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ABSTRACT
Finding Combination of Features from Promoter Regions for Ovarian Cancer-related Gene Group
Classification
Rawan Olayan

In classification problems, it is always important to use the suitable combination
of features that will be employed by classifiers. Generating the right combination of
features usually results in good classifiers. In the situation when the problem is not well
understood, data items are usually described by many features in the hope that some of
these may be the relevant or most relevant ones.
In this study, we focus on one such problem related to genes implicated in ovarian cancer
(OC). We try to recognize two important OC-related gene groups: oncogenes, which
support the development and progression of OC, and oncosuppressors, which oppose
such tendencies. For this, we use the properties of promoters of these genes. We
identified potential “regulatory features” that characterize OC-related oncogenes and
oncosuppressors promoters. In our study, we used 211 oncogenes and 39
oncosuppressors. For these, we identified 538 characteristic sequence motifs from their
promoters. Promoters are annotated by these motifs and derived feature vectors used to
develop classification models. We made a comparison of a number of classification
models in their ability to distinguish oncogenes from oncosuppressors.
Based on 10-fold cross-validation, the resultant model was able to separate the two
classes with sensitivity of 96% and specificity of 100% with the complete set of features.
Moreover, we developed another recognition model where we attempted to distinguish
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oncogenes and oncosuppressors as one group from other OC-related genes. That model
achieved accuracy of 82%. We believe that the results of this study will help in
discovering other OC-related oncogenes and oncosuppressors not identified as yet.
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1. Introduction
Ovarian cancer (OC) is the fifth leading cause of cancer-related deaths in women [1].
According to the US National Cancer Institute, it is estimated that 22,280 cases of OC
will be diagnosed in 2012 and around 15,500 women will die of it [2].
However, as early diagnosis greatly enhances the chances of successful OC treatment,
any methodology that can help better understand the role of genes involved in OC may
help in developing efficient early diagnosis methods of OC. The research over the past
few decades makes it increasingly evident that many changes observed at molecular level
in cancer cells involve deregulation of gene expression. Thus, understanding the
underlying molecular mechanisms of gene regulation could be crucial for identifying the
key genes or proteins that can be marked as diagnostic biomarkers in OC [1].
One of the primary mechanisms for gene regulation is via transcription factor (TF)
binding to the genes’ promoters [3]. TFs are regulatory proteins that control the way and
time of gene activation. Promoters are the regulatory regions of genes where TFs bind to
DNA. TFs bind to DNA selectively to short segments known as TF binding sites (TFBSs)
[4]. Thus, the promoters of different genes have different characteristics that allow for
selective and precise gene activation. The roles that TFs play in that activation makes
them potential biomarkers for diagnosis and early detection of OC [1].
In this study, we developed a methodology to identify two important classes of genes
implicated in OC. One group represents OC-related oncogenes and the other represents
OC-related oncosuppressors. Oncogenes play a part in the development of cancer and
oncosuppressors act to protect the body from cancer. The activities of these genes and the
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TFs that control them may be potential diagnostic markers of OC [5]. We attempted to
recognize these two gene classes based on the properties of their promoters.
This work describes a methodology for such gene classification. Briefly, it builds a
classification model through a number of steps that include extraction of promoter
sequences of OC-related genes, finding and removal of redundant motifs in these
promoters, annotation of promoter sequences with the discovered characteristic motifs,
selection of classification model features, and selection of the final classification model.
This is followed by discussion of the classification results. Finally, a conclusion is
presented that summarizes the contributions of this study.
On the most fundamental level, this study is conducted to identify motif patterns in the
promoter regions of oncogenes and oncosuppressors in OC cells as a set of features that
can be used in recognizing which gene is oncogene and which one is oncosuppressor.
Promoters were considered as regions of [-1500, +500] base pairs relative to transcription
start sites (TSSs). Our dataset consists of a total of 211 oncogenes and 39
oncosuppressors. From the promoters of these genes we identified a set of 538
characteristic motifs and annotated all promoters by them. Then, from the full set of these
candidate features, we extracted those that have the largest discriminatory power. Several
methods were used for this purpose. More precisely, we applied filter and wrapper search
methods and used for evaluation of features: Fast Correlation-Based Filter (FCBF) and
Fast Correlation-Based Filter Wrapper (FSBW) to build the supervised classification
model, where the class labels of examples are known. We also used the PAFESTO tool
(http:// http://10.68.202.7/) to select features in the wrapper mode.
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Our dataset contains very imbalanced classes, since number of oncogenes is much larger
than number of oncosuppressors. We applied a technique, SMOTE [6], to mitigate this
problem.
After building a classification model for distinguishing oncogenes from oncosuppressors,
we built another predictive model for the case where of OC-related genes that are neither
oncogenes nor oncosuppressors. In this latter model, we used oncogenes and
oncosuppressors examples as the positive class and the examples of other genes (those
that are neither oncogenes nor oncosuppressors) as the negative class.
Two final models are built as a result of this study. The first model aims to distinguish
OC-related oncogenes and oncosuppressors as one class from the other OC-related genes.
The model used the complete set of 538 features and the averaged results using 10-fold
cross-validation with the SVM classifier resulted in 82% accuracy, sensitivity of 77%,
and specificity of 95%. The second model aims to distinguish oncogenes from
oncosuppressors. This latter model also used the complete set of features and the
averaged results using 10-fold cross-validation recorded with the SVM classifier resulted
in 96% accuracy, 96% sensitivity, and 100% specificity. The second model with reduced
set of 133 features that show invariance of 94% of selected features in 10-fold crossvalidation produced the accuracy of 89%, sensitivity of 87% and specificity of 100%.
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2. Review of Previous Work in This Field
2.1.Ovarian Cancer (OC)
According to the American Cancer Society (ACS) study [2], an estimated 1.6 million
new cancer cases are expected to be diagnosed in 2012. Moreover, about close to 600,000
women in the US are expected to die of cancer in 2012, which is more than 1,500 people
a day. This fact ranks cancer as the second most common cause of death in the US after
heart diseases. At the same time, OC causes more deaths than any other cancer of the
female reproductive system. According to ACS, an estimated 22,280 new cases of OC are
expected in the US, and an estimated 15,500 deaths are expected in 2012. As previously
mentioned, OC represents the fifth leading cause of cancer-related deaths and the ninth
most common cancer among women, excluding non-melanoma skin cancers [2].
In this study, we attempt to identify characteristic patterns in promoters of OC-related
genes that can distinguish between oncogenes, oncosuppressors and other OC-related
genes.
The following subsection reviews, in a briefest possible way the regulation of the cell
cycle, the two classes of genes that change the cell cycle control and link it to formation
and development of cancer.
2.1.1. Oncogenes, Oncosuppressors, and Cancer - Genetic Regulation of Cancer

All living organisms are made of cells which are the basic building blocks of the body.
Each cell of a multicellular organism contains an identical copy of the whole genome
(DNA molecule). Genomic sequence contains information the cell needs in order to
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produce proteins and other molecules for a specific function in the body, to determine
when and how fast to grow and divide, control when to stop dividing, and even when to
die. Information on proteins, for example, comes from protein-coding genes. Although
each cell contains the whole set of information on genes, genes are selectively activated
in different types of cells based on the regulation program they are subject to and other
cellular conditions. Where, when and how a gene will activate is controlled through a
process known as gene regulation [7].
One of the primary mechanisms for gene regulation is via TF binding to DNA to the short
segments known as TFBSs. TFBSs are distributed along the DNA in non-uniform way
and they are concentrated in the so-called regulatory regions of genes. The dominant gene
regulatory region is promoter [3,4]. Most oncogenes are genes altered by mutations of
certain normal genes called proto-oncogenes [5].
When a proto-oncogene changes into an oncogene, this gene is not well-controlled
anymore and this may lead to development of cancer. Oncosuppressors can be considered
as guardians of cells in the sense that they slow down cell division in presence of DNA
damage and prevent the cell from functioning until damage is repaired. When
oncosuppressors do not function properly, the damaged cells can divide out of control
with further DNA damage, which may eventually become cancer. The most common
difference between oncogenes and oncosupressors is that oncogenes result from the
activation of proto-oncogenes, while oncosuppressors cause cancer when they are
inactivated. Careful analysis for mutations in oncogenes and oncosuppressors can be used
to indicate a potential increase in risk of developing cancer [2,7]. Thus, the discovery and
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understanding of oncogenes and oncosuppressors may lead to the development of new
kinds of cancer therapies [2,8].
In the ACS’s study, it is reported that about 5% of all cancers are strongly hereditary, in
that an inherited genetic alteration confers a very high risk of developing one or more
specific types of cancer. However, most cancers do not result from inherited genes but
from mutations which are abnormal changes in the nucleotide composition of a gene.
These mutations can affect the cell in many ways during person’s lifetime. Gene defects
may arise from both internal or external factors [2,7,8].
Early diagnosis of cancer greatly enhance the chances of successful treatment [1]. The
researchers in [1] suggested that identification of relevant TFs can be used in diagnostic
procedures of early cancer detection.
In this work, we use machine learning methods to derive predictive models that can
classify OC-related genes into oncogenes, oncosuppressors, and other genes. For that
reason, we briefly revisit some of the most important points in machine learning.

2.2.Classification of Computational Biology Datasets using Machine
Learning Techniques
Many practical problems in computational biology use machine learning methods to
develop predictive models of different types. Such methods are designed to work with
patterns that represent some characteristics of interest, often referred to as features, from
the underlying training data [9].
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The following subsections present some of the classification paradigms of the machine
learning techniques proposed to solve general computational biology problems. This
includes the description of some of the main challenges in pre-processing biological
datasets and provide some pointers to literature that proposed methods for OC
classification we used.
2.2.1. Challenges in Pre-processing Biology Data

Biological data today is characterized by great volume and by very large number of
features used to describe information contained in the data. Usually, the features
generally are not well correlated with the intrinsic nature of the biological problem in
question simply because the understanding of these problems is partial as the biological
processes are complex. Thus, biological data analysis is a field where “learning form
data” has a great relevance. How to generate correct features to describe the information
within the data, how to select the useful combination of such features that helps
classification and predictive algorithms to work accurately, and how best to evaluate the
developed models remain unsolved. These problems are affected by the lack of data to be
used to build and evaluate machine learning models and the imbalances in classes of data
that require classification. In the case of combining the construction of the classification
model through application of feature selection techniques, it should be noted that these
techniques differ from each other in the search method used to select the subset and thus
can be organized into the following three categories: filter, wrapper, and embedded
methods [10,11].
In the context of this work, we focus on the feature selection techniques that do not
change the original representation of the features, but only find the most relevant subset
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of them. Examples of such techniques are Genetic, Greedy stepwise, and Linear forward
search algorithms [12]. We focus on applying these feature selection techniques in the
filter and wrapper search methods, which are used with the feature evaluators: Fast
Correlation-Based Filter (FCBF) and Wrapper (FSBW), and to build the supervised
classification models [10].
Imbalanced dataset appears in many real-world applications when the class distribution is
not uniform within the dataset. For example, in binary classification the problem occurs
when number of instances for one class outnumbers the instances in another class. This
can lead to a good classification of the majority class and a poor accuracy of the
classification algorithms on the minority examples. Furthermore, the less representative
class is usually the one that we are more interested in from the point of view of the
learning task [13].
A number of solutions to this problem are proposed both at the data and at algorithm
levels. At the data level, some of the solutions include re-sampling the data such as oversampling, under-sampling, and combination of both re-sampling strategies. These
techniques modify the dataset to obtain a more balanced number of instances in each
class. The under-sampling method extracts a smaller set of majority instances while
preserving all the minority instances. However, the major drawback of under-sampling is
that some potentially useful data for the learning task can be discarded. In contrast, the
over-sampling method increases the number of minority instances while preserving all
the majority instances. However, creating new examples should be done carefully with
respect to the probability distribution of the target population that can help a classifier to
classify new instances. Thus, adding new examples through the replication of minority
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class samples can increase the likelihood of building an accurate model that over-fits the
data. At the algorithmic level, solutions include adjusting the costs of various classes
through the modification of the classification algorithms’ (classifiers) parameter settings
[14].
In this work, a technique called Synthetic Minority Over-sampling Technique (SMOTE)
and provided by WEKA [6], is applied on the training set to change the class distribution
of data and make it balanced. This sampling technique oversamples the minority class
(oncosuppressors) to create new more balanced training data sets, by interpolating
between several minority class examples that lie together . This approach avoids the overfitting problem and effectively forces the decision region boundary of the minority class
instances to become more general distributed [6].
In more details, SMOTE technique works as follow [15]:


It over-samples synthetic examples of the minority class by taking each minority
class sample and introducing synthetic examples along the line segments joining
any or all of the k minority class nearest neighbors.



For instance, if the amount of over-sampling needed is 200%, only two neighbors
from the k nearest neighbors are chosen and one sample is generated in the
direction of each.



Synthetic samples are generated by taking the difference between the considered
sample and its nearest neighbor, then multiply this difference by a random
number between 0 and 1, and add it to the considered sample.
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This resulted by creating of a synthetic point (sample) along the line segment between the
considered sample and its nearest neighbor. Figure 1 describes the way that synthetic
samples are generated in this approach [15], where Figure 2 describes the pseudo-code of
generation of synthetic examples (SMOTE) [6].

Figure 1: Over-sampling using SMOTE technique (Where “blue circle‟ represents a synthetic point (sample) along
the line segment between the considered sample and its nearest neighbor “red circles”)[15].
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Figure 2: SMOTE alogorithm’s pseudo-code[6].
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2.2.2. Determining the splits of the data used to develop a predictive model

Many papers suggested that such splitting portion may preserve 2/3 portion of data for
training and building the predictive model and the remaining 1/3 of data for testing the
performance. However, this strategy of splitting proportion may differ from application
domain to another with specific dataset and classification algorithms and it depends on
the available number of samples and their distribution within each class [16].
In addition, it is common practice to assess the performance of any classifier by using
cross-validation estimator, usually when the number of available data samples is
relatively small. However, in situations where cross-validation used to assess the
performance of a developed predictive model within the selection of feature process, one
should be aware of selection bias that may occur in this way [17]. Therefore, many
studies addressed this bias in selection and suggested a correction derived by either
performing a cross-validation or bootstrap approach detached from the selection of
feature process. In other words, feature selection is considered to be part of the training
process (see [17, 18]). However, in cross-validation, there is no guarantee that the same
subset of features will be selected during all the folds. Thus, this observation leads to a
difficult decision for choosing the best feature set for the final predictive model.
Therefore, there is a need to measure the stability (invariance of selection) of the selected
feature sets within each fold, where we can evaluate how different are the selected feature
sets, as it can be seen implemented later in the methods section.
2.2.3. Supervised learning algorithms used to develop a predictive model
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Many classification algorithms presented in the literature show that some of these
algorithms are performing well for predicting samples of dataset with specific properties
but they may not be ideal for other datasets. Thus, studying the description, impacts,
setting of parameters, and current work in the research community that make use of such
algorithms could be crucial for developing good performance results of the classification
[9, 12, 13, 14, 15].
In this study, several classification algorithms are evaluated on the dataset and the
performance of each one are compared, including Naïve Bayes (NB), Logistic Regression
(LR), Sequential Minimal Optimization (SMO), Decision Tree (J48), Support Vector
Machine (SVM), KNN, AdaBoost, Bag of Trees.
The most used performance indicator is “Accuracy”. However, since it does not
distinguish between the numbers of correct classifications of the classes, it requires
additional indicators of performance. Thus, the following metrics [14] are used for the
classification results evaluation, such as:
Accuracy =

Sensitivity is the proportion of positive examples that are correctly predicted as positives,
which equals

Specificity is the proportion of negative examples correctly predicted as negatives, which
equals
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(Where TP is the number of true positive predictions, TN is the number of true negative
predictions, FP is the number of false positive predictions and FN is the number of false
negative predictions).

2.3.Related Work
Since the early detection of OC might greatly enhance the chances of successful cancer
treatment, the researchers have been studied the impact of the significant biological
regulation of OC-associated genes to explore potential diagnostic biomarkers [1].
It is documented in [1], where many TFs were identified as potential diagnostic
biomarkers based on studies of promoter sequence regions covering [-1000, +200]
relative to the transcription start sites (TSS) at the 5’ ends of OC-associated genes. The
study investigated these potential biomarkers from the total set of 323 experimentally
validated of genes implicated in OC, and one of their subset controlled by estrogen
receptor. The computation results for these two gene sets determined a number of TFs
that with the estrogen responsiveness appear potential markers for early diagnosis of this
fatal disease.
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3. Experiments
3.1.Data Overview
The data for the study is obtained from the published resources. We gathered the list of
genes implicated in OC from [19]. From USCS Browser (http://genome.ucsc.edu/) we
downloaded the Feb. 2009 assembly sequence of the human genome (hg19, GRCh37
Genome Reference Consortium Human Reference 37) and associated human RefSeq
genes data. From [19] all genes that are up-regulated were considered as oncogenes.
Those that were down-regulated were considered oncosuppressors. Database from [19]
contains 351 genes. Of these, 211 were considered as oncogenes, 39 were considered
oncosuppressors, and 101 were considered as other genes (i.e. not oncogenes and not
oncosuppressors). For all these genes the promoter regions covering [-1500,+500]
relative to TSSs are extracted.

3.2.Data Preprocessing
The followings steps are completed to extract the promoter sequences of genes we
analyzed:
3.2.1. Promoter Regions’ Coordinates Identification

We used RefSeq_mRNA as IDs from the list of OC-related genes in order to extract the
necessary information, such as: reference DNA sequence, the strand, and TSS. Then, we
created a file that contained the calculated promoter coordinates (the region of [-1500,
+500] base pairs relative to TSS). From this we created a BED file for further processing.

27
3.2.2. Extraction of Promoter Regions

To extract promoter regions based on information from BED file, we used GALAXY
web-based tool (accessed online https://main.g2.bx.psu.edu/) and set the target dataset to
“Feb. 2009 assembly of the human genome (hg19, GRCh37 Genome Reference
Consortium Human Reference)”. The output file is in FASTA single-line format for each
sequence extracted with the header of chromosome’s ID, promoter region coordinates,
and DNA strand.
3.2.3. Motif Finding

In our case by a motif we consider a DNA sequence pattern obtained from a set of
aligned nucleotide sequences. We used various motifs as part of feature construction
process. In this study, Dragon Motif Finder (DMF) tool [20] is used to identify motif
families from promoter regions which are then used to annotate the promoters.
DMF takes as input two files: the target sequences and the background sequences. DMF
finds discriminated (based on a threshold) motifs in the target set with respect to the
background set and generate a position weight matrix for these motifs. Setting the right
parameters and choosing the most appropriate background file is the most important step
in DMF. Several options are tried for the background file:
 Shuffled promoters of oncogenes, and shuffled oncosuppressors.
 Random DNA.
 Promoters of oncogenes against promoters of oncosuppressors and vice versa.
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Finally, we chose promoters of oncosuppressors as the background set when the target set
consisted of promoters of oncogenes. We chose promoters of oncogenes as the
background set when the target set consisted of oncosuppressors promoters. Table 1
below shows the final parameter set for DMF after different parameter tuning
experiments.
Table 1: Final parameters setting for DMF after different parameter tuning experiments.

Number of
motifs

400 motifs for each set

Threshold

0.75-0.8

Motif Length

10

Extension

5

Masking

Center

3.2.4. Redundancy Removal

DMF produces multiple motifs and some of them were very similar to each other. A
motif is considered redundant if it shows a high degree of similarity and overlap with a
motifs consisting of longer sequences [21]. The redundant motifs were eliminated using a
redundancy elimination tool that uses an outlier detection algorithm that finds outliers
(motifs that do not follow the distribution of the majority of motifs). From each of the
non-outliers clusters only the representative motif is selected. The tool works by setting
the confidence level that the reduced motif set will correctly represent the original
(redundant) motif set.
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The output results of motif redundancy reduction when setting the confidence level to
95% show that the number of unique motifs for oncogenes is 239 out of 400, and the
number of unique motifs for oncosuppressors is 299 out of 400.
3.2.5. Promoter Annotation

After reducing the redundancy of the motif sets, all non-redundant motifs from these sets
are mapped back to the promoter sequences, i.e. the promoter sequences needed to be
annotated with the discovered motifs. Thus, we used all the motifs from the reduced
redundancy sets for oncogenes and oncosuppressors, and mapped them to the promoters
using the Mapper tool (in-house developed by Md. Shariful).
3.2.6. Creation of Feature Vectors

A feature vector describes a certain item. Data items, in our case promoters, have to be
described in a convenient manner in order to be used in machine learning algorithms. For
our classification problem, each motif will represent a feature, and the value of this
feature will be the number of times this motif has been found in a promoter sequence.
Based on this we created feature vectors for all promoters. In Figure 3, we show a
snapshot of partial annotation of several promoters. Overall, we had 538 motifs used to
annotate the promoters. In the last position of the feature vector we provided a label: 1 for
oncogenes, 2 for oncosuppressors, and 3 for other genes.
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Figure 3: Snapshot of the feature vector file.

3.3.Classification Results
One of the aims of this study is to be able to distinguish oncogenes from oncosuppressors
based on the discovered motifs in the promoter set. In classification problems it is always
important to select a useful combination of features that will be used by classifiers.
Feature selection methods have become the focus of many studies, where the datasets
often entail a very large number of attributes. For many bioinformatics classification
problems it is advisable to apply feature selection [22]. In another words, feature
selection techniques can be used to decrease the number of features by selecting the most
‘relevant’ features for classification which may positively affect classification accuracy.
After creating feature vectors, we experimented different classifier algorithms from the
WEKA 3.6 tool, and MATLAB 2012b. In WEKA and MATLAB, several classification
algorithms are evaluated and performance results compared. In the context of this work,
we used WEKA feature selection techniques based on Genetic, GreedyStepwise, and
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LinearForwardSearch algorithms that do not change the original representation of the
features, but only find the most ‘relevant’ subset of them. More precisely, we focus on
applying these feature selection techniques through the filter and wrapper setup. To build
the supervised classification models we used the following feature evaluation techniques:
Fast Correlation-Based Filter (FCBF) and Wrapper (FSBW). Moreover, the PAFESTO
tool for feature selection based on master-slave parallel genetic algorithm, is used in this
study for selecting the best feature subset given a specific classification model. The
objective of the tool is to select a minimally sized subset of features that optimizes the
performance of the classifier in an efficient manner. For the experiments performed using
MATLAB and PAFESTO, genetic algorithm is used.
3.3.1. Description of Experiments

One set of experiments (Experiments type 1) is performed where the dataset is split into
training set and an independent test set. The used splitting proportion strategy is to
allocate 2/3 of cases for the training set and 1/3 for the test set.
Another set of experiments (Experiments type 2) is performed based on cross-validation
approach to make full use of all available samples in feature selection process and
training of classification algorithms. This option can be seen practical to use, since the
entire set of available samples is relatively small.
In these two types of experiments, promoters in the dataset are classified as belonging to
one of the three classes, starting by using the 538 motifs as the features. Then to improve
the performance of learning/training model, feature selection algorithms are used to select
the most efficient combination of features - which represent a subset of features.
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However, in our dataset the class distribution is not uniform. In other words, the problem
of imbalanced dataset for classification is noticed, since the results lead to a good
classification of the majority class (oncogenes) and a poor accuracy on the minority
examples (oncosuppressors). This problem we appropriately addressed.
The results of the experiments conducted are presented in the following subsections.
3.3.2. Experiments Types
3.3.2.1. Split the Dataset into Training and Test sets to be used in Machine Learning
Tasks (Experiments type 1)

The experiments in this section are performed based on the dataset splitting, where the
dataset is divided into a training set, which used to develop the classification model, and
a test set, which is used to evaluate performance of the trained model. In Experiments
type 1, we were building a model that can distinguish oncogenes from oncosuppressors.
Therefore, for all Experiments of type 1 from the total of 250 samples, we allocate 167
cases for the training set (141 oncogenes and 26 oncosuppressors), and 83 cases for the
test set (70 oncogenes and 13 oncosuppressors).
The classification experiments included the following classification algorithms from
WEKA:
 Naïve Bayes (NB)
 Logistic Regression (LR)
 Sequential Minimal Optimization (SMO)
 Decision Tree (J48)
 Support Vector Machine (SVM, with Polynomial kernel)
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Moreover, the classification experiments performed through the use of the PAFESTO
tool include the following algorithms:
 Naïve Bayes (NB)
 Multicategory Support Vector Machine (MSVM)
 Decision Tree (C5)
The experiments are repeated first on the whole feature set, and then using the reduced
number of features after applying the feature selection algorithms.
The following tables listed under the subsections that follow show the best experimental
results for each of the classification algorithms used with the full set of 538 features and
then with the reduced set of features using Genetic, GreedyStepwise with forward search,
and LinearForwardSelection search algorithms. Moreover, the experimental results for
each of the classification algorithms used are also presented using the reduced set of
features selected using the PAFESTO tool.
1.

Complete Feature Set

Table 2: Results of classification experiments using complete set of features and 33% of data as the test set
(promoters of oncogenes are positive class, while promoters of oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

NB

65%

67%

54%

SMO

83 %

94%

23%

LR

78 %

90%

15%

SVM

86 %

100%

8%

J48

70%

80%

15%
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2.

Reduced Feature Set
2.1. Feature subset selection methods
2.1.1. Filter Methods

Table 3: Results of classification experiments using the reduced set of 164 features and 33% of data as the test set,
by applying Genetic search method (promoters of oncogenes are positive class, while promoters of
oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

NB

58%

61%

39%

SMO

84 %

91%

46%

LR

72 %

80%

31%

SVM

83%

93%

31%

J48

73 %

81%

31%

Table 4: Results of classification experiments using the reduced set of six features and 33% of data as the test set,
by applying GreedyStepwise search algorithm (promoters of oncogenes are positive class, while promoters of
oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

NB

83 %

97%

8%

SMO

84 %

100%

0%

LR

83 %

97%

8%

SVM

82 %

94%

15%

J48

78%

93%

0%

2.1.1.1.1. Challenge of Learning from Imbalanced Dataset
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Here, one of the most commonly used techniques is applied on the data to deal with the
problem of imbalanced classes. This work investigates the use of a re-sampling technique
to make imbalanced data more balanced. We used SMOTE (Synthetic Minority Oversampling Technique) which provided by WEKA. It oversamples the minority class
samples (oncosuppressors) at specific percentage of their original size through creating
new more balanced training datasets, by interpolating between several minority class
examples that lie together [6]. Then the classification algorithms from WEKA are trained
on this new training dataset, and then the trained model is applied to the test set. This
methodology is followed in the experiments performed in the previous sections, where
the dataset is classified using all 538 motifs as the features.
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In our study, the minority class (oncosuppressors) instances are oversampled using
SMOTE, while preserving all the oncogenes instances. The number of nearest neighbors
used in SMOTE was 5. The number of minority class examples is increased from 26 to
100, to build a more balanced training data.
The following tables listed in the subsections that follow show the best results for each of
the classification algorithms used based on the full set of features and the reduced set of
features after applying SMOTE to the training set. Moreover, the results for each of the
classification algorithms used based on the reduced set of features using PAFESTO tool,
after applying SMOTE to the training set, are also provided.
1.

Complete Feature Set

Table 5: Results of classification using complete set of features and 33% of data as the test set, after applying
SMOTE to the training set (promoters of oncogenes are positive class, while promoters of oncosuppressors are
negative class).

2.

Classifier

Accuracy

Sensitivity

Specificity

NB

64 %

64%

62%

SMO

93 %

91%

100%

LR

76 %

73%

92%

SVM

95 %

96%

92%

J48

75 %

79%

54%

Reduced Feature Set
2.1. Feature subset selection methods
2.1.1. Filter Methods
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Table 6: Results of classification using the reduced set of 215 features and 33% of data as the test set, by applying
Genetic search algorithm, after applying SMOTE to the training set (promoters of oncogenes are positive class,
while promoters of oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

NB

70 %

71%

62%

SMO

82 %

83%

77%

LR

70 %

71%

62%

SVM

84 %

86%

77%

J48

77 %

86%

31%

Table 7: Results of classification using the reduced set of 107 features and 33% of data as the test set, by applying
GreedyStepwise search algorithm, after applying SMOTE to the training set (promoters of oncogenes are positive
class, while promoters of oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

NB

78%

80%

69%

SMO

80 %

80%

77%

LR

69 %

70%

62%

SVM

82%

81%

85%

J48

78 %

87%

31%

Table 8: Results of classification using the reduced set of 104 features and 33% of data as the test set, by applying
LinearForwardSelection search algorithm, after applying SMOTE to the training set (promoters of oncogenes are
positive class, while promoters of oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

NB

84 %

83%

92%

SMO

88%

87%

92%
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Logistic

70 %

64%

100%

SVM

86 %

83%

100%

J48

76 %

79%

62%

2.2. Wrapper Method (PAFESTO tool)

(Note: The dataset split into 3 portions: 67% for training, the remaining 33% for test. The
training set is additionally split to the strictly training part (67%) and validation part
(33%)).
Table 9: Results of classification using the reduced set of 452 features using PAFESTO with NB classifier, by applying
Wrapper search algorithm, after applying SMOTE to the training set (promoters of oncogenes are positive class,
while promoters of oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

NB

86%

100%

11%

MSVM

82 %

83%

78%

C5

71%

83%

11%

Table 10: Results of classification using the reduced set of 203 features using PAFESTO with C5 classifier, by
applying Wrapper search algorithm after applying SMOTE to the training set (promoters of oncogenes are positive
class, while promoters of oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

NB

46%

40%

78%

MSVM

80%

81%

78%

C5

82%

89%

44%
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Table 11: Results of classification using the reduced set of 186 features using PAFESTO with MSVM classifier, by
applying Wrapper search algorithm, after applying SMOTE t the training set (promoters of oncogenes are positive
class, while promoters of oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

NB

43%

36%

78%

MSVM

77%

74%

78%

C5

70%

79%

22%

Table 12: Results of classification using the reduced set of 452 features and 33% of data as the test set with NB
classifier, by applying Wrapper search algorithm, after applying SMOTE to the training set (promoters of oncogenes
are positive class, while promoters of oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

NB

65%

66%

62%

SMO

86 %

83%

100%

LR

83 %

80%

100%

SVM

95 %

97%

85%

J48

80 %

83%

62%

Table 13: Results of classification using the reduced set of 203 features and 33% of data as the test set with C5
classifier, by applying Wrapper search algorithm, after applying SMOTE to the training set (promoters of oncogenes
are positive class, while promoters of oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

NB

64 %

66%

54%

SMO

80 %

76%

100%

LR

72 %

69%

92%

SVM

81 %

80%

85%
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J48

75 %

81%

39%

Table 14: Results of classification using the reduced set of 186 features and 33% of data as the test set with MSVM
classifier, by applying Wrapper search algorithm, after applying SMOTE to the training set (promoters of oncogenes
are positive class, while promoters of oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

NB

63%

63%

62%

SMO

86 %

86%

85%

LR

73 %

73%

77%

SVM

88 %

90%

77%

J48

75 %

81%

39%

2.2.1.1. Cross-validation based experiments (Experiments type 2)

The experiments in this section are performed by making the full use of all available data.
Given that the entire data is relatively small with only 250 cases (211 as oncogenes, 39 as
oncosuppressors), we applied the 10-fold cross-validation to avoid bias in the model
performance evaluation and model over-fitting.
In the cross-validation the data is split a number of times into two parts, where one is
used for the training and the remaining for testing. In our case, due to the imbalanced
classes, in each fold in the training part of the data, we applied SMOTE to reduce the
imbalance between the classes. Finally, the average of the performance from all the folds
is recorded as the final estimated model performance.
We used MATLAB and the following classifiers in the experiments:
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 Support Vector Machine (SVM), with ‘kernel= linear, quadratic, polynomial, rbf’
 Naïve Bayes (NB)
 KNN, with 'k=3, k=5' where k is the number of nearest neighbors
 AdaBoost
 Bag of Trees
The experiments performed using this approach are repeated first on the whole feature
set, and then using the reduced sets of features after applying the feature selection
algorithm independently to the training data only within each fold. In general, it is noted
that in the part of experiments that combine cross-validation with feature selection
process, different set of features may be selected within each fold. Thus, this observation
leads to a difficult decision for choosing the best feature set for the final predictive
model. Therefore, there is a need to measure the stability of the selected feature sets
within each fold, which can reflect the invariance of the selected set of features across the
folds. Thus, we evaluate the stability of the feature selection process using Hamming
distance between the selected feature sets, which was implemented in MATLAB. We
calculated the stability score of the selected set of features across the folds at the end of
10-fold cross-validation. We set different values for parameters of Genetic search
algorithm (PopulationSize_Data: the number of genes, solutions or search points in the
search space, Generations_Data: the number of iterations of the genetic algorithm), to
explore if this can lead to a better stability score of the selected set of features across the
folds.
The following tables show the best results for each of the classification algorithms used
with the full set of features and the reduced sets of features generated using Genetic
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search method after balancing the training set in each fold in the training set by the
SMOTE.
1.

Complete Feature Set
1.1. Imbalanced Dataset

Table 15: Results of classification using the complete set of features based on 10-folds cross-validation (promoters
of oncogenes are positive class, while promoters of oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

SVM(Kernel=linear)

83%

94%

25%

SVM(Kernel=quadratic)

83%

98%

2%

SVM(Kernel=polynomial)

78%

90%

9%

SVM(Kernel= RBF)

84%

100%

0%

NB

81%

95%

6%

KNN(k=3)

82%

97%

0%

KNN(k=5)

69%

72%

49%

AdaBoost

82%

92%

25%

Bag of Trees

84%

99%

6%

1.2. After applying SMOTE to the training portions of each data fold

Table 16: Results of classification using the complete set of features based on 10-folds cross-validation, after
applying SMOTE to the training set in each fold (promoters of oncogenes are positive class, while promoters of
oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

SVM(Kernel=linear)

92%

91%

100%
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2.

SVM(Kernel=quadratic)

96%

96%

100%

SVM(Kernel=polynomial)

57%

53%

85%

SVM(Kernel= RBF)

84%

100%

0%

NB

50%

41%

100%

KNN(k=3)

43%

33%

100%

KNN(k=5)

66%

66%

70%

AdaBoost

83%

91%

45%

Bag of Trees

91%

100%

52%

Reduced Feature Sets
2.1. After applying SMOTE to the training portions of each data fold

Table 17: Results of classification using the reduced set of 518 features based on 10-folds cross-validation, using
Genetic search algorithm (PopulationSize_Data=30, Generations_Data=50), after applying SMOTE to the training
set in each fold (Stability_Score=59% ) (promoters of oncogenes are positive class, while promoters of
oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

SVM(Kernel=linear)

89%

88%

95%

SVM(Kernel=quadratic)

94%

93%

100%

SVM(Kernel=polynomial)

78%

74%

100%

SVM(Kernel= RBF)

84%

100%

0%

NB

49%

40%

100%

KNN(k=3)

46%

37%

100%

KNN(k=5)

70%

71%

69%

AdaBoost

86%

93%

48%
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Bag of Trees

91%

100%

49%

Table 18: Results of classification using the reduced set of 427 features based on 10-folds cross-validation, using
Genetic search algorithm (PopulationSize_Data=50, Generations_Data=100), after applying SMOTE to the training
set in each fold (Stability_Score= 72% ) (promoters of oncogenes are positive class, while promoters of
oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

SVM(Kernel=linear)

85%

85%

86%

SVM(Kernel=quadratic)

96%

95%

100%

SVM(Kernel=polynomial)

77%

73%

100%

SVM(Kernel= RBF)

84%

100%

0%

NB

53%

45%

100%

KNN(k=3)

51%

42%

100%

KNN(k=5)

68%

68%

64%

AdaBoost

80%

89%

33%

Bag of Trees

91%

99%

43%

Table 19: Results of classification using the reduced set of 352 features based on 10-folds cross-validation, using
Genetic search algorithm (PopulationSize_Data=100, Generations_Data=100), after applying SMOTE to the training
set in each fold (Stability_Score=78%) (promoters of oncogenes are positive class, while promoters of
oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

SVM(Kernel=linear)

87%

87%

91%

SVM(Kernel=quadratic)

93%

92%

100%

SVM(Kernel=polynomial)

85%

82%

100%

SVM(Kernel= RBF)

84%

100%

0%
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NB

54%

46%

100%

KNN(k=3)

50%

41%

100%

KNN(k=5)

68%

68%

58%

AdaBoost

86%

95%

45%

Bag of Trees

90%

100%

38%

Table 20: Results of classification using the reduced set of 133 features based on 10-folds cross-validation, using
Genetic search algorithm (PopulationSize_Data=200, Generations_Data=200), after applying SMOTE to the training
set in each fold ( Stability_Score=94%) (promoters of oncogenes are positive class, while promoters of
oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

SVM(Kernel=linear)

84%

84%

88%

SVM(Kernel=quadratic)

92%

92%

93%

SVM(Kernel=polynomial)

89%

87%

100%

SVM(Kernel= RBF)

84%

100%

0%

NB

67%

61%

99%

KNN(k=3)

65%

59%

99%

KNN(k=5)

73%

75%

60%

AdaBoost

83%

90%

44%

Bag of Trees

91%

100%

43%
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4. Construction of Final Models
Until now, we have developed classifiers aimed to correctly classify oncogenes and
oncosuppressors promoters. Even though the experiments performed using the dataset
splitting sample approach show good classification results, this may depend on the split
of samples to training and testing. Therefore, it is practical to rely on a model whose
performance is evaluated over multiple partitions of data into training and test, such as
cross-validation. As shown above, the experiments performed using cross-validation are
repeated first on the whole feature set, and then using the reduced sets of features after
applying the feature selection algorithm independently to the training data split only
within each fold. The following two tables show the best classification results of
oncogenes and oncosuppressors examples, using the complete feature set and then the
reduced set, based on 10-folds cross-validation, after applying SMOTE to the training set
in each fold. Table 21 shows the best classification results using the complete feature set,
based on 10-fold cross-validation, after applying SMOTE to the training set in each fold.
Table 22 shows the best classification results using the reduced set of 133-features
(features that selected across folds with high stability score), based on 10-fold crossvalidation, after applying SMOTE to the training set in each fold.
Table 21: Results of classification using the complete set of features based on 10-folds cross-validation, after
applying SMOTE to the training set in each fold (promoters of oncogenes are positive class, while promoters of
oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

SVM(Kernel=linear)

92%

91%

100%

SVM(Kernel=quadratic)

96%

96%

100%
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SVM(Kernel=polynomial)

57%

53%

85%

SVM(Kernel= RBF)

84%

100%

0%

NB

50%

41%

100%

KNN(k=3)

43%

33%

100%

KNN(k=5)

66%

70%

65%

AdaBoost

83%

91%

49%

Bag of Trees

91%

100%

61%

Table 22: Results of classification using the reduced set of 133 features based on 10-folds cross-validation, using
Genetic search algorithm (PopulationSize_Data=200, Generations_Data=200), after applying SMOTE to the training
set in each fold ( Stability_Score= 94%) (promoters of oncogenes are positive class, while promoters of
oncosuppressors are negative class).

Classifier

Accuracy

Sensitivity

Specificity

SVM(Kernel=linear)

84%

84%

88%

SVM(Kernel=quadratic)

92%

92%

93%

SVM(Kernel=polynomial)

89%

87%

100%

SVM(Kernel= RBF)

84%

100%

0%

NB

67%

61%

99%

KNN(k=3)

65%

59%

99%

KNN(k=5)

73%

75%

60%

AdaBoost

83%

90%

44%

Bag of Trees

91%

100%

43%
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In practical situation, we will be testing if an OC-implicated gene is either oncogenes or
oncosuppressors. However, OC-implicted genes can be neither oncogenes nor
oncosuppresors. Thus we need to introduce a third class of genes we call ‘other genes’
which are not oncogenes and not oncosuppressors. To develop recognition models for
this situation with 3 classes, we will first make a binary classification model where
oncogenes and oncosuppressors will represent the positive class, while other genes will
represent the negative class. We will also experiment with the full set of features and with
the set of 133 features (features that selected across folds with high stability score).
However, since we have 250 cases of positive class (211 oncogenes and 39
oncosuppressors), and 101 cases of negative class (other genes), we have imbalanced
classes and we will oversample the negative cases to balance the classes to an extent.
Thus, we will add synthetic negative examples generated based on the SMOTE to the
training data in each fold within the cross-validation process. The following two tables
show the classification results in this situation.
Table 23: Results of classification using the complete set of features based on 10-folds cross-validation, after
applying SMOTE to the training set in each fold (promoters of oncogenes and oncosuppressors are positive class,
while promoters of other OC-genes are negative class).

Classifier

Accuracy

Sensitivity

Specificity

SVM(Kernel=quadratic)

82%

77%

95%

SVM(Kernel=polynomial)

48%

37%

78%

SVM(Kernel= RBF)

71%

100%

0%

NB

50%

33%

91%

KNN(k=3)

48%

32%

86%

KNN(k=5)

57%

57%

59%
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AdaBoost

62%

71%

38%

Bag of Trees

74%

90%

33%

Table 24: Results of classification using the reduced set of 133 features based on 10-fold cross-validation, after
applying SMOTE to the training set in each fold (promoters of oncogenes and oncosuppressors are positive class,
while promoters of other OC-genes are negative class).

Classifier

Accuracy

Sensitivity

Specificity

SVM(Kernel=quadratic)

80%

74%

93%

SVM(Kernel=polynomial)

51%

31%

100%

SVM(Kernel= RBF)

71%

100%

0%

NB

45%

25%

95%

KNN(k=3)

44%

24%

94%

KNN(k=5)

59%

57%

63%

AdaBoost

60%

68%

36%

Bag of Trees

72%

88%

34%

As we can observe, the best classification results are obtained with SVM(Kernel=
quadratic) classifier, with the complete set of features. This performance seems to be
good, with accuracy of 82%, sensitivity of 77%, and specificity of 95%. We also observe
that with the reduced set of 133 features the performance is weaker.
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5. Discussion
To summarize the work done above in order to build the final models, we relied on the
model whose performance is evaluated in 10-fold cross-validation. We built the final
model in the basis of a more balanced dataset that consists of promoters of oncogenes and
oncosuppressors using the complete set of features. Then, we added other group of OCrelated genes, that are neither oncogenes nor oncosuppressors, and derived another model
using the complete set of features. In this latter model, we considered oncogenes and
oncosuppressors were as the positive class, while other OC-implicated genes represented
the negative class. The following two text boxes represent the characteristics of two final
models used to classify OC-related genes.
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Model #1: The predictive model for classifying oncogenes and oncosuppressors as one
class and other OC-related genes as another class.

The number of available examples: 452 examples.
The number of available features: 539 features/attributes, including the class attribute.
The class attributes of available examples: oncogenes, oncosuppressors, and other
OC-related genes class, with the following characteristics:
The number of positive class’s examples: 250 examples.
The number of negative class’s examples: 202 examples.
The class attributes of available positive class’s examples: 211-oncogenes and
39-oncosuppressors genes examples, which represent class 1.
The class attributes of available negative class’s examples: 202-other OCrelated genes that represent class 2 (202 cases consists of 101 other OC-related genes
+ 101 synthetic-SMOTE examples).
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Model #2: The predictive model for classifying oncogenes as one class and
oncosuppressors as another class.
The number of available examples: 367 examples.
The number of available features: 539 features/attributes, including the class
attribute.
The class attributes of available examples: oncogenes and oncosuppressors class,
with the following characteristics:
The number of positive class’s examples: 211 examples.
The number of negative class’s examples: 156 examples.
The class attributes of available positive class’s examples: 211-oncogenes
examples, which represent class 1.
The class attributes of available negative class’s examples: 156oncosuppressors genes, which represent class 2 (156 cases consists of 39
oncosuppressors + 117 synthetic-SMOTE examples).
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6. Conclusion
This study is conducted to identify promoter characteristics of oncogenes and
oncosuppressors in OC, to be able to determine based on these characteristics if the
promoter belongs to oncogene or oncosuppressor. In total, for promoters of 211
oncogenes and 39 oncosuppressors, we determined 538 characteristic motifs in promoters
and used as the features. These motifs were mapped back to the promoter sequences and
used as the features for the classification. After creating feature vectors for items in the
data set, different classifier algorithms were experimented with and mutually compared
using the WEKA 3.6 tool and MATLAB 2012b. In the context of this study, we
experimented with the feature selection techniques that do not change the original feature
representation, but only find the most relevant subset of them. We use Genetic,
GreedyStepwise, and LinearForwardSelection search algorithms. More precisely, we
applied these feature selection techniques through the filter and wrapper search methods
and used them with the feature evaluators: Fast Correlation-Based Filter (FCBF) and
Wrapper (FSBW), to build the supervised classification models. Three of the feature
search methods provided by WEKA were used: Genetic, GreedyStepwise with forward
search, and LinearForwardSelection search method. Moreover, we used the PAFESTO
tool for selecting the best feature subset given a specific classification model. For the
experiments performed in MATLAB, Genetic search method for feature selection is used.
Part of experiments (Experiments type 1) was performed where the dataset is split into
training set and an independent test set. The used splitting proportion strategy was to
allocate 2/3 of cases for the training set and 1/3 for the test set. In the other set of
experiments (Experiments type 2) we used cross-validation approach. Our dataset
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contained unbalanced classes and thus we applied SMOTE to increase the size of the
minority class. We built the final model in the basis of more balanced datasets.
We developed two final models: one that is separating oncogenes and oncosuppressors
from other OC-implicated genes, and another that was separating oncogenes from
oncosuppressors. For the first final model, the complete set of features (538 features) is
used, with the following performance from 10-fold cross-validation with the SVM
classifier: 82% accuracy, sensitivity of 77%, and specificity of 95%. The second final
model used the complete set of features and achieved in 10-fold cross-validation with the
SVM classifier: 96% accuracy, 96% sensitivity, and 100% specificity. On the other hand,
with the reduced set of 133 features, the second model achieved accuracy of 89%,
sensitivity of 87% and specificity of 100%.
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