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Abstract 
 

TB, Tuberculosis is a deadly infectious disease caused by the bacteria mycobacterium tuberculosis 

According to an estimate, one third of the world's population is infected with TB and new infections 

are occurring at a rate of about one per second. Most people infected with TB never develop active 

disease and only a small portion of the population develops active TB in various forms. Genetic 

profile of a person has been known to play an important role in patient susceptibility to active TB. 

There are certain genes in the human body which determine body’s response to TB and hence, 

play a critical role in different clinical manifestations of active TB in a patient. These genes 

control dynamic state of cells (behavior) making up the “gene expression profile”. This expression 

profile is used for the analysis of genetic data.  

 

Previous research has led to the discovery of a gene associated with TB susceptibility namely CCl1 

but there is not always a single gene involved in inducing a phenotype (disease). Genes are often co-

expressed and are co-regulated producing a specific protein (condition). Therefore our study is 

looking to determine the genes (known and novel) which are co-expressed with and co-regulate CCl1 

and become a determining factor for causing TB.  We use a distance metric based clustering method 

to find co-regulated genes instead of merely finding differentially expressed genes as carried out in 

previous studies. We use three different distance metrics (Pearson correlation, Fisher discriminant 

and Kullback leibler distance) and use them to perform hierarchical clustering to investigate what 

other genes are correlated with CCL1. Our study has led to the discovery of genes (forming three 

clusters) which are possibly not only responsible for causing TB but can also discriminate between 

different clinical forms of TB.  

 

Our results show that using the three dissimilarity metrics proposed we could reduce the data-sets by 

filtering based upon dissimilarity in expression with CCl1 and subsequently use various clustering 

techniques to cluster similar genes. Most of the 21 genes discovered in our study are found to play a 

role in lung functioning and development and some are also seen to be active in spread of certain 

tumors. Hence, some new co-regulated genes of CCl1 have been discovered which were previously 

unknown. The work can be extended by applying techniques such as k-means and Dbscan which 

could again be used employing different dissimilarity measures to discover clusters.

http://en.wikipedia.org/wiki/World_population
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Chapter 1 

 

According to an estimate one third of the world's population is believed to be infected with TB [7] 

[8]. Moreover, new infections occur at a rate of about one per second [5]. TB appears in different 

clinical forms including Latent (passive form), Pulmonary (localized to lungs) and Meningeal 

(affecting the nervous system) and has been declared as the global emergency of the millennium by 

the World Health Organization (WHO) [55]. According to a WHO estimate, by 2020 people infected 

with active TB will reach up to 1 billion.  

 

In Pakistan around 60,000 people die of tuberculosis (TB) every year and it ranks sixth amongst the 

countries worst affected by the disease. More than one million people have TB in Pakistan. One new 

person is infected every two minutes and one dies every eight minutes [54]. According to a research, 

a person infected with active TB will infect on average between 10 to 15 people every year [6]. Each 

year, there are 9 million people around the world who get sick with TB and there are almost 2 million 

deaths due to Tuberculosis worldwide [7]. 

 

Despite the desperate need for drugs and vaccines for TB no new vaccine has been developed for the 

last 90 years [8]. The first anti-TB drug, streptomycin, was developed in 1944, and it has been nearly 

30 years since a new TB drug has been developed [9]. The drugs being used today were developed 

some 40 years ago and they seem to be losing their efficacy [8].  TB requires antibiotics treatment to 

cure it and the treatment is six months long. However, TB patients tend to stop their medication as 

soon as they begin to feel well. In these cases bacteria remains in their body in the passive form and 

can later attack again with greater force. In developed countries people are suffering from 

tuberculosis because their immune systems are compromised by immunosuppressive drugs, 

substance abuse, AIDS etc and hence TB proves to be leading killer of people who are HIV infected 

[10]. 

 

In many Asian and African countries 80% of the people test positive in tuberculin tests (BCG) [8]. 

No vaccine is available that provides reliable protection for adults. Even BCG cannot protect against 

Pulmonary TB (lungs). Recent studies have also discovered that BCG is more dangerous in children 

born with AIDS. Referring to a study conducted by WHO, The New York Times (July 2009) 

http://en.wikipedia.org/wiki/World_population
http://en.wikipedia.org/wiki/Tuberculosis#cite_note-2
http://en.wikipedia.org/wiki/Tuberculosis#cite_note-3
http://en.wikipedia.org/wiki/Tuberculosis#cite_note-WHO2004data-4
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reported that BCG is a live vaccine and can cause a serious form of bacterial infection that can rage 

through the body of an HIV-infected infant. According to the report, infection is fatal in more than 70 

percent of the cases. [8] “. In countries like South Africa, where both TB and transfer of AIDS virus 

from mother to child is very common, the vaccine does not protect against TB and it may kill them 

with BCG disease” [8]. According to WHO estimation the largest number of new TB cases in 2008 

occurred in the South-East Asia Region, which makes up 35% of incident cases globally [10]. Since 

humans are the only host for the mycobacterium tuberculosis, eradication is considered possible. 

Moreover, most of the infected will not develop active TB and those who do would develop TB due 

to genetic susceptibility to the disease.  

 

There are certain genes which have been found to play a significant role during TB infection. The up 

regulation and down regulation of these genes is responsible for production of proteins that allow or 

enhance the progression of TB [56]. Genes regulate and deregulate each other making up a structural 

relationship amongst genes referred to as co-expression or co-regulation. Co-expression usually 

indicates deeper similarities between the genes or their proteins [3]. For instance they might be on the 

same pathway, a set of proteins which interact in sequential or regular ways, in order to communicate 

a message or perform a function (disease) within the cell. Since pathways function as a unit, so all 

genes in the pathway are needed and biologists expect all the genes coding for proteins in a common 

pathway to be co-expressed. [3] 

 

 Genes are often co-expressed with the genes whose transcript (DNA) they regulate. For example, if 

Gene A is a transcription factor which activates Gene B, then when Gene A is expressed we should 

see a corresponding increase in the expression of Gene B. Gene up regulation and down regulation 

strongly influences the host genetic susceptibility to different kinds of diseases. TB is one of those 

diseases which is strongly influenced by the regulation of gene CCL1 [3]. Gene regulation starts with 

transcription (replication of DNA) and hence, transcript information is needed to understand gene 

regulatory networks. Measurement of genes transcription levels in organisms under various disease 

conditions, under different behavior, at different developmental stages is used to build up ‘gene 

expression profiles’ which characterize the dynamic functioning of each gene in the genome. Gene 

expression profiling indicates the quantitative and qualitative change in genes under different disease 

conditions. Such regulation and de-regulation provides a basis to understand the reasons behind the 
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underlying disease. This understanding may lead to a new way of diagnostic treatment of the disease 

[50]. 

 

Gene expression analysis helps in understanding gene regulation, metabolic, genetic mechanisms of 

disease and the response to drug treatments. For example, if over expression of certain genes is 

associated with a certain disease, we can explore other conditions that affect the expression of these 

genes and similarity of other gene expression profiles. We can also investigate which compounds 

(potential drugs) can lower the expression levels of such genes [35] to potentially lower the chances 

of the development of active disease. Identifying genetic variants that increase or decrease an 

individual’s susceptibility to disease can potentially lead to the targeting of preventive measures at 

those who are at greatest risk. This may also give valuable insights into the underlying molecular 

processes at a cellular level that are important in disease causation, opening the way for new and 

novel therapies to improve the outcomes of those with disease or who are at risk of disease [63]  

 

Majority of the previous studies pertaining TB have discovered differentially expressed genes by 

comparing the expression levels of genes in different samples, however one study by Nguyen et 

al. is unique in the sense that they have not only proved that gene CCL1 is responsible for TB 

susceptibility using data analysis but also proved the fact empirically. However, it is an 

established fact that there is not always a single gene involved in causing a disease [4] but genes 

usually regulate and deregulate each other (making up structural relationships) in causing a 

specific phenotype. 

 

This study is different from previous studies as it does not only find the differentially expressed 

genes but we have filtered out the high variance genes and applied distance based clustering on 

them to find the most relevant set of genes. We use three different distance metrics namely 

Pearson Correlation (PC), Kullback leibler distance (KD) and Fisher distance (FD) to compute 

distance values of all genes with respect to CCL1 and filter out the highly variant genes using 

thresholding over the distance values. Our study has employed distance based metrics and 

hierarchical clustering to explore the structural relationships between genes and a list of co-regulated 

genes is identified which play an important role in transformation of cells from a healthy state to an 

unhealthy state and also discriminate between different clinical forms of TB. 
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 CCL1 is already discovered to be associated not only with TB but is responsible for different clinical 

forms of TB [3] but there could be multiple genes in the common pathway to establish certain 

condition or disease.  So we attempted to find known and novel co-expressed and co-regulated genes 

of CCL1 and our results show that there are 21 genes which are co-expressed with CCl1 and hence 

are ultimately associated with TB. For evaluation of our results we used the Pearson Correlation 

Coefficient to estimate the similarity in expression levels of the genes in the three clusters discovered 

to CCL1. In this study, we have identified three clusters of genes that are highly co-expressed with 

CCl1 (as indicated by the high values of Pearson Correlation Coefficient of greater than 0.9) and 

hence play a role in TB susceptibility. The results in detail are presented in Chapter 4. 

 

To understand how gene regulation works and how it impacts our health, we present some discussion 

on the biological background of the phenomenon and how gene expression levels are measured in the 

next section. 

 

1.1 Biological Background 

This section deals with the biological background of genes and gene expression which is important in 

order to understand the context of this research.  

 

1.1.1  Hereditary material 

Nucleus of every cell contains hereditary material called the DNA and the DNA helix forms 

chromosomes as shown in Figure 1.1. Each chromosome contains thousands of genes which contain 

the genetic instructions for the generation of proteins that plays a significant role in the development 

and functioning of all living organisms. Transcription is the process by which DNA on which genes 

are located converts (transcribes) into messenger ribonucleic acid mRNA, an intermediate product of 

protein.  

 

       

 

http://en.wikipedia.org/wiki/Genetics
http://en.wikipedia.org/wiki/Organism
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Figure-1.1: Structure of DNA 

   

1.1.2  Gene regulation 

Gene regulation starts with transcription and it provides the cell, control over all structure and 

function, and is the basis for all phenomenons like disease susceptibility, cellular 

differentiation, morphogenesis, versatility and adaptability of all organisms. There are two main 

phenomena’s of gene regulation i.e. up-regulation and down-regulation. Up regulation of gene occurs 

as a result of a stimulus or signal (originating internal or external to the cell), leading to increased 

expression of one or more genes and as a result the proteins produced by these genes are increased. 

Down regulation is defined as decreased gene expression and resulting in less production of a 

protein.  

 

1.1.3  Gene expression profile 

Gene expression profile is a dynamic process telling us what cell is actually doing now depending 

upon the conditions. If a gene is used to produce mRNA (protein), it is considered "on", otherwise 

"off".  

 

 

 

DNA Helix 

http://en.wikipedia.org/wiki/Cellular_differentiation
http://en.wikipedia.org/wiki/Cellular_differentiation
http://en.wikipedia.org/wiki/Morphogenesis
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1.1.4  Gene expression level measurement techniques 

There are number of techniques that can be used to measure gene expression levels, starting with the 

older techniques such as northern blot and western blot etc. to more established technologies such as 

RT-PCR. Only one of the techniques i.e. RT-PCR is used in Pakistan. The data used in this study is 

also acquired using RT-PCR. 

 

1.2 Thesis Statement 

“In this thesis multiple distance metrics based hierarchical clustering is carried out to discover 

co-expressed and co-regulated genes responsible for TB susceptibility”.  

 

1.3 Goals and objectives 

 Our study is aimed at identifying genes potentially involved in causing a specific clinical 

form of TB. We intend to determine the collection of genes that up regulate and\or down 

regulate causing the susceptibility to disease [5].  

 In our study we intend to create different clusters of co-regulated genes. Each cluster 

representing different levels of correlation  

 Given the properties of known genes we can predict the behavior of novel genes clustered 

with well known genes. These novel genes could also be involved in causing the phenotype 

(disease). 

 

1.4 Thesis outline 

Chapter 2 provides the detailed literature survey of the work in estimating expression profiles of 

various genes in different forms of TB and usage of data mining techniques in genes expression 

analysis. Chapter 3 explains the methods and techniques used in this work. Chapter 4 presents and 

discusses the results of our work. The last chapter concludes the thesis with future directions. 
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Chapter 2 

Literature Review 
 

In this chapter, we present the literature review related to our research problem. We have divided the 

literature review into two parts. First is the review of the various data mining techniques that have 

been used in analyzing genes expression data in TB infection or in similar areas.  Second part is the 

review of the literature related to genes discovered so far known to play a role in tuberculosis 

infection  

For carrying out analysis on gene expression data there is a need to create a database making up gene 

expression profiles which contributes towardse the dynamic function of each gene in the gene 

dataset. Different types of data mining techniques can be used for analysis of genetic data. Building a 

matrix of gene expression profiles can help us explore gene regulation process, genetic involvement 

of diseases, and response of gene expression levels to different drug compounds. We can also 

investigate gene regulatory networks and gene-gene interaction processes which are also the main 

focus of our research work. 

2.1 Review of data mining techniques in genes expression analysis 

 For analysis purposes, we represent the gene expression profile in a matrix called gene 

expression matrix where each row represents gene and column represents samples (various 

experimental samples often at different stages of disease development) and each cell 

represents expression level of a gene in a specific condition. We have also used gene 

expression matrix for our research where rows and columns represent genes and expression 

levels of a gene respectively  in different forms of TB. In literature, there are two basic 

themes in gene expression analysis [31]: Compare the rows (genes) to find similarity between 

genes which ultimately leads to co-regulation of genes. It means genes are functionally 

related. 

 Compare columns (samples) of data sets to find genes differentially expressed amongst the 

different samples/conditions. 
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For comparison we need some dissimilarity measures and to the best of our knowledge there is no 

one best technique that is proven to work well in all cases.  We have used three different dissimilarity 

measures in our research to transform the data in such a way that different clusters may be 

constructed representing different groups of genes. By using such transformations co-regulated genes 

of already established genes like CCL1 can be discovered.  

After computing the dissimilarity matrix using a dissimilarity measure: we perform unsupervised 

(clustering) analysis instead of finding merely differentially expressed genes as it has been done in 

majority of the previous studies. For instance, Lee, et al. [41] discovered differentially expressed 

genes amongst old i.e. 30 months and adult i.e. 5 months old mice. He found up regulated and down 

regulated genes characterizing various functions like metabolism and neuronal growth. The same 

process of up regulation and down regulation could also characterize different conditions and types 

of diseases. 

One TB study [3] also discovered differentially expressed genes amongst the three different samples 

(Latent, Pulmonary, Meningeal) and after analyzing the up regulated and down regulated genes they 

found that CCL1 gene is the most differentially expressed between Latent and Pulmonary TB and 

hence is responsible for determining with the susceptibility to developing active TB. Our research 

intends to investigate gene co-regulatory networks (group of genes which affect each other) during 

TB infection using data mining techniques. 

 

2.2.1 Clustering 

Clustering has been used to classify genes into co-regulated groups [43-46] i.e. genes whose 

expression profile changes relative to each other. Clustering has been applied to group similar genes 

or samples to form clusters. A number of techniques and algorithms have been applied in gene 

expression data analysis. Hierarchical clustering [32], k-Means clustering [33, 34] and SOMs [35] 

are some of the techniques used for genes expression data analysis. We have employed hierarchical 

clustering in our analysis.  

Hierarchical clustering [32] has been used for gene and sample clustering in different studies. Our 

study has used the technique to cluster genes as well as to cluster samples (in preprocessing); details 

are given in Chapter 3. Hierarchical clustering has been used by Alizadeh et al. [42] to find new 



9 

 

possible tumor subclasses. In this paper, diffused large B-cell lymphoma (DLBCL) was studied using 

96 samples of normal and malignant lymphocytes. After application of a hierarchical clustering 

algorithm to the samples they showed that there is variability in genes expression amongst the tumors 

of DLBCL patients. They identified two groups of DLBCL patients which had different gene 

expression patterns at different B-cell differentiation stages. Surprisingly, these two groups have 

proved good co-relation with patient survival rates thus proving the validity of the clusters. This 

study provides a clue that a similar technique could also be used to construct different clusters of 

human genes which play a role during TB infection where each cluster may be responsible for 

different types of TB. 

Clustering has also been used in identifying and classification of genes associated with Alzheimer 

disease (AD) [50]. In a study 67 genes were identified [50].  17 of them were already known to be 

associated with AD and in this study, 20 new genes were found to be associated with AD while 30 

uncharacterized sequence tags were also discovered. In this study clustering has been used to 

discover some novel genes by clustering them with well known genes. A similar type of analysis may 

lead to discovery of novel related genes clustered with genes already associated with TB (such as 

CCL1) as carried out in our study. 

Clustering of expression profiles has been used for grouping related genes as well as for grouping 

samples. In the early days of gene expression analysis, DeRisi et al. [37] used clustering for grouping 

similar genes. Later on further studies were carried out by examining genes in different conditions 

such as sporulation [38], in cell cycles [39] and gene regulatory machinery [40] and various co-

regulated genes were revealed. Therefore, similarly in our study we intend to determine co-regulated 

genes of some already established genes proven to play a role in TB susceptibility. 

Tavazoie et al. [34] clustered expression profiles of 3000 most variable genes during cell cycle into 

30 clusters using the K-means algorithm and discovered a strong sequence of patterns. We also tried 

K –means clustering in our analysis but hierarchical clustering results were better. Fuzzy K mean and 

principal component analysis (PCA) has been combined in hierarchical clustering for analysis of 

published genomic expression data which showed the relationship between response of cells and 

environments. Their study successfully identified clusters of those genes which are functionally 

related [59]. The analysis identified previously unrecognized similarities in the expression of genes 

and showed correlation amongst the environmental factors. The fuzzy clustering method was also 
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able to identify gene clusters which were not identified by other clustering technique like hierarchical 

or standard K-means clustering. The study identified almost 90% of the clusters in the data set but 

was unable to find small clusters which can be identified using hierarchical clustering and which are 

of great interest in genes expression analysis [58]. This is the reason that we have chosen hierarchical 

clustering for our research. 

 

PCA is a technique which has been used previously in gene expression analysis. It is a 

dimensionality reduction method which is used for feature selection. A study by Yeung and Ruzzo 

shows that clustering with PCA does not necessarily improve cluster quality. PCA fails to capture all 

of the cluster structure. Hence, the study recommends to not to use PCA before clustering [59]. 

Hence, in our study we have not used PCA before clustering. We applied some variance filters for 

reducing our gene data set (dimensionality reduction method) before clustering our data as described 

in Chapter 3. 

SOMs summarize the data by extracting most prominent patterns and place the similar patterns in 

neighborhood of each other. One study grouped up to 6000 human genes into biologically relevant 

clusters. Later on certain genes and pathways were highlighted which could be used in the acute 

promyelocytic leukemia treatment [48]. Studies such as these suggest that similar studies could lead 

to discovery of genes which could be used as target genes for TB treatment.  

We summarize the data mining techniques and major findings in Table 2.1. 

 

 

 

 

 

 

 



11 

 

Sr. 

No 

Studies done by Technique Findings Disease/Condition 

1 Alizadeh Hierarchical 

clustering 

Two main groups of tumor 

were separated out 

Tumor 

2 Wolkera and 

Smitha 

Hierarchical 

clustering 

67 genes were associated 

with AD 

Alzheimer disease 

3 P.T. Spellman K- means clustering Various co-regulated 

genes were revealed 

Sporulation in cell 

cycles 

4 Sandip and 

Markus 

PAM 18 predictors (Genes) for 

AD 

Alzheimer disease 

 Gasch and Eisen Fuzzy K- Mean Clusters associated with 

different conditions 

Yeast genetic Data 

 Eisen and 

Spellman 

SOM genes for leukemia 

treatment were discovered 

Leukemia 

 

Table- 2.1 Showing summary for review of data mining techniques 

Most of the studies have been conducted to find genes associated with different types of diseases like 

Cancer, Alzheimer and Leukemia and only two studies up till now have been specifically focused on 

different forms of TB which are described in the next section. Although a number of genes have been 

discovered that are differentially expressed in TB but only a single gene (CCL1) has been empirically 

proven to play a role in susceptibility to different forms of TB.  As genes usually co-regulate each 

other hence some other genes may also be discovered to play a role in TB susceptibility especially 

the ones co-regulated with CCL1. Such work may lead to development of new medicines for TB. 

Hierarchical clustering is the most widely used technique to discover genes groups associated with 

different conditions [32]. Our study has also used hierarchical clustering for finding co-regulated 

genes for TB and we have used three different distance metrics Pearson correlation (PC), Kullback 

leibler distance (KD), Fisher distance (FD) for transforming gene expression data. PC measures the 
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importance of direct linear relationship between two variables. The value is always between [-1; 1] 

where 1 is strong positive relation, 0 is no relation and -1 is a strong negative correlation [62]. KD is 

used for measuring asymmetric distance between two variables [61] and FD is used to separate two 

genes by using mean and variance properties [60]. In this study, KD and FD is being used for the first 

time for genes expression data analysis.  

We have studied different data mining techniques for gene expression analysis. But it is also very 

important to identify important genes involved in Tuberculosis infection. The overall literature 

survey of human genome associated with Tuberculosis infection is presented in the following section 

 

2.2 Literature Review of Human Genomic Study in Different Forms 

of Tuberculosis 

In literature, majority of the studies have engaged healthy donors, cell lines or murine cells [12, 13, 

and 14]. Only two previous studies have compared the gene expression profile of individuals with 

different clinical forms of TB. The work on which our study is based used genetic data of 

macrophage cells.  The macrophages (defense cells) and dendrites cells (receptors for pathogens) 

trigger the immunity function on pathogen recognition by receptors on the surface of these cells [15]. 

These receptors include CD14 and Toll-like receptors (TLRS) [16, 17], nuclear factor (NF- kB) and 

several other macrophage cell surface molecules [18-22] that are involved in adherence and uptake of 

Tuberculosis [14]. 

In literature, one study investigated the early variation in expression of macrophage genes during and 

immediately after phagocytosis (entrance of pathogen) of TB [14]. This study claimed that 375 

human genes are generally involved in immune regulation. Some of these genes belong to chemokine 

and interleukin IL-8 family of genes. After 1,6,12 hours following infection with M. tuberculosis 

several genes were induced significantly. This induction and variation in gene expression is 

responsible for causing different behaviors (diseases) which form the basis of our study as well.  

Another study [12] examined 6,800 macrophage genes (defense genes) using microarrays and 

expression of 977 genes was considerably changed on disclosure to one or more bacteria (M. 

tuberculosis) and the study came up with two important proteins IL-12 and IL-15 which were found 
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to be significant for host defense and immunity against TB. This up regulation and down regulation 

of gene expressions during mycobacterial tuberculosis infection forms the main motivation of our 

study to find a set of genes (proteins) responsible for causing TB infection. IL-12 plays an important 

role in production of T helper 1 (Th1) immune responses [23] which is significant for host resistance 

to TB infection in mice and in humans [24-27]. Less production of IL-12 production may boost the 

survival of M. tuberculosis infection. This study claimed that Il-12 and Il-15 proteins could be useful 

in treatment for clinical TB. However, in our work we are mainly interested in genes responsible for 

TB susceptibility and progression. CCL1 [4] has been empirically and statistically proven to be 

responsible for TB susceptibility and hence we have chosen to investigate CCl1 further. 

Another study [28] has shown that chemokine CCl20 is dramatically over expressed in M. 

tuberculosis infection and they have also confirmed that dendritic cells are a appropriate host for 

mycobacteria proliferation. CCL20 is a chemokine that attracts immature dendritic cells and supress 

the characteristic production of reactive oxygen species (ROS) induced by M. tuberculosis in 

monocytes which may change cell activity. This fact provides a clue that there could be some other 

genes (chemokine’s) which are affected by CCL20 or regulated by CCL20 but our study has 

employed techniques to find co-regulated genes of already established genes in TB infection like 

CCL1 as CCl1 is empirically proven through RT-PCR but the role of CCL20 in TB progression has 

not been proven through such empirical studies. 

A study by Zahra et al. [29] has shown that the increased expression of gene CCL2 and TNFα 

(protein) in Pulmonary TB (PTB) patients may support effective leucocytes recruitment and M. 

tuberculosis localization and CCL2 alone is related to severity of TB. But, as explained earlier, there 

is not always a single gene responsible for causing TB or any other infection [4]. So there is a need to 

discover other genes which are co-regulated with the already established genes. As CCL1 is 

empirically proven through RT-PCR therefore we have decided to find co-regulated genes of CCL1 

instead of CCL2 or CCL20. CC stands for cytokines or chemokines and cytokines or, chemokines are 

responsible regulate the migration, trafficking, homing and activation of monocytes, macrophages 

and other leucocytes. CCL20 is a chemokine which supresses the characteristic production of 

reactive oxygen species (ROS) induced by M. tuberculosis in monocytes which can affect cell 

activity. CCL2 plays a vital role in protection against tuberculosis in the murine model. CCL1 is 

responsible for differentiating different form of TB and is also associated with susceptibility of TB. 

M. tuberculosis infection of macrophages results in the generation of certain other chemokines 
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CCL3, CCL4 and CCL5 and these are required for decline of its growth. As these cytokines and 

chemokines had previously been proved to be differentially expressed according to disease location 

(Pulmonary and extra Pulmonary) and also disease stage [29] hence these genes may be studied 

separately. 

To our knowledge only two previous studies have made comparative study of gene expression 

profiles of individuals with different clinical forms of TB [10] [32]. Mistry et al. collected whole 

blood samples from individuals suffering from active, Latent, cured (following 1 disease episode) 

and recurrent TB (following 2–3 episodes) [32]. Their discriminate analysis hypothesized that 9 

genes shown in Table 2.2 could distinguish between four clinical TB groups [32] but theses 9 genes 

were not confirmed by a second study [10]. These genes were also not confirmed by RT-PCR. 

Moreover, genes discovered in this study have not been found to be relevant in any other study. 

 

Sr. 

No 

Differentially Expressed Genes in Human Genome During TB Infection 

1 RIN3 

2 LY6G6D 

3 TEX264 

4 C14orf2 

5 SOCS3 

6 KIAA2013 

7 ASNA1 

8 ATP5G1 

9 NOLA3  

 

Table-2.2: Differentially expressed genes in TB by Mistry et al study 

 

Genes in table-2.2 were found to be highly expressed in human genome during TB infection by 

Mistry et al. This study has also suggested that these genes could distinguish the four clinical TB 

groups (Latent, Pulmonary, Meningeal and cured) 
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In another research work [3] (on which our study is also based), demonstrated that 1608 genes in 

three different types of diseases (Latent, Pulmonary, Meningeal) were up regulated and down 

regulated during mycobacterial TB infection. Some differentially expressed genes are shown in Table 

2.3. The study was also confirmed empirically using RT-PCR and one gene i.e. CCL1’s expression 

remained significantly different for the three different clinical types of disease. Later on, they also 

confirmed that CCL1 is the only gene involved in host susceptibility to TB [4]. 

 

Sr. No Differentially Expressed Genes in Human Genome During TB Infection 

1 CCL1 

2 INHBA 

3 TSLP 

4 LY6K 

5 IL12B 

6 MMP1 

7 CCL20 

8 HAS1  

 

Table-2.3: Differentially expressed genes in TB by Nguyen et al Study 

 

Genes in table -2.3 were highly expressed in Human Genome during TB infection as found by 

Nguyen et al. Moreover it has been proven empirically that CCL1 is responsible for causing different 

forms of TB and is also associated with TB susceptibility.  Table 2.4 shows a summary of the 

majority of the studies carried out so far for the genes associates with TB during infection. Each 

study is presented with its findings (genes active) during specific disease conditions and specifies 

which genes are involved in susceptibility to TB.  

 

 

 

 

 



16 

 

Sr. 

No 

Studies done by Findings Disease Susceptible 

to TB 

1 Silvia Ragno et al. 375 genes involved in immuno 

regulation  

TB Not proven 

2 Gerard IL-12 and IL_15 protein involved 

in defense against TB 

TB Not proven 

3 Hirsch IFN-γ9 protein and some known 

and novel genes involved in 

immunity against TB 

TB Not proven 

4 O. M. Rivero-Lezcano CCL20 is a gene over expressed 

in TB patients 

TB Not proven 

5 Zahra Hasan CCL2 and TNFα involved in 

leukocyte recruitment and CCL2 

is associated with TB 

TB Not proven 

6 Mistry et al 9 genes can distinguish four TB 

groups 

TB Not proven 

7 Nguyen CCL1  distinguish different forms 

of TB and is also responsible for 

susceptibility to TB  

TB Proven 

empirically 

through RT-

PCR 

 

Table-2.4 Showing literature survey of human genomic data during TB infection 

Genes are often co-expressed with the genes whose transcript (DNA) they regulate making up 

structural relationship between genes. Gene up regulation and down regulation strongly influences 

the host genetic susceptibility to different kinds of diseases as discussed in Chapter 1. There is only a 

single study which has discovered empirically as well as statistically a gene (i.e. CCL1) responsible 
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for TB susceptibility [4]. TB is strongly influenced by the regulation of gene CCL1 but there is not 

always a single gene responsible for causing any phenotype. Our study has intended to find the list of 

genes that get co-regulated with CCL1 (i.e. if the expression level of CCL1 increases we see 

corresponding increase in expression levels of other genes and vice versa). 
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Chapter 3 

Methods and Techniques 

Genes regulate and deregulate each other, forming structural relationships. Our study, explores the 

structural relationship of human genomic data during TB infection. Majority of the previous 

studies have only found differentially expressed genes during TB infection. There is only one 

previous study which empirically proved the significance of gene CCL1 using RT-PCR during TB 

infection [4] but we know that there is always a group of genes collectively responsible for causing 

different disease conditions. Our study intends to find genes that co-regulate with CCL1, playing a 

role in TB infection. 

 

In our study, we have performed the following main steps for analysis of human genetic data during 

TB infection: 

1. Preprocessing 

2. Genes filtering 

3. Hierarchical Clustering (data mining technique) 

 

3.1 Preprocessing 

 

Preprocessing is the first step in our analysis and starts with cleaning of data involving outlier 

removal and missing values imputation. For outlier detection first hierarchical clustering was applied 

on array samples (patients) by using Pearson correlation as a distance metric. Dissimilarity distance 

metrics for patients has been represented in the form of a histogram. Each bin of the histogram shows 

the frequency of distance values in the distance metric. Histogram of the inter array correlation (IAC) 

is shown in Fig. 3.1 which is right skewed having a long tail. Long tail of a histogram represents 

extreme distance values of a dataset. These very small distance values indicate presence of outliers. 

These outliers should be removed from the dataset to achieve unbiased results of analysis. 
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Figure-3.1: Histogram with an outlier 

 

 

We took summation of the product of each correlation value with its frequency in IAC matrix 

(24x24) and divided it with the total number of distance values. 0.843 is the mean or average of the 

correlation value for all samples (24). Result of hierarchical clustering has been depicted in the form 

of dendrogram as shown in Fig.3.2. 

 

Dendrogram in Figure 3.2 shows the clustering structure amongst different patients of TB. Similar 

samples (patients) have smaller branch height and as the similarity decreases, samples represent 

greater branch height. After dendrogram analysis it was found that one of the patient’s samples 

(Latent un-stimulated) is an outlier as already confirmed by Nguyen et al. [3].  Patient 6 of Latent TB 

(L6) has a greatest height of branch (due to a great number of missing values) and hence it is clearly 

an outlier. So we removed this patient and are left with 23 patients. 
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Figure-3.2: Cluster dendrogram showing an outlier 

 

After removing this patient we again draw a histogram and dendrogram which is shown in Fig 3.3. 

 

Figure-3.3: Cluster dendrogram after removal of an outlier 
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Figure-3.4: Histogram after removal of an outlier 

 

Figure-3.4 is an improved histogram as skewness has been reduced and tail has been shortened due to 

removal of missing values. This short tail indicates that outlier has been removed from the dataset as 

we have removed patient 6 from our data. 

 

3.2 Genes filtering based upon dissimilarity distance 

After cleaning the data we compute three different dissimilarity matrices using distance metrics 

Pearson correlation (PC), Fisher distance (FD), and Kullback-Leibler distance (KL). For each 

dissimilarity matrix we compute dissimilarity distances from CCL1 to all other genes. Pearson 

correlation is an established technique for finding similarity values but we have used it to find 

dissimilarity. 

3.2.1 Pearson Correlation 

Pearson correlation is used to find similarity between two variables. It measures the power and the 

direct linear relationship between two variables. The value is always between [-1; 1] where 1 is a 

strong positive relation, 0 is no relation and -1 is a strong negative correlation.  It is the most widely 

used correlation coefficient [62]. The formula is as follows. 
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𝑷𝑪=𝟏−|𝒓| 

Where X and Y denotes the expression levels of genes being compared for the different samples 

included in the study. It is important to note here that CCl1 is usually used to measure similarity 

between objects but in our case we subtracted the absolute of the coefficient from 1 to compute 

dissimilarity. 

3.2.2 Fisher Distance 

It is suitable for classification as it measures the holistic distance between two classes and in our 

study it separates the two genes. It is an efficient criterion of divisibility between two classes and in 

our case two genes, which is broadly used in pattern recognition, and it computes the ratio of scatter 

between-class and within-class of two classes/genes. Larger ratio means larger divisibility of the two 

classes [60].  

 

FD = ∑µx
2 µy

2 /∑ (σx – σy)2 

Where μx and μy are means of the expression profiles of genes X and Y and σx and σy is the standard 

deviation of the expression profiles of genes X and Y. 

3.2.3 Kullback-Leibler Distance 

KL distance is a natural distance function from a "true" probability distribution, p, to a "target" 

probability distribution, q. It is an asymmetric distance and hence, we have calculated it in both 

directions, i-e between distribution 2 and 1 and 1 to 2 (gene 1 to gene 2 and gene 2 to gene 1) [61]. 

 

KL= ΣXilnXi/Yi + ΣYilnYi/Xi 
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It is noticed that the three distance metrics described above compare the gene expressions based upon 

different characteristics of the gene expression values. PC measures the difference between the 

expression profiles in relevance to the difference amongst the corresponding gene expression values 

while FD is a more holistic measure that computes the difference based upon the mean and standard 

deviation of the gene expression profiles while Kullback-Leibler compares the gene profiles on a per 

sample basis and normalizes the difference using a log of the ratio of the two values. Hence, three 

different measures provide insights in to how the two genes compare with respect to each other. 

 

As CCL1 is high variant gene and we have intended to find co-regulated genes of CCL1, so we need 

to keep highly variant genes and discard rest of the genes to make our analysis more simple and 

clear. To keep highly variant genes we applied gene filtering process, which removed all non variant 

genes. We choose certain threshold and applied it on distance matrices, which removed all the genes 

having distance values above the specified threshold.    

 

After computing dissimilarity distance of CCL1 for the whole dataset (16078 genes) using PC, KD, 

and FD, we use thresholding to perform filtering. This was done to find genes most similar to CCL1 

using clustering. A threshold was applied on each distance metric value and the gene having a greater 

dissimilarity value as compared to the threshold is removed. The number of genes left for various 

threshold values are given in Table 3.1. As dissimilarity distance value ranges from”0” to “1”, hence 

threshold is applied on dissimilarity distance ranging from “0.9” to “0.14”.  The genes were filtered 

gradually to get most valuable genes. Initially the threshold was large (0.9) and genes were still not 

distinguishable in clusters so thresholding based upon dissimilarity distance was gradually increased 

to extract most similar or co-regulated genes of CCl1. “0.14” was found to be a good threshold as a 

limited number of genes are left and the clusters obtained are of good quality. 
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Sr. no Distance Dissimilarity Threshold Genes Left 

1 0.9 14872 

2 0.8 12353 

3 0.7 8085 

4 0.6 4823 

5 0.5 2831 

6 0.45 1873 

7 0.4 1359 

8 0.35 918 

9 0.3 648 

10 0.25 423 

11 0.2 264 

12 0.18 182 

13 0.15 83 

13 0.14 21 

 

Table-3.1: Relationship of dissimilarity distance with number of genes left 

 

3.3 Hierarchical clustering 

After preparing data for clustering, we perform distance based hierarchical clustering using the three 

dissimilarity distance values (PC, KD, FD) rather than on actual data values to obtain clusters of 

genes which are similar in terms of distance values to CCL1. The genes which are closer to each 

other i.e. have low distance, are more similar to each other and hence, are grouped in the same 

cluster. There are two types of algorithm used in hierarchical clustering agglomerative and divisive. 

We have used Agglomerative in our clustering process.  

 

In order to decide which clusters should be merged (for agglomerative), or where a cluster should be 

divide (for divisive), a measure of dissimilarity is needed. Mostly hierarchical clustering uses 

appropriate distance metric (a measure of distance between pairs of observations), and a linkage 

parameter which specifies the dissimilarity of sets as a function of the pair wise distance values of 

observations in the data sets. We used Euclidean distance as a metric for Hierarchical clustering. Its 

formula is as follows. 

http://en.wikipedia.org/wiki/Metric_(mathematics)
http://en.wikipedia.org/wiki/Distance
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It is important to note here that the Euclidean distance is measured for the three different distance 

values obtained earlier. There are many linkage parameters of Hierarchical clustering we have 

studied all separately. Linkage parameters are defined as follows. 

3.3.3 Linkages 

Following are the notations used by various linkage methods 

 Cluster r made up of clusters p and q. 

 Number of objects is represented by Nr in cluster r. 
 ith object is represented by Xi in cluster r. 

 Single linkage, also called nearest neighbor, takes up smallest distance between objects in the 

two clusters: It has got some striking theoretical properties and can be implemented relatively 

proficiently, so it has been widely used. However it has propensity towards forming long 

irregular clusters or chaining which is suitable for delineating ellipsoidal clusters but not 

appropriate  for making spherical or weakly separated clusters.[64] 

 

 Complete linkage also called furthest neighbor,considers the largest distance between objects 

in the two clusters: Inter cluster similarity is generated by comparing least similar pair 

between two clusters. It is called complete link because all data points within a cluster are 

grouped together with some smallest similarity. Small compactly bound clusters are 

uniqueness of this method.[64] 

 

 Average linkage uses the average distance value between all data pairs in any two clusters: 
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All data points contributing inter cluster similarity, resulting in a structure that lies between 

the loosely bound single link clusters and compact bound complete link clusters. Average 

linkage has been considered good in evaluation studies of various clustering techniques.[64] 

 

 Centroid linkage is characterized by using the Euclidean distance between the centroids of 

the two clusters:[64] 

 

where 

 

 Median linkage takes centroids of the two clusters and use the Euclidean distance between 

weighted centeroids, 

 

For the clusters r and s and are weighted centroids. If cluster r was created by 

combining clusters p and q, is defined recursively as 

 

 Ward's linkage uses the incremental sum of squares; as a result of joining two clusters the the 

total within-cluster sum of squares increases. The within-cluster sum of squares is defined as 

the sum of the squares of the distances between the centroid of the cluster and all data points 

in the cluster. The sum of squares measure is the same as the following distance measure 

d(r,s): 
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where  

o is Euclidean distance 

o and are the centroids of clusters r and s 

o nr and ns are the number of elements in clusters r and s 

It is also named as minimum variance method because it produces consistent clusters and symmetric 

hierarchy and its property of center of cluster of gravity is a useful way of representing clusters. It 

has been proved to be good at getting better cluster structure but it is susceptible to outliers and poor 

at getting elongated clusters. [64] 

 

We also applied other clustering techniques like K- means and Density based clustering methods but 

we could not find prominent patterns or clusters. Although hierarchical clustering has also been used 

in a previous study [3] but the study employed actual data values (expression levels) for clustering to 

detect the patterns amongst different clinical disease phenotypes of TB. But hierarchical clustering in 

our study has extracted most significant co-regulated genes responsible for causing TB by using 

distance based clustering on metric values rather than on actual data values. 

 
We have applied clustering with different linkage techniques (average, single, complete, median, 

centroid, and ward). We explored the maximum clustering limit from ‘4’ to ‘100’ based upon the 

number of genes in the dataset. Maximum clustering limit can be defined as the maximum number of 

clusters which could be attained from hierarchical clustering by cutting the tree at different 

appropriate levels. If we increase the maximum clustering limit, cluster size would be small and if we 

decrease the maximum clustering limit, cluster size would be large. We used different clustering 

limits in our dataset but we obtained higher quality clusters for a limit of 4. Moreover, 4 clusters 

were consistently found to be the best irrespective of the clustering limit, so we choose the clustering 

limit of 3-5 for our evaluation. By applying filtering and threshold on dissimilarity distances of 

genes, we got a small number of similar genes (21) to CCL1; genes which have low dissimilarity 

distance with respect to CCL1 are more similar to CCL1. We applied hierarchical clustering on data 

set of ‘21’ genes with clustering limit varying from ‘5’ to ‘3’.  
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Threshold is the maximum limit of dissimilarity distance of all genes with respect to CCL1. 

Maximum clustering limit means that specification of a maximum number of clusters which could be 

formed in a clustering process by cutting dendrogram at various appropriate levels. Dendrogram 

show how genes are grouped in different clusters and structural relationship of all the genes within 

each cluster. 

 

 

Dissimilarity Threshold No of genes left 

0.4 1359 

0.2 264 

0.18 182 

0.15 83 

0.14 21 

 

Table-3.2:  Results of clustering with different threshold 

 

The clustering results for dissimilarity threshold at “0.5” and “2831” genes are shown Fig 3.5. Genes 

are not forming any clusters so we reduced threshold to “0.4”. 

 

 

Figure-3.5: Initial results of clustering of 2831 genes 

 

PC KD 

FD 
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Figure-3.5 shows poor clustering when the threshold on dissimilarity distance was “0.5” and genes 

were “2831”. Maximum clustering limit is at “200”. There was not much improvement when the 

clustering limit was reduced. The clustering results for dissimilarity threshold at “0.4” and “1359” 

genes are shown in Fig 3.6. Still genes are not forming clear clusters so the threshold was reduced 

further. 

 

  

 

Figure-3.6 Results of clustering with 1359 genes 

 

Figure-3.6 plot shows the clustering results when the threshold on dissimilarity distances was “0.4” 

and genes were “1359”. We gradually reduced the threshold value to 0.2 and got ‘264’ genes and 

then performed hierarchical clustering on them using different clustering limits. With a set of 264 

genes, clustering was performed and results are shown in Figure-3.7 (a) and 3.7 (b). Now the genes 

have shown some patterns but still it needs more refinement. 

 

PC 
KD 

FD 
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Figure-3.7: Results of clustering with 264 genes  

 

This is better clustering with clustering limit 10 in Fig ‘a’ and 30 in Fig ‘b’ and threshold on 

dissimilarity distance is “0.2” and genes are “264”. We further reduced the threshold value to 0.18 

and got a set of 182 genes and again applied clustering with clustering limits at (12, 20) as shown in 

Fig 3.8 

 

                       (a)                                                                            (b) 

Figure3.8: Results of clustering with 182 genes 

 

 

This is much better clustering with limit 12 in Fig ‘a’ and 20 in Fig ‘b’ and threshold is “0.18” while 

genes are 182. By reducing the threshold to 0.15, 83 genes are left and the following results are 

obtained with clustering limit set at ‘5’. 
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Figure-3.9:  Results of clustering with 82 genes 

 

Figure-3.9 is cluster representation with clustering limit of “5”, threshold is “0.15” and genes are 

“82”. The threshold limit is next reduced to “0.14” and 21 genes were left. We chose threshold 

“0.14” because decreasing the threshold further reduces the cluster quality and increasing the 

threshold increases the number of genes and cluster quality also decreases. Subsequently hierarchical 

clustering was performed with different linkages methods and clustering limits. The clustering results 

for average linkage are shown in Fig. 3.10 and dendrogram results are shown in Fig. 3.11. Figure-

3.10 is cluster representation with clustering limit “4”, threshold is “0.14” and genes are “21”  
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Figure-3.10: Results of clustering with 21 genes 

 

 

 

 

Figure-3.11: Dendrogram showing 4 clusters with CCL1 depicting as 1 

 

Our study has explored different linkage parameters and results are summarized in Table -3.3. It is 

obvious from the Table-3.3 that with all linkage types, same threshold (0.14) and with clustering 

limit 3, 4 and 5 we obtained 4 consistent clusters. These clusters are compact containing genes that 

are strong correlated and co-regulate with each other. 
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Sr. 

No 

Linkage Type Dissimilarity 

Threshold 

Clustering limit Clusters obtained 

1 Single 0.14 3,4,5 4 

2 Complete 0.14 3,4,5 4 

3 Ward 0.14 3,4,5 4 

4 Median 0.14 3,4,5 4 

5 Centroid 0.14 3,4,5 4 

 

Table-3.3: summary of Linkage parameters 

 

 

By using single as linkage parameter with 21 genes, 0.14’ threshold and maximum clustering limit 

‘4’ obtained results and dendrogram are shown in Fig 3.12 and Fig 3.13. 

 

Figure-3.12: Results of clustering using single linkage  

 

Figure-3.12 shows three main clusters other than CCL1, each cluster has different level of similarity 

to CCL1. 
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Figure-3.13: Dendrogram using single linkage with 4 clustering limit 

 

Figure-3.13 shows CCL1 (gene 1) is clustered with other 2 clusters consisting of 12 and 6 genes 

respectively, but overall tree is cut down into 4 clusters. By using complete linkage, 21 gene dataset,  

0.14 threshold and maximum clustering limit set at ‘4.’ Results of clustering and dendrogram are 

shown in Fig 3.14 and Fig 3.15. 

 

Figure-3.14: Results of clustering using complete linkage  

 

Figure-3.15 shows CCL1 is clustered with 2 other genes to form one cluster and the remaining 18 genes 

are grouped in to 3 other clusters. 
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Figure-3.15: Dendrogram using complete linkage’ 

 

Figure-3.16 shows gene CCl1 is clustered with gene 12 and 13 to form one cluster and rest of the 18 

genes is clustered in three different clusters. Overall tree is cut down into 4 clusters. By using ward 

linkage, 21 gene dataset , 0.14 threshold and maximum clustering limit ‘4’we got results as shown in 

Fig-3.16and Fig-3.17 

 

Figure-3.16: Results of clustering using linkage ward  

 

. 
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Figure-3.17: Dendrogram with clustering limit ‘4’ 

 

Figure-3.17 shows gene CCl1 is clustered with gene 7, 12 and 13 to form one cluster and rests of the 

17 genes are clustered in three different clusters. Overall tree is cut down into 4 clusters. By using 

Median linkage, 21 gene dataset, 0.14 threshold and maximum clustering limit ‘4’, obtained 

clustering results and dendrogram are shown in Figure 3.18, 3.19 

 

 

 

Figure-3.18: Results of clustering using Median linkage  

 

Figure-3.18 shows three main clusters other than CCL1, each cluster has different level of similarity 

to CCL1. 
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Figure-3.19: Dendrogram with clustering limit ‘4’ 

 

Figure-3.19 shows CCL1 (gene 1) is clustered with other 3 clusters consisting of 12 and 6 and 2 

genes respectively, but overall three is cut down into 4 clusters. By using centroid linkage, 21 gene 

dataset, 0.14 thresholds and clustering limit ‘4’ we got clustering results and dendrogram as shown in 

Fig 3.20, 3.21. 

 

 

Figure-3.20: Results of clustering using linkage ‘centroid’  
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Figure3.21: Dendrogram with clustering limit ‘4’ 

Figure-3.21 shows CCL1 (gene 1) is clustered with other 2 clusters consisting of 12 and 6 genes 

respectively, but overall three is cut down into 4 clusters. 

 

By comparing all the linkage results we can conclude that average, median and centroid linkage 

show similar results while complete, single and ward produce similar clustering results. The only 

difference between these two categories of linkage is that single, complete and ward linkage combine 

CCL1 with some other genes in the same cluster while average, centriod and median linkage place 

CCL1 in a separate cluster. These clusters show different level of similarity to CCL1 and would be 

discussed in detail in the next chapter.  
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Chapter4 

Results and Discussion 

 

Initially the data set was consisted of 16078 genes and 24 patients. After pre-processing, an outlier 

patient was removed. Next filtering was performed based upon dissimilarity threshold as described 

earlier and as shown in Table 4.1. Finally hierarchical clustering was performed with different 

linkage parameters such as single, complete, average, ward, median and centroid linkage. We also 

applied other clustering techniques like K- means and Density based clustering but hierarchical 

clustering provided the best results. 

 

After getting different clusters for our dataset, we choose the results of average linkage for evaluation 

as it is most efficient and widely used technique as compared to other linkages [64]. We explored the 

gene indices in each cluster and also the actual genes. Table 4.1 represents gene indices in each 

cluster. There are 12 genes in the first cluster, 6 in second cluster and 2 genes in third cluster. The 

genes found in the three clusters are shown in Table 4.2. 

 

Cluster1 Cluster2 Cluster3 

4 2 3 

5 7 21 

6 8  

9 12  

10 13  

11 16  

14   

15   

17    

18    

19    

20    

 

Table-4.1: Gene index in three different clusters 
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Cluster1 Cluster2 Cluster3 

NCRNA00244  C17orf72  DUSP22  

CASQ1  OSGIN1  RDH14  

LOC143286  MT1P2   

LOC283485  CACNA1G   

LOC257396  T || T, brachyury homolog   

ZNF155  ABCB5   

FRRS1    

ATP1B4    

C8orf42    

DYNC1LI2   

ASAP3    

LMOD3    

 

Table-4.2: Actual genes in three different clusters 

 

Table-4.3 shows three clusters with similar genes clustered together. Cluster 1 contains 12 genes, 

cluster 2 contains 6 genes and cluster 3 contains 2 genes. These cluster show different level of 

similarity (co- expression and co-regulation) with CCL1. Table 4.3 is depicting actual genes which 

are grouped together in same cluster. 12 genes are clustered together in first cluster, 6 genes are in 

second cluster and 2 genes are in third cluster. We also plotted the actual expression level of genes 

for each cluster as shown in Fig. 4.1.  

 

In Figure-4.1 we have plotted all patient phenotypes (L, M, P) categorized by stimulated and un-

stimulated samples. On the x- axis units (1-4) represent Latent stimulated patients, (5-7) are Latent 

un-stimulated patients, (8-11) are Meningeal stimulated patients, (12-15) are Meningeal un-

stimulated patients, (16-19) are Pulmonary stimulated patients and (20-23) are Pulmonary un-

stimulated patients. Y-axis is showing the actual expression level of 21 genes as in the original data.  

On y-axis expression levels of genes has been plotted ranging from 0 to 2500. Expression level of 21 

genes has been represented in the form of clusters. Genes belonging to each cluster are differentiated 

by line type and color. CCL1 is represented by blue diamond dashed line, cluster 1 (12 genes) is 

represented by green dashed line, cluster 2 (6 genes) is represented by red dashed line and cluster 3 

(2 genes) is represented by magenta dashed line. Expression pattern of 21 genes are depicted in 

Figure-4.1 It is obvious from the Figure-4.1 that all the clusters are following the gene expression 
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pattern of CCL1. Cluster 3 (2 genes) is clearly representing expression pattern of its genes with 

minute variation but only few genes from cluster 1 (12 genes) and 2 (6 genes) are visible in this plot, 

following CCL1expression and rest of the gene expression patterns are hidden by the expression 

pattern of CCL1 showing no variation in expression pattern between these genes and CCL1. 

 

Figure-4.1: Line Plot of 3 clusters representing 21 genes in three phenotypes (L, M, P). 

 

Expression trend of individual clusters are also represented in Figure-4.2. Figure-4.2 (c) shows 

expression trend of CCL1, Figure-4.2 (a) shows expression trend of genes forming cluster 1, Figure-

4.2 (b) shows expression trend of genes forming cluster 2 and Figure-4.2 (d) shows expression trend 

of genes forming cluster 3. Each cluster genes are depicting the behavior pattern of CCL1. This study 

has also quantitatively proved the pattern similarity in Table 4.3. 
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              (a)                               (b) 

 

(c)                                         (d) 

Figure-4.2 (a, b and d) show gene expression level of cluster 1, 2, 3 and CCL1 

 

We have also made plots for different phenotypes of tuberculosis categorized by stimulated and un-

stimulated samples. In Figure-4.3 and 4.4 expression levels for 21 genes including CCL1 (three 

clusters) are shown in Meningeal stimulated and un-stimulated samples respectively. These plots do 

not show much variation between stimulated and un-stimulated samples as both plots represent 

expression pattern ranging from 0 to 2500 which is also consistent with Nguyen’s study [3]. 
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Figure-4.3: Line plot of expression levels of 21 genes in Meningeal stimulated TB 

 

 

Figure-4.4: Line plot of expression level of 21 genes in Meningeal un-stimulated TB 

 

 

 

Figure-4.5 and Figure-4.6 shows the expression levels for 21 genes in Pulmonary stimulated and un-

stimulated samples respectively. These plots show great variation in the expression levels of the 

genes. In Figure-4.5 expression trend of Pulmonary stimulated patients ranges from 200 to 1400 and 

in Figure-4.6 expression trend of Pulmonary un-stimulated patient is ranging from 200 to 2000 which 

is also consistent with previous studies [3]. 
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Figure-4.5: Line plot of expression level of 21 genes in Pulmonary stimulated TB 

 

 

Figure-4.6: Line plot of expression level of 21 genes in Pulmonary un-stimulated TB 

 

We have also made plots of stimulated and un-stimulated samples of 21 genes separately which are 

shown in Fig-4.7. These plots show that there is a great deal of variations in expression levels of 

these 21 genes in stimulated and un-stimulated samples. Latent stimulated samples consist of patients 

1-4 in Fig-4.7 (a) and Latent un-stimulated samples consist of patients 13-15 in Fig-4.7 (b). 

Pulmonary stimulated and un-stimulated samples consisting of patients 9-12 in Fig-4.7 (a) and 20-23 

in Fig-4.7 (b) respectively, but cannot differentiate between Meningeal stimulated and un-stimulated 

samples consisting of patients 5-8 and 16-19 in Fig-4.7 (a) and (b)  respectively,  These low and high 
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expression level of genes in stimulated and un-stimulated samples is also consistent with previous 

study [3]. 

 

 

(a)                                                                                  (b) 

Figure-4.7: Stimulated and un-stimulated samples plots  

 

This study has compared plots of expression levels of three different types of TB i-e Latent, 

Pulmonary and Meningeal to discover how expression levels of the 21 genes are found to vary with 

respect to each other in the three different forms of TB. Figure-4.8 (a) shows that expression trend of 

Latent stimulated TB ranging from 0 to 700. Figure-4.8 (b) shows that expression trend of Pulmonary 

stimulated TB ranging from 0-1400 and Figure-4.8 (c) shows that expression pattern of Meningeal 

stimulated TB ranges from 0-2500. These plots also represent that these 21 genes are over expressed 

two times more in Pulmonary stimulated TB as compared to Latent TB and regulate three times more 

in Meningeal TB as compared to Latent TB and two times more as compared to Pulmonary TB. 

Hence, we conclude that these 21 genes fairly distinguish three different phenotypes of TB by 

variation in their gene regulation expression pattern (over-expression) which is consistent with the 

Nguyen et al. [3] study as well. 
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(a) 

 

 

 

   (b)                                                                               (c) 

 

Figure-4.8: Stimulated samples of three phenotypes (M, P, L) of TB 

 

Table 4.4 shows the average correlation of genes within each cluster and with CCL1 and proves that 

genes expression profiles are highly correlated with CCL1. 
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Sr. no No of 

genes 

Correlation  with each 

other 

Correlation with 

CCL1 

All genes (without 

clustering) 

21 0.93 0.93 

Cluster1 12 0.955 0.953 

Cluster2 6 0.953 0.953 

Cluster3 2 0.953 0.953 

 

Table-4.3:  Result of correlation coefficient of genes 

 

In Table-4.4, first row shows the Pearson co-relation coefficient of all genes among themselves and 

also with gene CCL1. Second, third and fourth row shows the Pearson co-relation coefficient 

between genes within the same cluster and also with gene CCL1. All Pearson co-relation coefficients 

prove that genes are highly co-regulated with each other and also with gene CCL1. 

 
Our results show that using the three dissimilarity metrics proposed we could reduce the data-sets 

and subsequently use various clustering techniques to cluster similar genes. The distance metrics also 

provide a means by which filtering of the genes may be attained as shown in Table 2. We reduce the 

number of genes from a total of 16078 to 21 genes (found to be most similar to CCl1). The threshold 

is arbitrary and may be used to further reduce the number of genes. We use an optimal threshold of 

0.14 as it provides a feasible number of genes to cluster and analyze. Hierarchical clustering results 

are depicted in Figures 3 and 4. As seen in the Table 2, three different clusters of genes most similar 

to CCl1 are found with each cluster having its own significance. We have explored the literature on 

some of the genes shown in Table 2. The literature indicates that genes namely CASQ1, ATP1B4 

and ASAP3 play a role in development of soft tissue and muscle tumors amongst other things. 

LOC283485 and LOC257396 play a role in the development of trachea and pharynx respectively. 

FRRS1 is considered to be responsible for bladder carcinoma; germ cell tumour; head and neck 

tumour. Genes DYNC1LI2, T || T, brachyury homolog, DUSP22, RDH14 and OSGIN1 are closely 

associated with lung functioning and lung tumor while CACNA1G deals with lung functioning and 

uterine tumor. Hence, most of the genes discussed above and discovered in our study play a role in 

the development of the lung tissue and functioning and also impact growth of lung tumor. Finally 

correlation values in Table 4 prove that the genes identified in this study are highly correlated with 

CCl1 (a gene which is already known to play a significant role in TB infection). 
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Chapter 5 

Conclusion and Future Directions 
 

In our thesis, we have investigated gene up regulation and down regulation to discover genes 

responsible for progression of TB. There are certain genes in every phenotype which co-regulate 

each other making up structural relationship. Our study has found 21 genes which are co-regulated 

with CCL1 and like CCL1 also influence the host susceptibility to TB and discriminate between 

different clinical types of TB. Studies such as these would facilitate further studies to understand the 

implication of gene-gene interactions for TB development and may lead to the introduction and 

discovery of new drugs and vaccines for TB. In this chapter, we summarize the whole research work 

carried out in this thesis. A discussion on possible future directions is also presented at the end of this 

chapter. 

 

5.1 Conclusion  

In this thesis, we have employed hierarchical clustering to find functionally related genes and 

propose the use of different distance metrics to analyze and compare gene expression. We have 

explored two different dissimilarity measures (Fisher distance and Kullback-leibler distance) in 

addition with Pearson correlation coefficient and used the dissimilarity estimates for hierarchical 

clustering. We identify 21 new genes which are highly correlated with CCl1. Most of the 21 genes 

discovered are found to play a role in lung functioning and development and some are also seen to be 

active in spread of certain tumors. Hence, some new co-regulated genes of CCl1 have been 

discovered which were previously unknown. By targeting such co-regulated genes of CCl1 there will 

be a hope in drug discovery process. Studies such as these would facilitate the introduction of new 

TB drugs and vaccines. 

 

5.2 Future Directions 

In this research, we have used hierarchical clustering and different dissimilarity measures to find co-

regulated genes responsible for TB susceptibility.  There are some other techniques like k-means and 

Dbscan which could be used employing different dissimilarity measures to discover further clusters. 
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Moreover, other genes responsible for causing TB could also be found and can help in differentiating 

between different forms of TB.  
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