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Regulatory genes identification within functional genomics experiments for

tissue classification into binary classes via machine learning techniques
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Abstract

Objective: The aim of this study is to filter out the most informative genes that mainly regulate the target tissue class,
increase classification accuracy, reduce the curse of dimensionality, and discard redundant and irrelevant genes.
Methods: This paper presented the idea of gene selection using bagging sub-forest (BSF). The proposed method provided
genes importance grounded on the idea specified in the standard random forest algorithm. The new method is compared
with three state-of-the art methods, i.e., Wilcoxon, masked painter and proportional overlapped score (POS). These methods
were applied on 5 data sets, i.e. Colon, Lymph node breast cancer, Leukaemia, Serrated colorectal carcinomas, and Breast
Cancer. Comparison was done by selecting top 20 genes by applying the gene selection methods and applying random
forest (RF) and support vector machine (SVM) classifiers to assess their predictive performance on the datasets with selected
genes. Classification accuracy, Brier score, and sensitivity have been used as performance measures.

Results: The proposed method gave better results than the other methods using both random forest and SVM classifiers
on all the datasets among all the feature selection methods.

Conclusion: The proposed method showed improved performance in terms of classification accuracy, Brier score and
sensitivity, and hence, could be used as a novel method for gene selection to classify tissue samples into their correct classes.

Keywords: Gene selection, classification, random forest, cancer, microarray gene expression
(JPMA 70: 2356 2020) DOI: https://doi.org/10.47391/JPMA.201

Introduction

Cancer is a genetic disease due to changes in some of the
genes that control the way how our body cells function (for
example, growth and division to make new cells).
Therefore, identification of such genes is important for the
diagnosis of the disease. High dimensional technologies
produce a huge amount of data in many research fields,
such as biomedical science.! datasets, such as microarray
gene expression data, are known as high dimensional and
contain a huge number of irrelevant genes to the
corresponding classification problem.1.2 High dimensional
gene expression data pose a number of challenges to the
conventional statistical tools, such as logistic regression
and chi-square methods, used for their analysis.3 Analyzing
high dimensional data, statistical models lose
generalization power and interpretability when applied to
unseen data; in that very few genes regulate the target
class and rest are redundant (genes with similar expression
values) or non-informative.24 Moreover, these analyses also
require considerable computational resources.3 Genes
selection techniques are used to overcome these problems
with the main theme of selecting a subset of the most
informative genes to be used in model construction and
prediction.356 Gene selection procedures helps in
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class and eliminating irrelevant and useless genes that do
not play any role in the regulation of the response class.3
Gene/feature selection methods are divided into three
categories, i.e Wrapper, Filter and Embedded. A brief
discussion on these methods is as follows:

Filter methods: These methods identify discriminative
genes by calculating the relevant score for each gene.
Genes that have high relevance scores are selected for the
purpose of classification by the help of different classifiers.
These methods do not require classification algorhythm for
the selection of important genes. Moreover filter methods
deals with big data easily and are computationally fast and
simple. Examples of gene selection methods based on
filtering approach could be found in various studies.!

Wrapper methods: In wrapper methods, gene subsets are
evaluated by partitioning the gene expression data into
training and testing parts and running a predictive model
on the training parts corresponding to each gene subset.
The predictive model is then assessed by applying it on the
testing part for each gene subset and classification
accuracy is calculated. Classification accuracy is used as the
corresponding score for each gene subset. Gene subset
having the highest score is selected as the final gene set to
be used in tissue classification.!

Embedded methods: Embedded methods select
informative genes as part of model construction. The
model favours those genes that mainly regulate the target
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class during the training phase of the model. Classification
and regression tree is one of the examples of embedded
methods.8

In association with classification problems, gene selection
concentrate on the selection of the most informative and
regululatory genes. In this connection many gene selection
methods have been employed. Among them is random
forest (RF) to solve the two issues of variable selection, i.e.,
to choose the most important attributes and try to
construct the best parsimonious predictive model.8 Xu et
al, suggested an improved RF method, which exploits a
new feature weighting tool for selecting a gene subspace
and hence boost classification accuracy on microarray
data.? Vladimir et al, used random forest as a classification
and regression techniques for compound classification and
quantitative  structure-activity relationship  (QSAR)
modeling where they considered the technique for
categorical biological activities.’® They run models for six
data sets and presented three additional features of
random forest. They claimed that random forest is one of
the most precise and dominant tool of delivering best
performance. Diaz-Uriarte et al, used random forest for
classification of microarray data and proposed a new
method of feature selection based on random forest." Tran
et al, proposed the idea of combining bagging and feature
selection.’2 In the selection of relevant gene subset for
bagging, a wrapper based feature selection method is
employed.

Besides bagging and random forest, several other methods
have also been employed by various researchers for
gene/feature selection. Apiletti et al, proposed a method
based on filtering gene selection approach where at first
stage they detect outliers in gene expression data for each
gene.'3 Several gene selection techniques evaluate the
importance of genes in distinguishing the tissue samples
in a given target class by deciding a cut point or by fitting
a statistical model to microarray gene expression data.’s

This idea was exploited to an expression range to build a
gene mask.'3 The idea of set covering approach was used
to minimize gene subset and select the most informative
genes in the analysis of tumor and normal colon tissues
probed by oligonucleotide arrays.'> The minimum gene
subset was selected by replacing the set covering
approach with the greedy search approach.’3To cope with
the issue of dimensionality and outliers in genes selection,
the greedy search approach was considered together with
proportional overlapping analysis for classifying tissue
sample into binary classes.!5

Most of the tree based featue selection methods discussed
above use the idea given in random forest to select genes,
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i.e.,, a random sample of genes is chosen to select the
splitting gene at each node of the tree.8 In situations where
the number of samples is small compared to the number
of genes, the random forest idea might not give satisfactory
results, as some of the genes might not get a chance to be
used as a splitting variable. Therefore, this study used
bagged tree forest for feature selection where all the
features are assessed to decide on the best possible split.
This ensures that every gene plays its role in the
construction of the tree model, thus reducing the chance
of missing out important genes.

Datasets and Methods:

A total of 5 data sets have been used to compare the
methods by calculating classification accuracies, Brier
scores and sensitivities. A brief description of each of these
datasets is given as follows:

Colon: Colon is a type of cancer which is also known as
colorectal cancer. This cancer commonly initiates when
strong tissues in the line of rectum change and develop
abnormally, resulting in a mass called tumour. The dataset
comprised of 2000 genes with 62 colon tissues, out of
which 22 tissues were normal and 42 were cancerous.
Colon dataset given by Alon et al, and Ben-Dar et al, was
utilized for binary tissue classification.’>17 Since then, this
dataset is progressively utilized and analyzed by many
researchers.

Breast Cancer: Breast cancer is a type of cancer occuring
in the breast cells. This cancer is common in many parts of
the world.’® This dataset comprised of observations on
4869 genes from 77 tissue samples, of which 33 were
noncancerous and 44 cancerous. The data matrix is a 77 x
4869 binary class problem. This data was taken from the
study conducted by Michiels et al.1?

Lymph node breast cancer: This data consisted of 144
lymph node breast cancer patients. Gene expression
measurements of 70 genes were signals for metastasis-free
survival. A class variable was represented by “event”. This
data was used by Marc et al, to discover the most reliable
means of signals in breast cancer that help in selection of
patients for systemic treatment.20

Leukaemia: Leukaemia is a group of cancerous blood
forming cells. It usually starts in the bone marrow of human
body. This cancer occurs due to a mass production
consisting of abnormal white blood cells, which fight
against infection and toxicities.2! The leukaemia data was
published by Golub et al,22 consisting of observations on
72 tissue samples and 7129 genes.

Serrated colorectal carcinomas: Serrated colorectal
carcinomas (CRCs), that are morphologically different from
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usual CRCs, have been proposed to follow a unique
pathway of CRC formation. The dataset has been taken
from a study to examine the gene expression profiling of
37 serrated CRCs against conventional CRCs, and to identify
differentially expressed genes representing potential
biomarkers for serrated CRC.23 Observations on a total of
22215 genes from the tissue samples have been made.

Table 1 gives a brief summary of the datasets showing the
number of tissue samples, number of genes and classwise
distribution of tissue samples as noncancerous and
cancerous in each dataset.

Gene expression data are commonly given in the form of
an expression matrix, X=[x;], such that Xe Rmxd and [x;:] is
the expression value of gene j for the ith observation
where j=1,...,d and i=1,...,n. Each tissue sample also has a
response class label, y;, that showed the phenotype of the
observation (tissue sample) being observed. Let YeR” be
the set of class labels given that its element, y;, has a unique
value ¢ which is either 1 or 0.

The method exploited the idea of bagging and variable
importance using random forest mechanism to select the
relevant genes. Bagged classification trees used to ensure
that all genes are given the chance to contribute in tree
construction. At each node all the “d” features were
considered for choosing the best split. On the other hand,
trees in random forest were grown on bootstrap samples
by considering a random set of p<d features for node
splitting. A large number of bagged forests, each consisting
of a small number of trees, were grown on bootstrap
samples from the training part and the most accurate
forests were selected based on out-of-bag error estimates.
The selected forests are combined together and used to
rank genes in the random forest style. Gene scoring was
done as follow:

In each tree of the forest, a binary split was made on the
gene that gives the best possible partition of the tissue
samples. This was done by computing an impurity measure
(Gini index here) of class distribution in the original sample
set and the sets formed due to the binary split. Gene that
gives the least value of the Gini index is chosen for splitting
the tissue samples. This process was iterated recursively on
each consequent partition until there remains a single
tissue sample in the resulting node. Each time a partition
of a node is made on a gene, the Gini impurity measure for
the two resulting nodes is less than the parent node. Gini
decreases for each individual gene were added over all the
trees in the forest. Genes with the highest added decrease
were selected as the final set of genes.

Let M be the total number of forests each consisting of B
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trees. After estimating the out-of-bag errors of all the M
forests, top L forests with the smallest errors were selected
and combined to form a bagged tree ensemble. The final
ensemble thus consists of 7=LxB trees. To calculate the
importance of a gene x; i.e., Imp(x;), for predicting Y,
weighted impurity decreases p(?)Ai(s,t) for all nodes ¢
where x; is used as the split variable, were added and
averaged over all the T trees in the final forest, i.e.,

Imp(x)=1/T I13v;- v(s=xi) P(YAi(s,1),

where p(t) is the proportion T,/ of tissues reaching t and
v(s,) is the gene used in split s,. Ai(s,?) is the maximum
decrease in impurity at node ¢ for the split s, that divides
the n, node samples into ¢; and t; and is given by

Di(s,0)=i(t)-p, i(t;)-pgilty),

where i(z) is the Gini impurity measure, p;=n;,/n, and
Pr=nt, /Ny

The proposed BSF method took the following steps for
genes selection.

1.Grow a large number M of bagged tree forests each
consisting of a small number of trees, say B and rank
them with respect to their out-of-bag error.

2. Select a certain number of the top ranked forests, say L.

3.Combine the top ranked L forests to form a final
ensemble of LxB bagged trees.

4.Rank genes using the selected forest by calculating the
Gini score of each gene.

To evaluate different gene selection approaches, it is
necessary to check the accuracy of a classifier applied after
the gene selection procedure, where classification is done
only on the selected genes. By this evaluation, one could
check the ability of genes that regulate the tissue target
class. Authors have used different gene selection methods
and have shown that gene selection methods have
significant effect on a classifier accuracy.2425 The same
approach has been utilized in another study.3

Random forest and support vector machine approaches
were utilized to assess the predictive power based on the
selected genes in comparison with three other state-of-
the-art methods, i.e., Wilcoxon rank sum test,' masked
painter and proportional overlapping analysis. A brief
description of the classifiers is given as follows:

Support vector machine (SVM)

Support vector machine (SVM) is one of the most
commonly used classifiers.26 The simplest kind of SVM is
the linear SVM classifier. In linear classification, a separating
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plane is said to be the best if it has the maximum margin
from both the classes. The margin line is the space between
two equivalent hyper planes, each of which goes into the
support vectors of one class.

Random Forest (RF)

Random forest is an ensemble learning procedure for
classification and regression problems that consisted of
many decision trees, where each tree is grown on bootstrap
sample from the training data.8 A new tissue sample is
classified on the basis of majority voting from the decision
trees in the forest.

Several other classification methods could be considered
in addition to random forest and support vector machine
to evaluate the performance of the genes selection
methods.27.28

The given datasets were divided into 70% training part (for
feature selection and model fitting) and 30% testing (for
performance evaluation) part. In the first phase, feature
selection methods were applied on the training part. Top
20 genes were selected by all the gene selection methods.
In the second phase, the two classifiers were applied on the
training part of each dataset with selected set of genes and
then the required metrics were calculated on the testing
parts. This process was iterated 500 times and final results
were the average from all the combination of the runs. For
all the analysis, R programming language has been used.
For the SVM and RF classifiers, ‘kernlab’ and ‘randomForest’,
R packages were used, respectively. The default values of
the paramethers as given in the corresponding packages
have been used. For random forest, number of trees have
been fixed at 500, node size was set to 1 and the number
of genes selected randomly at each node of the tree was
the square root of the total number of genes. In the case of
SVM, the linear kernel has been used along with the default
automatic selection for the alpha parameter.

Performance Evaluation

To assess the predictive performance of the classifiers
based on the selected set of genes identified by the gene
selection methods, classification accuracy, sensitivity and
Brier score have be used as performance measures. These
measures are explained as follows:

Classification accuracy: Classification accuracy was
obtained by dividing the number of correct classifications
on the total number of tissue samples in the test data. This
measure could be easily obtained from a matrix formed by
cross tabulating true tissue status vs prediction made by a
model. This matrix was known as confusion matrix and is
given below.
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Prediction True Status
Postive Negative
Postive TP (ny;) FP (r;,)
Negative | FN (1)) TN (n,5)
Sensitivity Specificity
_ (n) _ (n)
(nytnyy) “(nytngs)

In the above table, TP indicated the number of positive
cases classified as positive in the test data; FP was the count
of negative cases labelled as positive; FN was the count of
positive cases labelled as negative and TN was the count of
negative cases labelled as negative. Based on this,
classification accuracy was given as
(TP+TN)
(TP+FP+TN+FN)

Accuracy=

Sensitivity: Sensitivy, also called true positive rate (TPR) is
the proportion of positive instances that are accurately
classified as positive. It is also called recall and hit rate and
is given by
- TP

Sensitivity= “TPLEN)
Brier Score: Brier score is a scoring criteria that measures
the accuracy of probabilistic prediction.29 A probabilistic
prediction indicated an exact outcome/event. This score is
commonly used for binary class problems. For true
predictions, Brier score would be closed to 0 and close to 1
otherwise.

Brier score could be computed as follows

z#a;g]ftest point(yi - )2

# of tissue samples in test data

BS=

where,
y= A particular tissue class value in 0, 1 form;
p’;= Estimated class probability

Results

Tables 2-6 give the results of all the gene selection methods
i.e. the proposed BSF method, Wilcoson, proportional
overlapping score (POS) method and masked painter (MP),
on the 5 datasets via random forest (RF) and support vector
machine (SVM). In the given tables, the first column showed
the classifiers, the second was the performance measure
used against each of the classifiers and the subsequent
columns were the values obtained for the measures for
each gene selection method. The result of the best
performing method is shown in bold.
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Table-1: Summary of the datasets.
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Table-6: Performance of the methods on leukaemia dataset.

Methods
Classifier SF Wilcoxon POS MP
RF Sensitivity 0.8753 0.7701 0.7831 0.6119
BS 0.1103 0.2110 0.203 0.2142
Accuracy 0.9214 0.8391 0.8871 0.7536
SVM Sensitivity 0.7661 0.7335 0.6552 0.6112
BS 0.0332 0.1130 0.2411 0.1142
Accuracy 0.7552 0.7315 0.7112 0.6351

Datasets Samples Genes Class sizes
Lymph node breast cancer 144 77 96/48
Colon 62 2000 40/22
Breast Cancer 77 4948 33/44
Leukaemia 72 7129 47/25
Serrated colorectal carcinomas 37 22215 29/8
Table-2: Performance of the methods on colon dataset.
Methods
Classifier SF Wilcoxon POS MP
RF Sensitivity 0.6698 0.6479 0.6345 0.5341
BS 0.1431 0.1575 0.1457 0.1511
Accuracy 0.8508 0.8495 0.8391 0.7371
SVM Sensitivity 0.4211 0.2396 0.4474 0.4131
BS 0.1691 0.1924 0.1694 0.1832
Accuracy 0.7554 0.7109 0.7542 0.6632
Table-3: Performance of the methods on breast cancer dataset.
Methods
Classifier SF Wilcoxon P0OS MP
RF Sensitivity 0.8372 0.8298 0.7746 0.6351
BS 0.1453 0.1828 0.2069 0.2113
Accuracy 0.7931 0.7482 0.6309 0.6310
SVM Sensitivity 0.7798 0.8214 0.7876 0.6115
BS 0.1521 0.1592 0.2377 0.2641
Accuracy 0.7807 0.7759 0.6414 0.6192

Table-4: Performance of the methods on lymph node breast cancer dataset.

Methods
Classifier SF Wilcoxon POS MP
RF Sensitivity 0.8124 0.8030 0.7599 0.7991
BS 0.0996 0.1095 0.1149 0.2013
Accuracy 0.8754 0.8630 0.862 0.7539
SVM Sensitivity 0.7697 0.7475 0.6227 0.6422
BS 0.1194 0.1329 0.15671 0.2110
Accuracy 0.8536 0.8515 0.8113 0.7566

Table-5: Performance of the methods on serrated colorectal carcinoma dataset.

Methods
Classifier SF Wilcoxon POS MP
RF Sensitivity 0.6842 0.2997 0.2043 0.2110
BS 0.0720 0.1603 0.1611 0.1562
Accuracy 09177 0.7847 0.8025 0.7331
SVM Sensitivity 0.3100 0.0069 0.0124 0.2741
BS 0.0241 0.1730 0.1799 .0.1526
Accuracy 0.8215 0.7828 0.7848 0.6317

Table 2 gives the results of the methods for colon data,
Table 3 demonstrates the results for breast cancer data and
Table 4 gives the results of all the methods for nki dataset.
Table 5 and Table 6 give the results of the gene selection
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methods on GSE4045 and leukaemia datasets, repectively.

Top 20 genes were selected by each method and the rest
were discarded. Classification accuracy, sensitivity and Brier
score (to know the degree of belief in classification) were
calculated on tissue samples in the test set. This process has
been repeated 500 times on different random partitions of
the datasets. The BSF method gave better result than the
other competitors. The proposed BSF method achieved the
smallest Brier score values in most of the cases. Further
discussion on individual dataset is as follows:

For colon dataset, the random forest and SVM classifiers
gave the highest accuracy on genes selected via the
proposed BSF method as compared to the Wilcoxon, POS
and Masked Painter methods. Accuracy of the proposed
method by using random forest classifier was 0.8508,
whereas accuracies of the competitors, i.e., Wilcoxon, POS
and Masked Painter methods were 0.8495, 0.8391 and
0.7371, respectively. Likewise, random forest attained the
highest sensitivity for the proposed method, which is
0.6698. The sensitivity for Wilcoxon, POS and masked
painter by using random forest classifier were 0.6479,
0.6345 and 0.5341, respectively. Similar conclusion was
drawn from the SVM classifier results. In terms of Brier score,
the proposed method has also outperformed the other
three methods via both the classifiers.

Likewise Table 3 reflected the highest accuracy and
sensitivity for breast cancer of the proposed BSF method
via random forest classifier i.e. 0.7931 and 0.8372
respectively, with minimum Brier score of 0.1453. Moreover
on SVM classifier the proposed BSF method outperformed
all the competitors in terms of Brier score and accuracy,
while, Wilcoxon excelled other methods, with regard to
sensitivity.

For lymph node breast cancer dataset the proposed
method has achieved the best results in terms of
classification accuracy, sensitivity and Brier score among all
the other methods, on both the classifiers, as can be seen
in Table 4.

The results on the cerated colerectral carcinoma dataset
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better than all the other methods on the

leukaemia dataset. Using random forest
classifier the accuracy and sensitivity of

the proposed BSF method was 0.9214

and 0..8753, surpassing all the other

methods. The accuracy of the

competitors, i.e, Wilcoxon, POS and
masked painter via random forest s
0.829, 0.88871 and 0.7536, respectively.

Microarray

The proposed method has the smallest
Brier score as compared to all the other
methods via random forest classifier.

Genes
Tissue
samples 1 2 3 i d
1
2
3
J [xi]
n /

Similarly SVM classifier has given the

/

Anexpression value |

highest accuracy, sensitivity and the
smallest Brier score for the proposed
method, which is 0.7552 , 0.7661 and

Figure-1: Microarray gene expression dataset.

0.0332, respectively.

Discussion
—1 Sub-Forest1 I This work has proposed a gene selection
Out-of-bag error method using gene ranking via Gini score
[ Sub-Forest2 | assessment method in conjunction with bagged tree
= ensemble (Figure-2). The proposed method is
Er;ining based on a greedy search approach that selects
the best bagged tree forests from a large pool
] of forests based on their out-of-bag error. The
0 Top L proposed method achieves improved gene
] forests selection in two folds, i.e. selecting the best tree
forests while discarding those that do not
perform well in the training phase, and
considering all the genes for finding the best
splitting variable at each node of the trees in
Gene Ranks Combining L the forest. On the other hand, the standard
forests random forest® considers node splitting on a
randomly selected subset of genes/features
Figure-2: Flow chart of the proposed method. and might have the likelihood of ignoring

were tabulated in Table 5. Substantial difference could be
noted in terms of accuracy, sensitivity and Brier score of the
proposed method via both the classifiers. The Accuracy
and sensitivity of the proposed method via random forest
classifier are 0.9177 and 0.6842, respectively, which is much
higher than the other methods. The Accuracy of Wilcoxon,
POS and masked painter were 0.7847,0.8025 and 0.7331,
respectively, via random forest classifier. On random forest
classifier the Brier score of the proposed method was less
than all the other methods. The SVM classifier too yielded
the highest accuracy, sensitivity and the smallest Brier score
for the proposed method.

Likewise, it could be noted from Table 6, that the accuracy,
sensitivity, and Brier score of the proposed method via the
random forest and SVM classifiers were comparatively

important features/genes in the model building
process. The proposed method has outperforemed all the
methods on almost all the datasets considered in this
paper. In addition to classification accuracy and sensitivity,
Brier scores29 has also been used as performance measure
to know the degree of belief in classifying observations to
their correct target classes based on the selected set of
genes. The proposed method has outperformed all the
state-of-the-art methods on all the datasets given in this
paper in terms of Brier score. This suggests that the
proposed method could be used for gene selection to
classify observations into their correct target classes with
higher degree of belief as compared to the other methods,
i.e. POS,'6 Wilcoxon rank sum test’ and MP.'3 Genes
selected via the proposed method also give higher values
of sensitivey for majority of the datasets considered using
random forest® and support vector machine2¢ classification
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algorithms. This means that the proposed method could
be more effective in avoiding false positives as compared
to the rest of the methods. Moreover, as the proposed
method selects the best performing sub-forests and
discards those with poor performance, this reduces the size
of the final ensemble which in turn saves computational
costs in terms of storage resources.

Conclusion and Future Work

A novel gene selection method has been proposed in this
paper that is based on an ensemble of the most accurate
forests chosen from a large pool of small size forests grown
by the method of bagging. The method has been
compared with other state-of-the-art methods used in
literature for gene selection on a total of 5 gene expression
datasets. The analyses have revealed that the proposed BSF
method has outperformed the other methods in almost all
the cases. This means that the proposed method could
effectively identify those genes that have the highest
discriminative ability to classify a given tissue sample to its
correct target class. The main limitation of the method is
computational complexity. This could be avoided by using
parallel computing.
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