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Abstract—In this paper, we propose an iterative algorithm of
key feature selection for multi-class classification problems, where
the data includes a large number of features but the amount of
data is limited. For efficient classification, the proposed algorithm
first extracts a set of key feature candidates based on Boruta
algorithm and then iteratively adopts conventional machine
learning based classification algorithms to determine key features.
Simulation results show that the proposed algorithm can
effectively determine key features, leading to improved
classification accuracy compared to direct adoption of multi-class
classification algorithms.
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L INTRODUCTION

As the machine learning algorithms have been developed
and show the effectiveness in practical applications, they have
been deployed in a variety of industries. In particular, it is shown
that machine learning algorithms can be very effective in data
analytics, where inference or predictions can be made by well
approaches such as regressions or classifications [1]. In this
paper, we consider omics data, which is biological data set with
a large number of molecular dimensions, such as genome,
proteome, transcriptome, etc. [2]. An illustrative example of the
omics data is shown in Fig. 1. This implies that the omics data
inherently include a huge number of features. While it is
inevitable to understand the interactions in genomes, proteomes,
transcriptomes, etc. [2], it is significantly challenging to analyze
the omics data. This become even more challenging if the omics
data has multiple groups.

Our focus of this paper is on analyzing the omics data and
extracting key features for multiple group classification. If the
goal is to simply solve the multi-class classification problems,
we may adopt algorithm adaptation techniques [3],[4] by
extending several classification algorithms such as support
vector machine (SVM), random forest, linear regression, K-
nearest neighbors, Naive Bayes, decision tress, etc. that are
basically designed for binary class classification into multi-class
classification [5]. However, this approach may not explicitly
show which features are key for multi-class classification.

We propose an iterative algorithm that both feature
extraction process and feature evaluation process, in order to
solve multi-class classification problem as well as identify key

978-1-7281-1340-1/19/$31.00 ©2019 IEEE

523

Features (genes)

Class RBM47  TTC26 UBA6 KIAA1598 ARHGEF37 ILVBL PLEKHG3 SSCSD !
NM 0649338 -519358 231718 13735 -530624 246925 -4.33641 -3.52004
NM 200035 -241425 22309 0788849 -346046 195065 -5.33386 -3.77726
NM 142062 0.732737 0.125049 0.514269 -0.69913 0.15233 -4.1182 0.084689
%) NM 29477 -062715 213276 0.879399 -3.58127 0.849304 -5.09208 -3.51096
E NM 250203 -0.67889 24103 2.08709 -4.11236 146412 -3.69574 -3.62509
® 5‘ NM 202746 -1.64112 16627 147838 -221354 167401 -3.52425 -4.11289
o, NM 136052 -045542 173973 0.624249 -305133 274077 -3.03955 -4.44097
] NM 0.24694 -596444 238565 0720784 -4.76066 0.792288 -4.72079 -2.20116
E NM 1.55198 -0.64969 252934 1.85306 -1.28852 218104 -324259 -0.86
Q NM 237824 0.199426 194369 126013 -2.5338 1.65448 -2.62308 -1.61276
M 0.560702 -2.68546 24969 -0.80661 -2.36141 0448305 -521313 -0.87745
w 1.02538 -1.92189 1.84335 129495 -0.39962 1.40026 -5.24296 -0.84506
M 0650942 -1.1295 1.14373 1.28349 -29202 1.65793 -24514 -0.76579
™ 154541 -1.8131 1.59697 0.74696 -1.993 111007 -5.66087 -1.10636

FIG. 1. AN EXAMPLE OF OMICS DATA SET (PART). THE OMICS DATA IN THIS
EXAMPLE INCLUDES THREE GROUPS (NM, LM, AND M) WITH 6,304
FEATURES. THE TOTAL NUMBER OF DATA POINTS IS 30.

features. Feature selection is the process where the features that
contribute most to prediction variable or output are determined
and selected [1], [5]. This process may remove irrelevant or
partially relevant features which can negatively impact on the
performance. It is generally known that the feature selection is
the first and the most important step for classification model
design. For example, several machine learning algorithms such
as regularized trees [6], decision tree [7] include the feature
extraction process. A good feature selection should be able to
avoid overfitting, improve accuracy and reduce training time,
thereby leading to efficient decision making with less data and
time requirements. In this paper, we adopt the Boruta algorithm
[8], [9] as a feature selection algorithm that can reduce the
number of features included in the data set and return a set of
significantly reduced number of key feature candidates.

In the set of key feature candidates, key features can be
identified and determined by adopting machine learning based
classification algorithms. In particular, some feature
combinations randomly selected from the set of key feature
candidates are evaluated by machine learning algorithms. This
process is performed iteratively until key features are identified.
Note that the proposed algorithm does not need to modify
existing machine learning algorithms. Rather, the propose
approach can improve the performance of the algorithms by
significantly reducing the number of features that need to be
considered. The potential issues incurred by deploying binary
classification machine learning algorithms in multi-class
classification problems have been tackled by several approaches
[10]. In this paper, we use Naive Bayes, Random Forest, Linear
Discriminant Analysis (LDA) as machine learning algorithms
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FIG. 2. OVERVIEW OF PROPOSED ALGORITHM

for multi-class classification. An overview of the proposed
algorithm is shown in Fig. 2.

This paper is organized as follows. In Section II, we describe
the proposed algorithm for multi-class classification problem.
Then, we present experiment results that show the effectiveness
of the proposed algorithm for real omics data collected from a
cohort in Section III. Finally, the conclusions are drawn in
Section I'V.

1L

The proposed algorithm consists of feature extraction
process and feature evaluation process. The proposed algorithm
does not need to modify machine learning algorithms so that we
can easily adopt algorithms for classification. This can reduce
the time and memory required for classification compared to the
multi-class classification algorithms with the extracted features.
Finally, the proposed algorithm can provide key features for
classification.

PROPOSED ALGORITHM

A. Feature Extraction Algorithm

In the proposed algorithm, we deploy the Boruta algorithm
for feature extraction. It computes the importance considering
of all the features. Then, it iteratively continues comparing
existing feature importance and achievable importance at
random.

In our implementation, we repeatedly apply Boruta
algorithm 3,000 times and then extract 50 key features based on
the variable importance measure. As the number of high
importance features may vary for different data sets, it is
desirable to reduce the number of features, which can be
achieved by using the Wrapper method [11], [12]. The Wrapper
method is the procedure for deciding subset among the
characteristic universal set and finding feature set based on
training model comparison constructed by adding or subtracting
features. Finally, it is possible to model a generalized pattern
while avoiding overfitting problem.
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B. Machine Learning based Feature Evalution

Given the features extracted from the feature extraction
algorithm, several machine learning algorithms are deployed.
Specifically, we use the following algorithms.

¢ Naive Bayes: Naive Bayes assumes that every feature of
the data is equivalent and independent. It also assumes
that all features contribute individually to the probability
if the size of data set is small during training. Naive
Bayes classifiers are based probability models and can
be trained efficiently in supervised learning [13], [14].

* LDA: LDA is a classification model by making decision
of data distribution during learning. To separate each
cluster properly, LDA appoints straight line to divide
classes by keeping away center of each class and
reducing their standard deviation. Then, a subset of the
features becomes the set of selected characteristics. The
dimension can be reduced by properly selecting features
[15], [16].

* Random Forest: Random Forest can be used in
classification or regression by training multiple decision
trees. In classification, a decision tree is created
randomly at the time of learning. It assembles randomly
generated decision trees that make decisions based on
different feature sets, allowing them to vote on the most
common class [17], [18].

Note that these algorithms are adopted in order to evaluate
the features selected by feature elimination process. This
process is repeated until key features are determined.

III. EXPERIMENT RESULTS

In order to evaluate the performance of the proposed
approach, we consider the omics data for breast cancer cells.

A. Experiment Setup

The data set with 30 data points consist of three groups,
labeled as NM, LM and M, which represent no metastasis, late
metastasis and metastasis, respectively. Each group has 10 data
points from breast cancer cells. The data we used represent gene
expression patterns in breast cancer cell lines. Each class is
characterized by cell lines and therapy methods. One group (LM
/NM /M) is used for three-class classification and the numbers
of features in this group is 6,332. Since the number of data
points for each class is 10, the data set of groups (LM / NM / M)
has 30 data points in total and 6,332 features as shown in Fig. 1.

The Boruta algorithm used in the feature extraction process
determines 50 key feature candidates, where they are further
reduced into 8-11 features by Wrapper method. [11], [12]. The
Wrapper method generates feature subsets by adding each
features selected from the set of key feature candidates
determined by Boruta algorithm. Then, the features included in
each feature subset are used in machine learning based
classification. The importance of subset features is determined
based on the accuracy of 90% and features highly ranked by the
importance are finally extracted. The number of key features
multi-class classification algorithm is 10-24 depending on
deployed machine learning algorithms described in Section I1.B.
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FIG. 3. RESULTS FOR WRAPPER METHOD BY DIFFERENT
MACHINE LEARNING ALGORITHM

B. Experiment Results

An illustrative example of results from the wrapper method
is shown in Fig. 3. The set of key feature candidates (37 features)
selected from Boruta algorithm is used as an input of the
wrapper method. The threshold for accuracy is set as 0.9 that is
shown as a red line in Fig. 3. This is the result of evaluating the
accuracy of the set with the machine learning algorithm while
increasing the number of features one by one. For example,
Naive Bayes, there are 32 features above the threshold. Key
features set are found through this method iteratively.

The experiment results are summarized in Table I and Table
II, which present the classification accuracy obtained from
1,000 independent experiments for different settings. Table I
shows the performance of the proposed algorithm while the
performance of direct adoption of machine learning algorithms
without feature extraction.

It is clearly shown that the overall accuracy of the proposed
approach outperforms the direct adoption of multi-class
classification machine learning algorithms without feature
extraction. For example, machine learning based classification
without key features shows 48%-65% accuracy. However, the
proposed algorithm that uses extracted key features shows 80%-
93% accuracy. Hence, we can conclude that the performance of
machine learning algorithms can be significantly improved by
using key features. It should also be noted that the proposed
algorithm can explicitly identify the key features, unlike exiting
multi-class classification solutions.

IV. CONCLUSIONS

In this study, we propose an iterative algorithm of key
feature selection for multi-class classification based on feature
extraction process and machine learning based evaluation
process. The proposed algorithm is evaluated by the omics data
actually collected by cohort and it is shown from the experiment
results that the proposed algorithm outperforms the existing
multi-class classification algorithms in terms of accuracy.
Furthermore, the proposed algorithm is able to identify key
features for classification.
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