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ABSTRACT 

Identifying Regulatory Patterns at the 3'end Regions of Over-expressed and Under-

expressed Genes 

Ghofran Othoum 

 

Promoters, neighboring regulatory regions and those extending further 

upstream of the 5’end of genes, are considered one of the main components 

affecting the expression status of genes in a specific phenotype. More recently 

research by Chen et al. (2006, 2012) and Mapendano et al. (2010) demonstrated 

that the 3’end regulatory regions of genes also influence gene expression. However, 

the association between the regulatory regions surrounding 3’end of genes and 

their over- or under-expression status in a particular phenotype has not been 

systematically studied. The aim of this study is to ascertain if regulatory regions 

surrounding the 3’end of genes contain sufficient regulatory information to 

correlate genes with their expression status in a particular phenotype. Over- and 

under-expressed ovarian cancer (OC) genes were used as a model. Exploratory 

analysis of the 3’end regions were performed by transforming the annotated regions 

using principal component analysis (PCA), followed by clustering the transformed 

data thereby achieving a clear separation of genes with different expression status. 

Additionally, several classification algorithms such as Naïve Bayes, Random Forest 

and Support Vector Machine (SVM) were tested with different parameter settings to 

analyze the discriminatory capacity of the 3’end regions of genes related to their 

gene expression status. The best performance was achieved using the SVM 
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classification model with 10-fold cross-validation that yielded an accuracy of 98.4%, 

sensitivity of 99.5% and specificity of 92.5%. For gene expression status for newly 

available instances, based on information derived from the 3’end regions, an SVM 

predictive model was developed with 10-fold cross-validation that yielded an 

accuracy of 67.0%, sensitivity of 73.2% and specificity of 61.0%. Moreover, building 

an SVM with polynomial kernel model to PCA transformed data yielded an accuracy 

of 83.1%, sensitivity of 92.5% and specificity of 74.8% using 10-fold cross-

validation for evaluation. These clustering and classification analyses strongly 

suggest that the regions surrounding the 3’end of genes contain sufficiently rich 

regulatory information to discriminate between over- and under-expressed genes; 

at least in the case of genes implicated in OC. 

 



ACKNOWLEDGEMENTS 

I would like to express my sincere gratitude to my supervisor Prof. Vladimir Bajic for his 

patience and well-directed guidance throughout this project. His multi-disciplinary 

academic and professional advice helped me to develop as a graduate student and a 

professional researcher. I would also like to thank Mario Messih for providing the 

redundancy removal program and MD. Shariful Bhuyan for providing the motif mapping 

program. To my fellow classmates and colleagues, I could not have achieved my goal 

without your support: especially Enas Ahmed, Rawan Olayan, Rihab Bahbri and Arturo 

Magana Mora. My deepest gratitude of all goes to my mother for always giving me the 

motivation to reach my goals and the support to keep going.   

 

 

 

  



7 
 

TABLE OF CONTENTS 

 

EXAMINATION COMMITTEE APPROVALS FORM ............................................................................. 2 

ABSTRACT ......................................................................................................................................... 4 

ACKNOWLEDGEMENTS .................................................................................................................... 6 

TABLE OF CONTENTS........................................................................................................................ 7 

LIST OF ABBREVIATIONS .................................................................................................................. 9 

LIST OF ILLUSTRATIONS.................................................................................................................. 11 

LIST OF TABLES ............................................................................................................................... 12 

Chapter 1........................................................................................................................................ 13 

Introduction ................................................................................................................................... 13 

1.1. Background and Related Work ........................................................................................... 13 

1.2. Motivation........................................................................................................................... 19 

1.3. Thesis Organization ............................................................................................................. 19 

Chapter 2........................................................................................................................................ 21 

Methodology .................................................................................................................................. 21 

2.1. Data Mining Methods and Concepts .................................................................................. 21 

2.1.1. Data Mining Algorithms ............................................................................................... 23 

2.1.2. Classification Performance Measures .......................................................................... 24 

2.2. Dataset Description............................................................................................................. 26 

2.2.1. Data Extraction............................................................................................................. 26 

2.3. Ab Initio Motif Family Identification ................................................................................... 27 

2.4. Redundancy Removal ......................................................................................................... 30 

2.5. Annotation and Feature Vector Creation ........................................................................... 32 

2.6. Methodology for Experiment Setup ................................................................................... 34 

2.6.1 Clustering Analysis ........................................................................................................ 35 

2.6.2 Classification Analysis ................................................................................................... 38 

2.6.2. Prediction Model ......................................................................................................... 39 

Chapter 3........................................................................................................................................ 41 

Results and Discussion ................................................................................................................... 41 



8 
 

3.1. Results ................................................................................................................................. 41 

3.1.1 Clustering Analysis Results ............................................................................................ 41 

3.1.2 Classification Analysis Results ....................................................................................... 45 

3.1.3 Prediction Model Performance ..................................................................................... 46 

3.2. Discussion............................................................................................................................ 47 

Chapter 4........................................................................................................................................ 52 

Conclusion ...................................................................................................................................... 52 

REFERENCES ................................................................................................................................... 54 

APPENDIX A .................................................................................................................................... 59 

 

  



9 
 

LIST OF ABBREVIATIONS 

 

A   Adenine 

bp   Base Pair 

CHR   Chromosome  

CPSF    Cleavage and Polyadenylation Specificity Factor 

CS   Cleavage Site 

CStF    Cleavage Stimulation Factor 

DNA    Deoxyribonucleic Acid 

DCPS   Downstream Core Polyadenylation Signal 

G   Guanine 

mRNA   Messenger Ribonucleic Acid  

microRNA              Micro Ribonucleic Acid  

OC                            Ovarian Cancer 

OGs   Oncogenes 

OSs   Onco-suppressors 

PCA                                 Principal Component Analysis 

PWM   Position Weight Matrix 

RNA   Ribonucleic Acid  

nt   Nucleotide 

SVM    Support Vector Machine 

T   Thymine 



10 
 

U   Uracil 

UCPS   Upstream Core Polyadenylation Signal  

UTR    Untranslated Region   



11 
 

LIST OF ILLUSTRATIONS 

 

Figure 1.1: 3'end processing site ................................................................................................... 15 

Figure 2.1: Summary of the experimental paradigm ..................................................................... 36 

Figure 3.1: Clustering of oversampled data ................................................................................... 41 

Figure 3.2: Principal component 2 versus principal component 1 ................................................ 42 

Figure 3.3: Principal component 3 versus principal component 1 ................................................ 43 

Figure 3.4: Principal component 3 versus principal component 2 ................................................ 43 

Figure 3.5: K-means clustering of transformed data into two clusters ......................................... 44 

Figure 3.6: K-means clustering of transformed data into four clusters ......................................... 45 

  

file:///C:/Users/ghofran/Desktop/GhofranThesis4.docx%23_Toc357262099
file:///C:/Users/ghofran/Desktop/GhofranThesis4.docx%23_Toc357262100
file:///C:/Users/ghofran/Desktop/GhofranThesis4.docx%23_Toc357262106


12 
 

LIST OF TABLES 

 

Table 2.1: Confusion matrix ........................................................................................................... 25 

Table 2.2: Sample of the generated BED file ................................................................................. 27 

Table 2.3: DMF experiments summary .......................................................................................... 30 

Table 2.4: A sample list containing consensus sequences for 10 unique motif families for over- 

and under-expressed genes ........................................................................................................... 32 

Table 2.5: Genes annotated with identified motif families ........................................................... 33 

Table 2.6: Subset caption of the feature vector ............................................................................ 34 

Table 3.1: Clustering results into two clusters ............................................................................... 44 

Table 3.2: Clustering results into four clusters .............................................................................. 44 

Table 3.3: 5-fold cross-validation with SMOTE .............................................................................. 45 

Table 3.4: 10-fold cross-validation with SMOTE ............................................................................ 46 

Table 3.5: 10-fold cross-validation evaluation ............................................................................... 47 

Table 3.6: 10-fold cross-validation on transformed data .............................................................. 47 

Table A.1: Selected motif families identified in over-expressed genes sequences using under-

expressed genes sequences as the background…………………………………………………………………………59 

Table A.2: Selected motif families identified in under-expressed genes sequences using over-

expressed genes sequences as the background ............................................................................ 59 

Table A.3: Selected motif families identified in over-expressed genes sequences using non-OC 

genes as the background ............................................................................................................... 60 

Table A.4: Selected motif families identified in under-expressed genes sequences using non-OC 

genes as the background ............................................................................................................... 60 



13 
 

Chapter 1 

Introduction 

This chapter includes the biological background behind this work along with related 

work in which experimental and computational techniques were utilized to analyze the 

3’end region. Furthermore, the aim and motivation behind this work are introduced in 

section 1.2. The chapter is concluded with an outline of the remainder of the thesis in 

section 1.3.  

1.1. Background and Related Work   

The combinatorial expression of genes in a cell determines cell differences and cell 

function specialization. Thus, DNA mutations, whether hereditary or acquired, can 

adversely affect cell function as they may affect gene expression, for example, by 

altering the regions on DNA where regulatory proteins should bind, or by producing non-

synonymous changes in the coding sequence of genes encoding regulatory proteins, 

thus affecting synthesis of these proteins. Mutations of genes that are responsible for 

the regulation of cell division are closely related to cancer. Mutations in oncogenes can 

either be induced by transduction, insertion, mutagenesis, or chromosome 

translocation. In 2008, 70 germline mutations and 242 somatic mutations had been 

identified in cancerous cells (Furney et al., 2008). These mutations are found in two 

classes of genes that are actively participating in controlling cell division and have an 

antagonistic cascade of interactions: oncogenes (OGs) and onco-suppressors (OSs). Gain 

of function mutations in proto-oncogenes (these are genes responsible for the normal 

division of cells and the specialization of its function, (see Jankowski et al., 1992)) result 
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in their over-expression leading to uncontrolled division of cells. Three types of OGs 

have been identified based on the proteins they encode and the function they induce: 

growth factor OGs, signal transducer OGs, and nuclear factors encoding OGs. On the 

other hand, OSs are responsible for DNA repair and have an active role promoting 

apoptosis (programmed cell death). Thus, OSs participate in the suppression of 

uncontrolled division of cells (Aunoble et al., 2000). Cancer-related mutations in tumor 

suppressor genes yield them under-expressed or non-functional thereby inhibiting cell 

death related pathways. 

For proteins to be produced, DNA has to be transcribed into messenger RNA (mRNA) 

and then translated into proteins. Other than regions that code for proteins, mRNA has 

untranslated regions that control gene expression patterns and behavior. These regions 

contain specific structural features, represented in specific sequences that bind to 

different proteins participating in gene activation or deactivation. Thus, these regions 

are important regulators of gene expression level and the subsequent functional effect 

of this regulation (Mignone et al., 2002). The promoter region at the 5’end of the gene is 

an important regulatory region as it regulates transcription initiation and elongation. It 

contains specific binding sites for transcription factors that control selective gene 

expression and expression level. Of interest to our study is DNA transcription 

termination encapsulated mainly in the 3’end region. The importance of understanding 

the 3’end processing machinery is reflected in that a range of disorders and diseases are 

known to be related to the deregulation of this process (Danckwardt et al., 2008). 
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DNA transcription initiation, elongation and termination are the three main steps of 

DNA transcription. In eukaryotes, transcription termination is facilitated first by the 

endonucleotide cleavage of the last made RNA segment known as the cleavage site (CS) 

and the Polyadenylation or the addition of the poly (A) tail (Dreyfus et al., 2002). Three 

critical sequences are important in the 3’end mRNA processing machinery, shown in 

figure 1.1: the upstream core polyadenylation signal (UCPS) represented in 

AAUAAA hexamer or a variant of it located upstream of the cleavage site, the cleavage 

site (CS), and the downstream core polyadenylation signal (DCPS) represented in a G/U 

dense region 10-30 bp downstream of the cleavage site (Guanine (G) and Uracil (U) are 

two of the nucleotides that are considered building blocks for RNA; the other two are 

Adenine (A) and Thymine (T)).  

Binding of the cleavage stimulation factor (CStF) activates this signal that is critical for 

the efficiency of the 3’end processing machinery (Nielsen, 2008).  

 

 

Regulatory regions affecting gene expression have primarily been identified in the 5’ 

UTR, promoter region, and in the protein-coding region. Although the role of regulatory 

elements in the 3’end of genes has not been thoroughly investigated, it has been 

Figure 1.1: 3'end processing site 
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established that they have weighted influence on many levels.  At the pre-mRNA level, 

3’end regions play a critical role in cleavage, polyadenylation and mRNA 3’end formation. 

While, at the mRNA level, regulatory elements in the 3’end regions are important for 

maintaining mRNA stability and translation efficiency (Chen et al., 2006). The 3’end 

regions also contain microRNA targets that act as binding sites for microRNAs which are 

implicated in translation silencing in various phenotypes and pathologies. MicroRNAs are 

non-coding genes, transcribed as hairpin precursors that can negatively regulate gene 

expression. The incomplete base pairing between microRNAs and microRNA targets in 

mRNA facilitates this process. This incomplete pairing negatively affects translation by 

reducing mRNA levels as it leads to premature poly (A) tail cleavage. For instance, it has 

been demonstrated that microRNA let-7 plays an important role in the suppression of 

RAS (genes that produce proteins involved in activating cell growth and differentiation 

genes). Moreover, the role of microRNA-15a, microRNA-17-5p and microRNA-127 in the 

suppression of BCL-2, E2F1 and BCL6 respectively are additional examples 

demonstrating the important role of microRNAs in oncogenesis as all of the 

aforementioned genes are cancer implicated ones (Chen et al., 2012). The first 

association between cancerous genes and microRNAs was identified by Calin et al. 

(2002) as microRNA 15 and microRNA 16 were found to be frequently deleted in 

lymphocytic leukemia.  

Moreover, a link has been established between 3'end processing and the recycling of 

some transcription factors. For instance, defective mutations in the 3'end formation 
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process were found to result in lower transcription initiation rate (Mapendano et al., 

2010). 

In Koscianska et al. (2007), experimental and computational techniques have been 

employed to predict and validate possible targets for microRNAs in cancer-related genes 

(Koscianska et al., 2007). Computational experiments were focused on predicting the 

pairing between microRNA targets at the 3'end of the c-MYC oncogene and the let-7c 

microRNA. In each MYC mRNA, a binding site for let-7 microRNAs in the 3'end could be 

identified. Upon the inhibition of let-7 microRNA, increases in the transcript and protein 

levels were detected.  

Chen et al. (2006) aimed at cataloging 3’end disease associated regulatory 

characteristics based on their position and function in order to understand their effect 

on gene expression and whether they are putative regulatory regions or known 

ones(Chen et al., 2006). They analyzed 121 reported variants which are located in the 

3’end region of 94 genes associated with different pathologies such as α-thalassaemia, 

β-thalassaemia, and Insulin-like growth factor 1 deficiency among others. Each disease-

associated variant was catalogued based on its position in either the 3’ UTR or in the 3’ 

flanking region which was estimated to be 2000 bp downstream of the cleavage site. 

Individual cases with identified 3’end related mutations in the affected cases compared 

to the unaffected ones were studied. Upon studying the variants that were reported in 

the upstream region of the 3’end of the HBB (hemoglobin, beta) gene, it was found that 

they did not affect polyadenylation and cleavage. This finding suggested that the role of 

http://www.sciencedirect.com/science/article/pii/S1097276510007884
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the AATAAA heximer is not deterministic in affecting the cleavage process. However, in 

most of the cases, mutations in the 3’end region do not lead to complete loss of the 

gene functionality. Most of the reported variants functions have been well understood 

mostly because previous studies have focused on studying the effect of these mutations 

on the stability of mRNA but not on expression levels and transcript phenotype. The 

study further focused on 83 disease-associated 3’end regulatory regions located in the 

upstream region of 3’UTR to investigate the relationship between mRNA secondary 

structure and the function of these regulatory regions. It was observed that variants 

resulting from mutations residing in the region containing the upstream polyadenylation 

signal were most influential on gene expression level and thus has a role in forming the 

transcript phenotype. While, variants resulting from mutations from other regions were 

found to be polymorphisms that have minor effect on gene expression but still have a 

role in affecting the transcript phenotype.  

Potential positions of these variants were cataloged relative to the cleavage site in 

the pre-mRNA as follows: the upstream core polyadenylation signal that contains mostly 

AAUAAA heximers, the downstream core polyadenylation signal mostly rich in U/GU 

elements, the region extending from the last coding exon to the upstream 

polyadenylation signal termed the upstream sequence (USS) and the region extending 

between the UCPS and DCPS further divided into left and right relative to the cleavage 

site (CS).   
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1.2. Motivation 

Various pathological phenotypes have been reported to be the result of mutations 

occurring in the regulatory elements at the 3’ region of genes (a region longer than the 

5’ one). In this study, 3’end regions are focused on to investigate if regulatory regions 

residing in and around the 3’UTR contain sufficient information to discriminate between 

over- and under- expressed genes in relation to a specific phenotype, namely, ovarian 

cancer. Moreover, understanding the transcriptional activation and deactivation pattern 

of cancer genes provides a research premise to identify therapeutic targets in cancer 

therapy, including transcription factors and microRNAs. 

1.3. Thesis Organization  

This thesis is organized as follows; in the first chapter the main biological aspects 

pertaining to the problem at hand are introduced which include knowledge about over- 

and under- expressed cancer genes and the potential usages of 3’end sequences in 

cancer-related studies. The first chapter also includes related work and the motivation 

behind the research. The second chapter includes the methodology of how the 

computational experiments were set and conducted. Specifically, in section 2.1, data 

mining concepts and algorithms utilized in the experiments are explained. In section 2.2, 

the steps used to collect and utilize the data in the various experiments are described. 

Section 2.3 is a summary of the steps completed to identify the consensus sequences in 

the 3’end region. Sections 2.4 and 2.5 have illustrations of the techniques completed to 

remove redundancies from extracted motif families and steps completed to construct 
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the feature vector respectively.  

The third chapter is a summary of the obtained results and their consequent 

discussion and analysis. The fourth and last chapter includes summary of the conducted 

research and suggestions for future work. 
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Chapter 2 

Methodology 

Data mining and machine learning approaches were used to perform this study. 

2.1. Data Mining Methods and Concepts  

Data mining methods attempt to identify patterns in large datasets usually by finding 

the most distinguished characteristics of different classes within the data (Han et al., 

2006). These methods can incorporate different disciplines at different levels including 

machine learning, statistics and information theory.  

A data mining project usually requires critical data preprocessing steps, including 

redundancy and outlier removal, missing values handling and outliers and irrelevant 

variables detection. Moreover, building a data mining model requires the 

optimization/tuning of the utilized algorithm parameters in a way that yields the best 

prediction accuracy (Bishop, 2006). 

Algorithms, known as classifiers, are used to complete data mining tasks by finding 

discriminant patterns between different classes of data utilizing a set of instances with 

known class labels. This set of instances is referred to as the training dataset. After the 

classifier is trained to learn to which class an instance belongs, the classifier becomes a 

predictive model. The predictive capability of the model is assessed based on its ability 

to correctly classify instances with no assigned labels. This assessment is usually done 

using the dataset that is not used to build the model referred to as the testing dataset 

(Dunham, 2002). 
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Datasets used in data mining tasks are typically a collection of observations 

described by a set of features or attributes. Initially, many possible features that may be 

relevant to the problem are collected (Han et al., 2006). Thus, the chances of having 

redundant and unusable features are high and this may negatively affect the 

performance of the implemented prediction algorithms. This is usually mitigated by 

selecting a subset of features that are most relevant to the dataset and eliminating 

redundant and irrelevant variables as well as detecting outliers. Furthermore, if the 

number of features used to describe the data is high relative to the number of 

instances, the model may be overfitted (Dunham, 2002) in which case the model 

becomes over-tuned to the training data with less capacity to correctly predict the class 

label of new instances. This problem may be circumvented with various feature 

selection approaches that can be adapted where only some of the features are chosen 

in good coordination with the number of instances (Yu et al., 2002).  

In order to assess the performance of the built classification model, its predictive 

capability needs to be measured. One commonly used evaluation method is K-fold 

cross-validation (Bishop, 2006). In this type of validation, the dataset is divided into 

approximately K equal size subsets. Then one subset is reserved for testing, while the 

remaining K-1 subsets are used for model building. After that, from the original dataset, 

another subset is reserved for testing, while the remaining K-1 subsets are used to train 

the model. This is repeated until each of the K subsets is used for testing. The prediction 

results are then averaged for all K subsets (Larose, 2005).  
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2.1.1. Data Mining Algorithms 

One of the most commonly used algorithms for classification and regression analysis 

is SVM. Theoretically, SVM function utilizes a hyperplane that separates the different 

classes by finding the optimal marginal distance between the hyperplane and the closest 

training sample of one class (Russell et al., 2003). 

The use of Decision Trees as classification models is another commonly used data 

mining approach that uses information theory assessments to generate classification 

rules. Specifically, J48 is an implementation of C4.5 decision tree algorithm in which 

additional pruning of the tree is applied to prevent overfitting. This is done either with 

pre-pruning, which stops a branch construction if the data is predicted to be noisy or 

post-pruning which is conducted after the decision tree is constructed and involves 

getting rid of unreliable branches of the tree via error estimation. Information gain and 

entropy are calculated and used as assessment measures for the generation of decision 

rules (Quinlan et al., 1996). 

Random Forest is an ensemble of Decision Trees in which each constructed tree takes 

as input the instance to be classified and consequently outputs a vote for the class that 

it belongs to. The prediction value will be the class value that acquired the highest 

number of votes from all constructed trees.  

Random Forest provides imbedded feature selection as a random number of features 

is selected iteratively to have the best tree split. The trees in Random Forest do not 
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undergo any pruning and grow completely. Each tree has an estimated error value that 

is computed by training and testing the tree. 

Another commonly used classification model is Naïve Bayes. It is a probabilistic 

model that assumes all variables contribute independently in influencing the class label 

of a specific instance, thus the term naïve. In spite of its simplicity, naïve bayes is often 

very effective and robust in its classification ability. The model utilizes Bayes’s theorem 

by assigning a posterior probability to each instance in the model. 

2.1.2. Classification Performance Measures 

Three main performance measures were used to assess each model: accuracy, 

sensitivity and specificity. 

The calculations used to assess the classifiers are based on values presented in the 

confusion matrix generated with each classification experiment. A confusion matrix is a 

tabulation of a model classification performance using the number of true positives, 

true negatives, false positives and false negatives. The first row of the confusion matrix 

represents instances classified as positive class while the lower row is a representation 

of instances classified as the negative class. The first column represents instances 

classified as positive: Instances that are correctly classified as positive (true positive) in 

the first row and negative instances that were incorrectly classified as positive (false 

negative) in the second row. The second column represents instances classified as 

negative: negative instances that were incorrectly classified as positive (false positive) in 

the first row and instances that are correctly classified as negative in the second row 
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(true negative). The total number of correctly and incorrectly classified instances is the 

sum of the diagonal values.   

 

 

  

 

 

Sensitivity, referred to as the true positive rate, is the ratio of how many instances 

were truly classified as positive (over-expressed genes) out of all instances that have 

been classified as positive (true positive and false negative). Specificity, referred to as 

true negative rate, indicates the ratio of how many instances were truly classified as 

negative(under-expressed) out of all instances that have been classified as negative(true 

negative and false positive). Accuracy indicates the ratio of truly classified instances out 

of all instances (true positive, true negative, false positive and false negative).  The sum 

of the true positive rate and the true negative rate should be 1. These measures are 

represented in the following equations: 

1. Accuracy   =   
     

           
 

2. Sensitivity =
  

     
   

3. Specificity =  
  

     
  

Table 2.1: Confusion matrix 

Actual 

Class 

                                  Predicted Class  

 
OGs (1)  OSs(0) 

OGs (1) 
True Positive  False Positive 

OSs (0) 
False Negative True Negative  
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Where TP is true positive, TN true negative, FP false positive and FN false negative. 

Another parameter considered when evaluating the models was kappa statistics. This 

measure is used to analyze the correlation between the predicted values and the actual 

values by finding the pair-wise agreement between them. A kappa value of 1 indicates 

complete agreement; a kappa value between 0.61 and 0.80 indicates significant 

agreement and a value of 0 indicates that the observed classification is by random 

chance. 

2.2. Dataset Description 

In order to extract the genomic sequences corresponding to ovarian cancer genes, 

Dragon Database for Exploration of Ovarian Cancer Genes (Kaur et al., 2009) was used. 

The database contains information about OC-implicated genes collected using reliable 

experimental evidence such as immunohistochemistry, RT-PCR and Western Blotting 

among other techniques. Out of the 397 human genes available in the database, 247 

genes were utilized with their corresponding expression status as over- or under-

expressed. The expression status data for the remaining 150 genes were not accessible.  

2.2.1. Data Extraction  

Since DNA sequence properties in the region surrounding the 3’end of the OC-

implicated genes are of interest, the necessary information was obtained using Galaxy 

systems (Goecks et al., 2010) and human genome version 19 (Kent et al., 2002). The 

gene end coordinates were provided in a BED file that describes the gene(Quinlan et al., 

2010) and contains information including mRNA_ID, start coordinate, end coordinate 
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and the strand direction, either positive or negative (Pruitt et al., 2012). The sequences 

were extracted 2000 bp upstream of the gene end coordinate and 2000 bp downstream 

of it. However, the 2000 bp downstream region had to be checked not to contain any 

transcription start site of a downstream gene and 2000bp upstream region was checked 

not to contain any transcription start site of the same gene. Thus the new coordinates 

for each extraction are: [end coordinate -2000, end coordinate +2000]. Based on these 

coordinates, the genomic sequence was extracted in a single FASTA file using Galaxy 

tool (Goecks et al., 2012). Table 2.2 shows a caption of the BED file. 

Table 2.2: Sample of the generated BED file 

Chromosome Start Coordinate End Coordinate mRNA ID Strand 

Chr1 212792119 212796119 NM_001030287 + 

Chr9 33262759 33266759 NM_004323 - 

chr11 129320174 129324174 NM_003658 - 

2.3. Ab Initio Motif Family Identification  

In order to find potentially important features of DNA sequence in the extracted 

regions, an ab initio identification approach was adapted. Transcription and gene 

expression are affected by the binding of regulatory proteins and their complexes to 

DNA (Griffiths et al., 2000). Ab initio identification of motif families (a collection of 

similar and relatively short sequences) is extensively used in promoter region 

annotation to identify putative transcription factor binding sites, but it can be used for 

annotation of any set of DNA sequences. In ab initio detection, motif families are first 
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identified based on how much they are overrepresented in the genomic sequence 

rather than relying on specific biological or experimental knowledge. A motif family can 

be modeled by a position weight matrices (PWMs), where each row represents one 

position in the motif family and each column corresponds to one of the four possible 

nucleotides represented by letters A, T, C, and G.   

Dragon Motif Finder (DMF) program (Marchand et al., 2011) was used to determine 

motif families in the DNA regions under study. Setting up the experiment required the 

specification of the number of motif families and the initial length of each motif family. 

The length is extended either by using the coverage criterion (coverage refers to the 

number of hits of a motif family in the DNA sequences) or by using information content 

measures. As DMF is a discriminant motif family identification method, it requires a 

background sequences that contains non-related genomic sequence as opposed to the 

target sequences in which enriched motif families are to be identified. Thus, based on 

the specified threshold, the optimal motif family will be the one that has the highest 

coverage in target set (ideally 100%) and lowest coverage in background set (ideally 0%). 

In the information content mode, the motif family length may be extended on both 

sides of the motif, until information content value becomes lower than a specified 

information content cutoff. The output of DMF contains the motif families found, and 

for each motif family it provides the PWM model of the motif family, the consensus 

sequence for the corresponding motif family, the threshold at which the motif family 

was found, the length with the optimal extension length, P-value, the coverage value in 
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the target sequences and the coverage value in the background sequences. The tables in 

appendix A, show the 10 top ranked motif families out of 400 motif families identified in 

this study. 

Final experimental parameters in DMF were set as follow: motif family length set to 

10, extension length set to 5 and threshold set to a range from 0.8 to 0.85. In the 

exploratory analysis, sequences corresponding to one expression status: over-

expression (206 genes) or under- expression (41 genes)) were used as the background 

sequences to the other. 

In the data used to build the classification model, additional 21 over-expressed OC-

implicated genes were added to the dataset that were identified in the meantime. In 

these set of experiments, extracted sequences corresponding to the over-expressed 

genes (227 genes) and under-expressed genes (41 genes) were used as the target set 

while the extracted sequences corresponding to genes that have not been 

experimentally verified to be linked or implicated with ovarian cancer (1000 sequences 

extracted from human genome version 9) were used as the background set. Table 2.3 is 

a summary of the conducted experiments in the motif family generation step. (See 

appendix for the results of the experiments).  
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Table 2.3: DMF experiments summary 

Experiment 
Number  

Target File Background File 

1 
Over-expressed 
genes sequences 

Non ovarian cancer 
genes 

2 
Under-expressed 
genes sequences 

Non ovarian cancer 
genes 

3 
Over-expressed 
genes sequences 

Under-expressed 
genes sequences 

4 
Under-expressed 
genes sequences 

Over-expressed genes 
sequences 

  

2.4. Redundancy Removal 

DMF frequently produces large set of motif families some of which may be similar to 

each other. In this section the methodology adapted to filter the list of obtained motif 

families using outlier and redundancy detection techniques to obtain the set of unique 

motif families is described. The used algorithm finds points that do not follow the 

general data distribution and from those that are similar to each other selects only one. 

The user must provide a confidence level that determines how much the unique motif 

families are representative of the original dataset. Thus, the initial collection of unique 

motif families are iteratively reduced until the confidence level is higher or equal to a 

user specified confidence level by varying the elimination threshold. After 
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experimenting with various confidence values, 95% was chosen to be used. The value 

could not be lower as it would significantly reduce the number of motif families and 

thus impede the classification step. Other than the confidence level, the algorithm 

requires the list of motif families (400 for each set) to be ranked based on a selected 

criterion (P-value in this case). It also requires a transposed representation of PWMs for 

each of the ranked motif families in a separate file. Table 2.4 shows 10 unique motif 

families and the expression status of the genes they were annotated to.   
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Table 2.4: A sample list containing consensus sequences for 10 unique motif families for 

over- and under-expressed genes 

Motif Family  Gene Expression Status  

CAAAAAAAAA Over-expressed 

TGYTBTAACAGTTCC Under-expressed  

ACTCCAGCCT Over-expressed 

TCTGAACAAGTGAGGGAC Under-expressed 

CCTGGCCAAC Over-expressed 

CACACCCAGCTAAT Under-expressed 

ATCCCAGCAC Over-expressed 

AAATGCCAWAATA Under-expressed 

GCTGAGGCAG Over-expressed 

GGGGRCTGGGTTYCCC Under-expressed 

 2.5. Annotation and Feature Vector Creation 

The identified motif families were mapped back to the original sequences in order to 

annotate each motif family to the gene it was found in and provide information such as 

the frequency in which it was found, the start and end coordinate in which it resides, 

the strand direction it was mapped to and the matching score of this annotation as 

shown in table 2.5.  
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Table 2.5: Genes annotated with identified motif families 

Gene Motif Family  Start  End Score Strand 

hg19_chr1_172634012_172638012_+ Down_motif213 2484 2494 0.830246914 + 

hg19_chr1_172634012_172638012_+ Down_motif137 2997 3012 0.829268293 + 

hg19_chr1_172634012_172638012_+ Down_motif133 1107 1117 0.829493088 + 

hg19_chr1_172634012_172638012_+ Down_motif316 2993 3004 0.858934169 + 

hg19_chr1_172634012_172638012_+ Down_motif29 3094 3109 0.801498127 + 

hg19_chr1_172634012_172638012_+ Down_motif37 1053 1063 0.842639594 + 

hg19_chr1_172634012_172638012_+ Down_motif196 2825 2838 0.812903226 + 

hg19_chr1_172634012_172638012_+ Down_motif371 2340 2350 0.808580858 + 

hg19_chr1_172634012_172638012_+ Down_motif371 2443 2453 0.818481848 + 

hg19_chr1_172634012_172638012_+ Down_motif171 406 416 0.874458874 + 

hg19_chr1_172634012_172638012_+ Down_motif347 3403 3413 0.802768166 + 

hg19_chr1_172634012_172638012_+ Down_motif344 1159 1169 0.897350993 + 

hg19_chr1_172634012_172638012_+ Down_motif344 1174 1184 0.804635762 + 

hg19_chr21_30716469_30720469_+ Up_motif57 777 787 0.806779661 - 

hg19_chr21_30716469_30720469_+ Up_motif57 1527 1537 0.818644068 - 

hg19_chr21_30716469_30720469_+ Up_motif57 3809 3819 0.805084746 - 

hg19_chr21_30716469_30720469_+ Up_motif80 1588 1598 0.893324157 - 

hg19_chr21_30716469_30720469_+ Up_motif264 3832 3842 0.80631797 - 

hg19_chr21_30716469_30720469_+ Up_motif246 3870 3880 0.807757167 - 

hg19_chr21_30716469_30720469_+ Up_motif150 2771 2781 0.89055794 - 

  

     The file was post-processed in order to create the feature vector that contains 

mapped motif families and their frequencies with respect to each gene, providing the 

initial feature vector. Table 2.6 shows a subset caption of the feature vector. 
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Table 2.6: Subset caption of the feature vector 

Under_motif171_Frequency Up_motif347_Frequency 

0 0 

2 0 

0 0 

2 0 

0 1 

1 0 

0 0 

0 0 

1 0 

1 1 

 

For the classification model, the motif families generated from the set of 186 over-

expressed genes were mapped to the remaining 41 over-expressed subset and 41 

under- expressed subset. 

2.6. Methodology for Experiment Setup   

The first set of experiments aimed at conducting exploratory analyses of the 3’end 

region in OC-implicated genes. The experiments aimed at determining if this region is 

enriched with regulatory elements that have distinguished properties to discriminate 

between over- and under-expressed genes. Experiments included clustering analysis 

followed by the application of classification techniques: Naïve Bayes, Random Forest 

and SVM with linear and polynomial kernels. The models were evaluated using 5- and 

10-fold cross-validation. The second set of experiments was conducted to tune the 
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parameters of a classification model that is capable of predicting new available 

observations as either over- or under- expressed based on the available extracted data. 

For this set of experiments, only a subset of the data was used to extract the motif 

families and not the entire data. Exploratory analysis of the data was incorporated 

adding synthetic instances using SMOTE (Synthetic Minority Oversampling Technique) to 

the minority class containing under-expressed genes in order to have balanced 

distribution between the two classes. This was a critical step in order to allow a clear 

visualization of the distribution generated by clustering and classifying these OC-

implicated genes. However, the prediction model did not incorporate any synthetic 

instances. Figure 2.1 summarizes the experimental approaches described above. 

2.6.1 Clustering Analysis 

In order to analyze if observations that have the same expression status share 

common characteristics, K-means clustering was applied. In this method, k points 

referred to as centroids are allocated in the data in a way that each other point can be 

clustered to either of the K groups based on their proximity to a specific centroid. These 

steps are repeated iteratively until each point is allocated to a specific cluster.  

The first step in the analysis was to cluster the data utilizing 206 overexpressed genes 

and 41 under expressed genes. This did not result in a clear visualization of the data 

clustering due the imbalanced nature of the data as the under-expressed class was 

about 5 times smaller than the over-sampled class. Thus the number of instances in the 

under-sampled class was oversampled using SMOTE in which instances were added to   
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Over-expressed 

Genes (206)   

Under-expressed 

Genes (206)   
Over-expressed 

Genes (206) 

Clustering of original dataset 

Under-expressed 

Genes (41)  

Clustering of original dataset 

with SMOTE 

Clustering of PCA transformed          

dataset 

Over-expressed 

Genes (206) 

Under-expressed 

Genes (206) 

Classification model 

With SMOTE Over-expressed 

Genes (206) 

Under-expressed 

Gene (varies)  

Predication model 

 

Over-expressed 

Genes (41) 
Under-expressed 

Gene (41)  

Figure 2.1: Summary of the experimental paradigm 
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the under-expressed class to circumvent the unbalanced nature of data. This 

unfavorable situation, where the distribution of instances between the different classes 

is significantly skewed result in a minority class that doesn’t contain enough instances 

for the model to use in learning. Other options to circumvent unbalanced datasets are 

not always applicable. For example, reducing the number of instances in the majority 

class can be a biased approach as it may cause the removal of instances that are 

relevant to the classification problem (Yang P, 2011).  

Specifically in SMOTE, each synthetic minority class instance is processed by taking 

‘feature values’ along the line segments joining K minority class nearest neighbor 

instances (or all instances). 

Moreover, to examine any underlying aggregation of the over-sampled dataset, PCA 

transformation was applied. PCA is a transformation technique in which the variables in 

the dataset are orthogonally transformed into new variables annotated as principal 

components that are linearly uncorrelated. Furthermore, the first principal component 

accounts for the biggest variance of the data. Thus, PCA can be used to reveal the 

internal structure of the data as it emphasizes its variance. 

Plotting the third principal component against the first principal component revealed 

some of the distinct characteristics of the two classes of the dataset. Consequently, 

these transformed principal components were clustered using k means clustering which 

revealed that the genes can be separated as all of the under-expressed ones were 

clustered in one cluster while the over-expressed ones fell into three clusters: 186 over-
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expressed genes as one cluster, 19 in another and one cluster had only 1 over-expressed 

gene.  

2.6.2 Classification Analysis 

 

In this step, classification techniques were utilized to see if observations having two 

different expression statuses can be correctly classified based on consensus sequences 

in the 3’end region.  The positive class, represented by the value 1, was assigned to the 

over-expressed set. The negative class, represented by the value 0, was assigned to the 

under-expressed set. Furthermore, the number of available observations was 247. The 

class with over-expressed genes contains 206 instances, none of which is synthetic.  The 

class with under-expressed genes contains 41 original observations and 165 synthetic 

ones. Thus, the total number of observations used to build the model was 412 (206 

over-expressed genes and 206 under-expressed genes). 400 motif families were 

generated using DMF and annotated to these two set of genes. The parameters 

described in section 2.3 were used. These experiments were carried out using each set 

(over- and under-expressed sets) as the background for each other. The redundancy 

removal algorithm yielded 139 motif families for over-expressed genes and 238 motif 

families for under-expressed genes for a total of 377 motif families. 

K-fold cross-validation was used to evaluate the classifier. In this evaluation method, 

the dataset was randomly divided into K disjoint subsets (folds), with each fold 

containing approximately the same number of records. For each subset, a classifier is 

constructed using K-1 of the K folds and tested on the Kth. Moreover, an additional 
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feature to the K-fold cross-validation was added. This feature allows the addition of 

SMOTE instances to each training subset in each fold. After the classifier is built using 

the training data with synthetic instances and tested on the remaining subset, a new 

training subset is selected and the steps are repeated. .Then, performance measures are 

averaged to provide an estimate for the classier accuracy constructed using all instances 

in the data. The classification techniques used are SVM with linear, polynomial kernels, 

Naïve Bayes and Random Forest. In the first set of experiments, 10-fold cross-validation 

was utilized and 5-fold in the second set of experiments.  

2.6.2. Prediction Model 

In order to build a classification model capable of predicting new instances with 

unknown class label, new set of experiments were conducted by changing the 

methodology adapted to generate the motif families used to train the model. Instead of 

using the whole set of observations to extract the motif families, only 186 observations 

from the over-represented set were used. The extracted motif families were then 

mapped to the remaining 41 over-expressed and 41 under-expressed genes yielding a 

feature vector containing 330 unique motif families. DMF experiments were set up using 

non-ovarian cancer related genes as the background set. 

Using the dataset generated for the classification model, 10-fold cross-validation was 

used to evaluate it. Decision Tree, SVM with different kernels and Random Forest are 

the three classification techniques utilized in the experiments.   
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The same classification algorithms were tested after transforming the data using PCA. 

For each fold in 10-fold cross-validation, the transformation was only applied on the 

training subset. Subsequently, the generated transformation matrix is applied to the 

testing subset in each of the 10 iterations.  
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Chapter 3 

Results and Discussion 

In this chapter the results obtained from conducting the various exploratory analysis 

experiments are described as follow: section 3.1.1 has clustering results, section 3.1.2 

has classification results and section 3.1.3 has the prediction model performance 

evaluation statistics. Section 3.2 is the discussion of these obtained results.  

3.1. Results 

3.1.1 Clustering Analysis Results 

The first step conducted to assess the separation between the two classes was 

clustering the oversampled and non-transformed data. Applying K-means clustering did 

not result in any significant discrimination between the two classes (figure 3.1), where 

observations annotated with blue and red represents over- and under-expressed genes, 

respectively. 

 

Figure 3.1: Clustering of oversampled data 

 

Instances  Cluster 1  

Cluster 2 
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After the available observations were orthogonally transformed using PCA, the first 

three principals were plotted against each other as they account for most of the 

variance in the new data. Specifically, principal component two is plotted against 

principal component one in figure 3.2, principal component three against principal 

component one in figure 3.3 and principal component three against principal 

component two in figure 3.4.  These figures show how the two classes of genes 

aggregate separately.  

 

 

 

Figure 3.2: Principal component 2 versus principal component 1 

  

Principal 

Component 1 

Principal 

Component 2 
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Figure 3.3: Principal component 3 versus principal component 1 

 

 

               Figure 3.4: Principal component 3 versus principal component 2 

 

Applying K-means clustering to the transformed data yielded clear visualization of the 

distinctive separation of the two classes as seen in figures 3.5 and 3.6.  All of the under-

expressed genes were correctly clustered together while over-expressed ones were 

separated into more than one cluster as shown in the tables 3.1 and 3.2.  

The separation between the two classes upon mapping some of the principal 

components against each other and the results obtained from clustering all principal 

Principal 

Component 1 

Principal 

Component 3 

Principal 

Component 2 

Principal 

Component 3 
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components into two clusters (as shown in figure 3.5) or into four clusters (as shown in 

figure 3.6) indicate that the motif families identified in the over-expressed set are 

different than those identified in the under-expressed set. 

Table 3.1: Clustering results into two clusters 

Cluster 

Number  

Number of Over-

Expressed Genes 

Number of Under-

Expressed Genes  

Majority Class 

1 9 206 Under-expressed 

2 197 0 Over-expressed 

 

 

Table 3.2: Clustering results into four clusters 

Cluster 

Number  

Number of Over-

Expressed Genes 

Number of Under-

Expressed Genes  

Majority Class 

1 19 0 Over-expressed 

2 186 0 Over-expressed 

3 0 206 Under-expressed 

4 1 0 Over-expressed 

 

 

 

Figure 3.5: K-means clustering of transformed data into two clusters 

 

Instances  

Cluster 2 

Cluster 1  



45 
 

 

 

 

Figure  

 

 

 

 

 

 

3.1.2 Classification Analysis Results 

The second step in the analysis involved the employment of various classification 

techniques to analyze any underlying pattern in the generated dataset. The utilized 

algorithms are SVM with linear and polynomial kernels, Naïve Bayes and Random 

Forest. Tables 3.3 and 3.4 summarize the results obtained using SMOTE and applying 5- 

and 10-fold cross-validation respectively. 

 

Table 3.3: 5-fold cross-validation with SMOTE 

Algorithm Accuracy Sensitivity  Specificity  

SVM (Linear) 97.2% 99.5% 85.0% 

SVM (polynomial) 91.5% 97.6% 61.1% 

Random Forest (60 trees ) 91.9% 99.5% 54.4% 

Naïve Bayes 67.5% 71.0% 51.0% 

Instances  
Cluster 1 

Cluster 2 

Cluster 3 

Cluster 4 

Figure 3.6: K-means clustering of transformed data into four clusters 
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Table 3.4: 10-fold cross-validation with SMOTE 

Algorithm  Accuracy Sensitivity  Specificity  

SVM (Linear) 98.4% 99.5% 92.5% 

SVM (polynomial) 90.2% 96.6% 61.0% 

Random Forest (60 trees ) 91.9% 99.5% 54.5% 

Naïve Bayes  64.0% 66.0% 51.4% 

 

SVM with linear kernel, which had the best performance among the classifiers, had 

an accuracy of 98.4%, specificity of 99.5%and sensitivity of 92.5% in 10-fold cross-

validation.  

3.1.3 Prediction Model Performance 

The total number of genes used to train and test the model was 82; 41 of which were 

verified to be under expressed in ovarian cancer cells and 41 were found to be 

overexpressed. The number of features generated to train the model was 330 features 

representing motif families that are enriched in a subset of 186 observations from the 

over-expressed set. This step was necessary to assure that the prediction model is not in 

any way dependent on the available data. Using these motif families, the model ability 

to predict new instance as either over or under- expressed was evaluated. Decision 

trees, SVM (with linear polynomial and radial kernels) and Random Forest (with 10, 50 

and 100 trees) were evaluated as classifiers. Table 3.5 shows the performance of the 

prediction model using 10-fold cross-validation. 
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Table 3.5: 10-fold cross-validation evaluation 

Algorithm  
 

Accuracy  Sensitivity   Specificity  

J48 Decision Tree 
 

50.0% 56.1% 43.9% 

SVM with linear kernel  
 

64.6% 73.2% 56.1% 

SVM with polynomial kernel  65.8 % 73.2% 
 

58.5% 

SVM with radial kernel 
 

67.0% 73.2% 61.0% 

Random Forest (10 trees) 
 

40.2% 43.9% 36.6% 

Random Forest (50 trees) 
 

40.2% 48.8% 31.7% 

Random Forest (100 trees) 
 

36.5% 41.5% 31.4% 

 

SVM with radial kernel yielded the best results with an accuracy of 67.0%, sensitivity 

of 73.2% and specificity of 61.0%. Transforming the data using PCA significantly 

enhanced the results in case of the SVM with polynomial kernel as it yielded an accuracy 

of 83.1%, sensitivity of 92.5% and specificity of 74.5% evaluated with 10-fold cross-

validation. Table 3.6 demonstrates the performance of the prediction model using 10-

fold cross-validation on transformed data for the best three classifiers. 

   

Table 3.6: 10-fold cross-validation on transformed data 

Algorithm  
 

Accuracy  Sensitivity   Specificity  

SVM with linear kernel  76.2% 77.4% 75.5% 

SVM with polynomial kernel  83.1% 92.5% 74.8% 

Random Forest(60 trees)  48.5% 43.3% 53.6% 

3.2. Discussion 

In this study through an exploratory analysis of the data, it was shown that the 3’end 

gene regions contain sufficient information to distinguish the group of genes that are 
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over-expressed from those that are under-expressed in ovarian cancer. This objective 

was achieved using K-means clustering of PCA transformed data. The resultant four 

clusters perfectly separated the two gene groups. One cluster contained only samples 

from the under-expressed genes, while the other three clusters contained only samples 

from the over-expressed genes. 

Separation between two groups of observations is often investigated using clustering 

algorithms that group instances with common characteristics in one cluster. Therefore, 

402 observations were clustered into two clusters using K-means clustering algorithm. 

However, there was no clear separation evident between the two clusters. Similarly, 

when the data was clustered into four clusters, it was not possible to have clear 

separation of the two gene groups. Consequently, the original data was transformed 

using PCA to see if better separation between the two gene classes could be achieved.  

Representing the data instances in the place of 3rd principal component and 1st 

principal component, indicated a more clear separation of the two gene classes, though 

far from complete. All PCA coordinates were used for the dataset when performed K-

means clustering into two clusters and for four clusters. When this PCA-transformed 

data was clustered into only two clusters, the separation between the two gene groups 

was rather good but not perfect as 9 instances from over-expressed genes fell into the 

cluster that contained all under-expressed genes. When the data was clustered into four 

clusters, the separation between the two gene groups was perfect. 
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The information richness of the 3’end gene regions was further explored by 

developing a classifier trained to distinguish the two gene groups. SVM classifier with 

the linear kernel was used and 10-fold cross-validation test was applied. In order to 

balance the samples form the two classes during the training phase, SMOTE technique 

was used to artificially create new samples of the minority group. The achieved accuracy 

was over 98%. The model was evaluated using 10-fold cross validation with SMOTE 

instances added to the under-sampled class of the training subset in each iteration. The 

synthetic instances were generated based only on instances in the training subset and 

added only to it and the testing subset was not modified in all iterations. These results, 

along with clustering results, verified that sequences in the 3’end of genes could 

potentially be regulatory elements that are distinctively different between genes that 

are over-expressed and genes that are under-expressed in ovarian cancer cells. This 

finding suggests that elements in the 3’end of genes may have an important role related 

to the expression level of ovarian cancer implicated genes. 

The generated dataset used in the exploratory analysis contained 247 genes, 206 of 

which have an over expression status and 41 have an under-expression status. From this 

set 377 unique motif families were generated by DMF and used to annotate to a set of 

247 genes. The distribution of instances between the two classes is significantly 

unbalanced. This caused inferior results in both clustering and classification as the 

majority class is about 5 times larger than the smaller class. To mitigate this issue, 

synthetic instances were generated and added to the minority class using SMOTE 



50 
 

technique in order achieve balanced class distribution (206 instances with over-

expression status and 206 instances with under-expression status). 

In the above-explained exploratory data analysis motif families of short DNA 

sequences found in the 3’end regions of genes were derived using the whole set of 247 

genes. Thus, it was not possible to create a fully independent set of genes to assess the 

classification accuracy on completely new samples.  Thus, in spite of the good results 

obtained above, the challenge remained to build a classifier model capable of 

determining if a gene with unknown expression status is over- or under-expressed 

utilizing only features in the 3’end of genes. To do this experimental procedure had to 

be changed by separating the data into a set used to generate the features and a set 

used to train and test the models in K-fold cross-validation. Moreover, the dataset was 

also somewhat expanded by adding 21 new examples of over-expressed genes in 

ovarian cancer that were found in the meantime yielding 227 over-expressed genes. In 

the train/test set, 41 under-expressed genes were included and 41 over-expressed 

genes were randomly selected from the set of 227 over-expressed genes. Thus, form the 

remaining 186 over-expressed genes, 330 unique motif families were  generated by 

DMF and used in annotating the remaining 82 independent samples (41 from over-

expressed genes and 41 from under-expressed genes). One should note that in the 

exploratory analysis the motif families were extracted from all under-expressed genes 

and 206 over-expressed genes.  
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The classification model was developed and its performance evaluated utilizing these 

82 instances. Since the class distribution is not skewed, no synthetic data were added to 

the minority class. Experiments were carried out with Random Forests, SVMs and J48 

Decision Tree and evaluated with 10-fold cross-validation. The best predictive accuracy 

was obtained using the SVM model with radial basis function kernel that in 10-fold 

cross-validation yielded only 67.0%. However, building an SVM with polynomial kernel 

model to PCA transformed data and using 10-fold cross-validation evaluation yielded an 

accuracy of 83.1%.  

Although the prediction results obtained upon evaluating the model are encouraging, 

it is reasonable to attribute the degradation of the performance of models, compared to 

the ones built in the exploratory analysis, to the fact that motif families (used as 

annotation features) were determined using only part of the over-expressed genes. 

Since not enough instances were available to generate sufficiently representative 

training and test sets, one option is to apply a variant of leave-one-out approach to 

assess the performance of the different classifiers as determined in the exploratory 

phase. However, this is a computationally demanding approach since in each validation 

fold motif families will have to be determined from the training data. Also, a future step 

would be to better tune the model by changing its parameters and by experimenting 

with other machine learning techniques.   
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Chapter 4 

Conclusion 

This research aimed to investigate if the region surrounding the 3’end contains 

enough regulatory information to discriminate between over- and under-expressed 

genes by conducting various computational experiments. It also aimed to build a 

classification model that can classify new instances as either under expressed or over 

expressed using regulatory elements in the 3’end.  

In the exploratory analysis, 377 unique motif families were generated by DMF using a 

dataset containing 206 genes with over expression status and 41 with under-expression 

status. Synthetic instances were added the under-sampled class that were generated 

using samples from the same class, yielding 206 instances in the class of  over-expressed 

genes and 206 instances in the class of under-expressed genes. K-means clustering 

technique resulted in clear separation between the two classes and classification 

experiments resulted in an accuracy of 98.4% using 10-fold cross-validation as the 

evaluation method.  

Furthermore, from a set of 186 over-expressed genes, 330 unique motif families 

were generated by DMF. These motif families were mapped to the list of the remaining 

41 over-expressed and 41 under-expressed genes. The constructed classification model 

performed with 67.0 % accuracy, sensitivity of 73.2% and specificity of 61.0%. 

Moreover, constructing a classification model to PCA transformed data, using SVM with 

polynomial kernel algorithm and evaluated using 10-fold cross-validation method 

yielded an accuracy of 83.1%. These results verified that different regulation-related 
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motif families are found in over- and under- expressed ovarian cancer genes. In future 

work, other types of features may be found effective in investigating the enrichment of 

this region, such as those based on the k-mers. 
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APPENDIX A 

Motif Families Identification 

 

 

Table A. 1: Selected motif families identified in over-expressed genes sequences using 

under-expressed genes sequences as the background 

Consensus Sequence  P-value Threshold Length Information 

Content   

Coverage in 

Target  

Coverage In 

Background 

AGGCTGGAGT 2.10E-03 0.85 10 16.97 79.3 56.1 

CAGGCAGCTG 1.05E-02 0.8 10 13.13 96.48 85.37 

GGAGRCAGAG 1.51E-02 0.8 10 14.76 97.36 87.8 

CCCTCAGCTY 1.65E-02 0.85 10 13.75 82.38 65.85 

TCACCTGAGG 1.65E-02 0.8 10 14.54 82.38 65.85 

GGGTCTCACT 2.18E-02 0.85 10 17.45 44.93 26.83 

AGAAAAAAAA 2.30E-02 0.8 10 15.56 96.92 87.8 

GGAGSYTTTG 2.36E-02 0.85 10 12.9 88.99 75.61 

GGGGCCTCAG 2.91E-02 0.8 10 13.21 90.31 78.05 

GCCCAGGCTG 2.91E-02 0.85 10 17.55 78.85 63.41 

Table A. 2: Selected motif families identified in under-expressed genes sequences using 

over-expressed genes sequences as the background 

Consensus Sequence  P-value Thres

hold 

Length Information 

Content   

Coverage in 

Target  

Coverage In 

Background 

WTTYTWATTTTTAATTTTA 2.55E-06 0.85 19 21.84 43.9 11.01 

GAGGCCGGGCGCGG 3.80E-06 0.85 14 21.77 29.27 3.96 

TATAAMTGAAAAAATT 4.62E-06 0.85 16 19.49 39.02 8.81 

TGYTBTAACAGTTCC 6.86E-06 0.85 15 18.03 34.15 6.61 

CCAGGCCGCCCCSSSCG 9.18E-06 0.85 17 21.01 26.83 3.52 

CTMCMSCCATGCCACC 1.00E-05 0.85 16 21.68 24.39 2.64 

AKTTTTGACACTATT 1.00E-05 0.85 15 18.97 24.39 2.64 
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CAAAAAAACTTTWT 1.39E-05 0.85 14 20.01 29.27 4.85 

TRTTAAAAGTTT 1.62E-05 0.85 12 17.59 51.22 18.06 

TCTGAACAAGTGAGGGAC 2.17E-05 0.85 18 19.09 24.39 3.08 

 

Table A. 3: Selected motif families identified in over-expressed genes sequences using 

non-OC genes as the background 

Consensus Sequence  P-value Threshold Length Information 

Content   

Coverage in 

Target  

Coverage In 

Background 

TYCTCCACAC 2.65E-25 8.50E-01 10 13.17 87.67 52.3 

CACTGKKTCT 9.89E-25 8.50E-01 10 12.98 87.22 52.2 

TTKGTGGDGA 6.14E-24 8.50E-01 10 12.5 87.22 52.9 

CCTTTCCCTC 3.20E-23 8.50E-01 10 14.2 92.51 61.3 

AGTGCAATGG 3.63E-23 8.50E-01 10 13.51 80.18 44.8 

TGTCTGTYTT 4.48E-23 8.50E-01 10 13.83 66.96 31.2 

TGGGGAGGGA 6.91E-22 8.50E-01 10 14.42 74.45 39.6 

TCTGTGTGGC 3.03E-21 8.50E-01 10 13.69 78.41 44.5 

CACACACACA 5.88E-21 8.00E-01 10 13.78 93.83 65.6 

TGTGTGTGTG 8.08E-21 8.00E-01 10 13.7 89.87 59.5 

 

Table A. 4: Selected motif families identified in under-expressed genes sequences using 

non-OC genes as the background 

Consensus Sequence  P-value Threshold Length Information 

Content   

Coverage 

in % in 

Target  

Coverage 

in % In 

Background 

TGYTBTAACAGTTCC 5.01E-16 8.50E-01 1.50E+01 18.03 34.15 0.8 

TTGGSCCTGTVRCGBT 3.37E-14 8.50E-01 1.60E+01 17.08 36.59 1.8 

WTTYTWATTTTTAATTTTA 6.73E-14 8.50E-01 1.90E+01 21.84 43.9 3.8 

AAACATWCTGWAA 4.09E-13 8.50E-01 1.30E+01 16.85 51.22 7 

CATTYMCTTTCCAGSA 4.74E-13 8.00E-01 1.60E+01 15.13 87.8 31.8 
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STGAGCGCACCAGGGCDSC 1.24E-12 8.50E-01 1.90E+01 20.45 29.27 1 

AAAMAGGAAAAAAAAHAGGA 1.29E-12 8.50E-01 2.00E+01 20.95 43.9 4.7 

GAGACAAGATC 1.49E-12 8.00E-01 1.10E+01 15.11 82.93 28.1 

HTRWWCAAAAAAACTTK 5.70E-12 8.50E-01 1.70E+01 19.43 36.59 2.9 

CTMCMSCCATGCCACC 7.43E-12 8.50E-01 1.60E+01 21.68 24.39 0.5 

 


