 00020995 and

TCONS 00020996. There were 125 edges that were common between the transcripts TCONS 00020995

and TCONS 00020996.

One of the drawbacks of the Beacon inference engine is that it cannot distinguish between the

inhibitory relationships and the ones in which activation is involved. The Beacon inference engine

can predict the direction of information flow between the genes as it uses directed mutual information

for directed inference which may help in inferring inhibitory relationships. The definition of upper

bound and lower bound for scoring scheme using prior knowledge penalizes the prediction of new

edges outside that range. The present prior knowledge is taken from the established signal pathways

for Arabidopsis thaliana. However, much information still needs to be discovered for Arabidopsis

thaliana signal pathways.

There are many computational methods to predict edges between the biological entities in sig-

naling pathways. However there is still a lot to be done to achieve precise and biological meaningful

predictions. The ideal computational method to explore signal transduction pathways will be the one

that can predict new directed edges inferring inhibitory relationships . Also, the Beacon inference
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engine uses a context likelihood relatedness scoring scheme to score the edges insignal transduction

pathways. The future work could consist in providing a facility to biologist to use different scoring

schemes to score the information present in signal transduction pathways in order to have more

meaningful predictions.
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