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ABSTRACT Gene expression profiling is a useful technique for analyzing cellular function, and gene
expression profiles are widely studied in human cancer research. Gene expression data usually consist of
a very large number of features and a relatively small number of samples, and extracting a small number of
important features from these data is a major challenge of gene expression-based analysis in cancer research.
In this paper, we propose an embedded feature selection algorithm using boosted linear regression-based
feature selection. The boosting technique is applied to derive the ensemble feature selector and improve
the performance of linear regression-based feature selection. The proposed feature selection algorithm,
called boosted regression-based feature selection for the multilayer perceptron (BREG-MLP), repeats the
boosted feature selection process to extract the smallest feature subset while maintaining good classification
performance. We apply the proposed BREG-MLP to some human cancer-related gene expression data
sets for the purpose of extracting important features, and we confirm that BREG-MLP offers improved
performance compared to single regression-based feature selection methods.

INDEX TERMS Boosting, feature selection, linear regression, gene expression profile.

I. INTRODUCTION
Gene expression profiling is useful for understanding cellular
function by visualizing the expression (activity) patterns of
thousands of genes at the transcription level at specific times.
Genes contain the information needed to generate messen-
ger ribonucleic acid (mRNA), and the activity of genes that
produce mRNA is affected by many factors, including time,
environment, and signaling with other cells. Since the expres-
sion level indicates whether the gene is active under certain
conditions, analysis of gene expression can contribute to
research on cancer-related topics such as diagnosis, progress
tracking, and prediction of treatment efficiency [1], [2].

Various studies have been conducted on gene expression
profiles in relation to human cancer. In particular, it is impor-
tant to identify only the important features related to can-
cer in expression data consisting of large numbers of fea-
tures and relatively few samples. In [3], tumor samples of
acute myeloid leukemia patients and their nearest normal
samples were compared using expression profiles. A gene
expression-based landscape of the normal sample was first
generated, and tumor samples were mapped to this land-
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scape using principal component analysis (PCA). In addition,
a method for identification of cancer types based on gene
expression data was proposed in [4]. Low-rank representa-
tion [5] using matrix decomposition was applied to extract
discriminative features, and self-trained k-means clustering
was used for cancer classification.

However, dimension reduction presents significant limita-
tions in modifying raw data. In regards to gene expression
profile analysis, dimension reduction makes it difficult to
identify genes that are important in terms of the biological
pathways associated with cancer. Therefore, feature selection
methods for finding cancer-related genes without changing
raw expression data have been widely studied [6].

Recently, artificial intelligence, including machine learn-
ing and neural networks, has been experiencing rapid devel-
opment. There are many studies applying these technologies
to the fields of computational biology and bioinformatics
to analyze complex relationships in biological data [7]–[9].
Before a machine learning technology can be applied, it is
necessary to select important features to reduce computa-
tion time and improve learning accuracy [10], [11]. When
machine learning is applied to bioinformatics, feature selec-
tion is more important to remove irrelevant and redundant
data from large biological data sets.
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The linear regression-based feature selection method with
neural networks is one of the famous feature selection meth-
ods that can provide an interpretable and high-performance
feature selection model [12], [13]. In this paper, we pro-
pose an embedded feature selection algorithm based
on linear regression and neural network called boosted
regression-based feature selection for the multilayer percep-
tron (BREG-MLP). Linear regression analysis is applied to
extract important features without changing the raw data.
To improve the performance of regression-based feature
selection, the boosting technique is utilized to create an
ensemble of various linear regression methods. The proposed
boosted feature selection procedure is repeated to derive
the smallest feature subset that maintains high classification
performance. For six different human cancer-related gene
expression profiles, the proposed BREG-MLP is applied to
extract gene signatures.

The remainder of this paper is organized as follows.
Section II reviews various feature selection methods. The
background concepts of linear regression, multilayer percep-
tron (MLP), and boosting are summarized in section III.
Section IV presents the detailed proposed feature selection
algorithm called BREG-MLP. The experimental results of the
proposed method are presented in section V. Finally, section
VI concludes this paper.

II. RELATED WORKS
Some researchers have been investigating feature selection
methods to find cancer-related genes without changing the
raw expression data. Generally, feature selection methods
can be divided into three categories: filter, wrapper, and
embedded methods. The filter method does not use learning
models and ranks features according to specific criteria such
as correlation [14] and mutual information [15]. For gene
expression analysis, the independent statistical characteristics
of genes or correlation analysis between genes taking into
account coexpression were considered. In [16], differentially
expressed genes (DEGs) in metastatic and non-metastatic
melanoma were identified using p-values and the false posi-
tive rate (FPR). Based on the hypothesis that long noncoding
ribonucleic acids (lncRNAs) with similar expression patterns
share similar functions or are involved in common biological
pathways, correlation analysis and p-values were used to find
lncRNA signatures related to the recurrence risk of breast
cancer [17]. A computational verb system [18] was applied
to describe the trend of changes in expression levels of gene
pairs for significant gene selection and cancer classification
in [19].

The wrapper method utilizes learning techniques to find
the optimal subset of features. The wrapper method searches
for possible feature subsets, which is computationally expen-
sive, but can provide better performance than the filter
method. Search algorithms such as genetic algorithm [20],
particle swarm optimization [21], and firefly algorithm [22]
were frequently applied to wrapper-based feature selection.
On the other hand, the embedded method tries to combine

the advantage of both the filter and wrapper methods by built
in the feature selection process into learning. In addition,
there is the hybrid method that reduces feature space using
the filter method before applying the wrapper method [6].
By considering gene expression profile, gene selection was
performed using a recursive particle swarm optimization
that refines the feature space into fine-grained level in the
successive step [23]. In [24], informative and predictive
genes that cause cancer were selected by integrating f-score
filter and firefly algorithm with support vector machine
classification.

Artificial intelligence, containing machine learning and
artificial neural network, is excellent for pattern recognition,
natural language processing, classification, and dimension
reduction. Recently, researches have been actively conducted
to develop advanced machine learning and artificial neural
networks, which were applied to various problems [25], [26].
Recent advances in artificial intelligence have a significant
impact on the development of dimension reduction and wrap-
per/embedded feature selection methods [10], [11]. Autoen-
coder performs mapping from high dimensional data to low
dimensional representations and is frequently used for dimen-
sion reduction [27]. In [28], a stacked denoising autoencoder
and the dropout were applied to predict the impact of genetic
variants on gene expression profiles. By considering both the
raw data and the results of PCA, linear and nonlinear associa-
tions between gene expressions were analyzed to detect clin-
ical outcomes of breast cancer using an autoencoder [29]. On
the other hand,MLP, which is a kind of feed-forward artificial
neural network, is used not only for dimension reduction, but
also for wrapper and embedded feature selection [30], [31].
A linear regressionmethod called the least absolute shrinkage
and selection operator (LASSO) andMLP configurationwere
integrated for embedded feature selection, and the feature
selection procedure was repeatedly performed to improve the
performance of feature selection [12]. In addition, the elastic
net was applied to improve feature selection performance of
LASSO-based method of [12] in [13]. In [32], the random
forest model was integrated in a deep neural network, which
has a large number of hidden layers between the input and
output layers, to detect sparse feature representations from
gene expression profiles while preventing overfitting.

III. BACKGROUND
A. ABBREVIATIONS
The abbreviations used in this paper are as follows.

mRNA: messenger ribonucleic acid; PCA: principal com-
ponent analysis; RREG-MLP: boosted regression-based fea-
ture selection for multilayer perceptron; MLP: multilayer
perceptron; DEG: differentially expressed gene; FPR: false
positive rate; lncRNA: long noncoding ribonucleic acid;
LASSO: least absolute shrinkage and selection operator;
XOR: exclusive-or; TP: true positive; TN: true negative;
FP: false positive; FN: false negative; ACC: accuracy; TPR:
true positive rate; ROC: receiver operating characteristic;
AUC: area under receiver operating characteristic; GEO:
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gene expression omnibus; FC: fold change; ReLU: rectified
linear unit;

B. LINEAR REGRESSION
Let the data matrix be X ∈ RN×P and its class vector be
y ∈ RN , which means that we have N samples and that each
sample consists of P features and a single class label. Let
xn = {xn,1, xn,2, · · · , xn,P} be the nth data vector and yn be
the nth class. Then, the linear regression analysis models a
linear correlation between the dependent variable (yn) and the
independent variable (xn). The usual linear regression model
is as follows

yn = β̇1xn,1 + β̇2xn,2 + · · · + β̇Pxn,P + εn (1)

where β̇ = {β̇1, β̇2, · · · , β̇P} is the regression coefficient
vector and εn is the error term for the linear regression of xn.
Then, the linear regression model estimates the appropriate β̇
values to minimize εn.

In LASSO regression, the L1 penalty is considered while
finding β̇ by minimizing the error in the regression analysis.
In other words, LASSO tries to minimize the sum of the abso-
lute values of the coefficients. Therefore, some coefficients
become zero, and only features with nonzero coefficients
remain. Then, LASSO is formulated as

β̇ = argmin
β

ε1 + λ1 P∑
p=1

∣∣βp∣∣
 (2)

where ε1 is the estimation error of the LASSO model and
λ1 > 0 is the control parameter of the L1 penalty. LASSO
regression mainly conducts feature selection by penalizing
the number of features used for regression, i.e. the number
of features with nonzero coefficients.

On the other hand, ridge regression uses the L2 penalty
instead of L1:

β̇ = argmin
β

ε2 + λ2 P∑
p=1

β2p

 (3)

where ε2 is the estimation error of the ridge model and λ2 > 0
is the control parameter of the L2 penalty. Ridge regression
tends to reduce all coefficients at once and offers the benefit
of coefficient shrinkage.

LASSO has the limitation of selecting one feature from a
group of highly correlated features while ignoring the others.
In addition, LASSO may assign zero coefficients to all or
almost all features, so there may be no remaining features.
To overcome these limitations, the elastic net combines the L1
and L2 penalties of the LASSO and ridge regression models
as follows:

β̇ = argmin
β

ε + λ1 P∑
p=1

∣∣βp∣∣+ λ2 P∑
p=1

β2p

 (4)

where ε is the estimation error of the elastic net. There are two
penalties in the elastic net: the L1 and L2 penalties. The ratio

FIGURE 1. MLP network structure.

of the L1 penalty can be defined as r = λ1/(λ1 + λ2), and
the control parameter of the overall penalty can be defined
as λ = λ1 + λ2. Then, the regression model is controlled by
using r ∈ [0, 1] and λ > 0.

C. MULTILAYER PERCEPTRON
The perceptron, the basic model of artificial neural networks
proposed in [33], calculates one output by assigning weights
to multiple inputs. However, the perceptron has a limitation
in that nonlinear classification, such as exclusive-or (XOR),
is impossible. To implement nonlinear classification, anMLP
has been developed that stacks perceptrons into multiple
layers and adds one or more hidden layers between the input
and output layers [30], [31].

Fig. 1 shows the general MLP network structure. Assume
that there are L hidden layers in the network with
q(1), q(2), · · · , q(L) neurons. The number of neurons in the
input layer is q(0) = P, and there is one neuron in the output
layer. The weight between the ith neuron of the (l−1)th layer
and jth neuron of the lth layer is defined as w(l)

i,j for all l ∈
{1, 2, · · · ,L}, i ∈ {1, 2, · · · , q(l−1)}, and j ∈ {1, 2, · · · , q(l)}.
Additionally, the bias of the jth neuron of the lth layer can
be represented as b(l)j for all l ∈ {1, 2, · · · ,L} and j ∈
{1, 2, · · · , q(l)}. Then, the output of the jth neuron of the lth
layer can be expressed by

ŷ(l)j = f (l)

q(l−1)∑
i=1

w(l)
i,j ŷ

(l−1)
i + b(l)j

 (5)

where f (l) is the activation function of the lth layer and
ŷ(l−1)i is the output of the ith neuron of the (l − 1)th layer.
When l = 1, the (l − 1)th layer means the input layer.
On the other hand, the (L + 1)th layer refers to the out-
put layer. Then, the output of MLP for the nth input xn is
represented as (6), as shown at the bottom of the next page
where g is the activation function of the output layer, w(o)

iL ,0
is the weight between the iL th neuron of the Lth hidden
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layer and the output layer, and b(o)0 is the bias of the output
layer.

D. BOOSTING
Ensemble techniques combine weak models and create pow-
erful single models to obtain improved performance. Boost-
ing is a type of ensemble technique [34]–[36]. Unlike bag-
ging, which collects independent models in parallel, boosting
trains each model sequentially taking into account the errors
of previous models. Then, these trained models are collected
into one model. When adding a new model, the boosting
procedure focuses on resolving errors that have not been
resolved by the aggregated model so far. Therefore, boosting
is ideal for solving difficult problems with high bias. In [37],
boosting was utilized in the recommendation system for pairs
of feature selection and classification methods to analyze
gene expression data. To improve Parkinson’s disease detec-
tion model based on handwritten data, the cascaded learning
system integrating Chi2 model-based feature selection and
selected feature based prediction using boosting was pro-
posed in [38].

Fig. 2 (a) shows a general flowchart of the boosting
algorithm used for classification. First, we need to ini-
tialize the weights, which indicate the difficulty of clas-
sifying each sample. Then, a weak classifier is trained
based on the weighted data. Taking into account classifica-
tion performance, the trained weak classifier is aggregated
into the ensemble classifier, and the weights are updated.
At this point, the weights for misclassified samples are
increased, and the weights for correctly classified samples
are decreased. This update allows the next classifier to
be trained by carefully considering previously misclassified
samples. If there are untrained weak classifiers, we repeat the
above model training and weight update procedures with the
updated weights. Otherwise, we obtain the ensemble classi-
fier.

FIGURE 2. Flowchart of boosting algorithms. (a) Flowchart of boosted
classification. (b) Flowchart of boosted feature selection.

Some researchers have attempted to utilize boosting tech-
niques in feature selection. In [39], the general framework
for boosted feature selection was proposed, and different
boosting algorithms and feature selection methods were com-
pared. Fig. 2 (b) shows a flowchart of the general boosted
feature selection algorithm. The process of boosted feature
selection is similar to that of boosted classification. However,
instead of weak classifiers being trained, weak selectors are
applied to the weighted data. Furthermore, the classifica-
tion is performed using only the selected features. In [40],
the gradient boosting, which utilizes gradient descent algo-
rithm for model ensemble, was modified for feature selection

ŷn = g

 q(L)∑
iL=1

w(o)
iL ,0

f (L)
(
· · · f (2)

( q(1)∑
i1=1

w(2)
i1,i2

f (1)
( P∑
i0=1

w(1)
i0,i1

xn,i0 + b
(1)
i1

)
+ b(2)i2

)
· · ·

)
+ b(o)0

 (6)

ŷn = g

 q(L)∑
iL=1

w(o)
iL ,0

f (L)
(
· · · f (2)

( q(1)∑
i1=1

w(2)
i1,i2

f (1)
( P∑
i0=1

w(1)
i0,i1

β̇i0xn,i0 + b
(1)
i1

)
+ b(2)i2

)
· · ·

)
+ b(o)0

 (7)

β̇ = argmin
β

1
N

N∑
n

(yn − ŷn)2 + λ1
P∑
p=1

∣∣βp∣∣+ λ2 P∑
p=1

β2p

= argmin
β

1
N

N∑
n

[
yn − g

( q(L)∑
iL=1

w(o)
iL ,0

f (L)
(
· · · f (2)

( q(1)∑
i1=1

w(2)
i1,i2

f (1)
( P∑
i0=1

w(1)
i0,i1

β̇i0xn,i0 + b
(1)
i1

)
+ b(2)i2

)
· · ·

)

+ b(o)0

)]2
+ λ1

P∑
p=1

∣∣βp∣∣+ λ2 P∑
p=1

β2p . (9)
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that can identify non-linear feature interactions. To predict the
position of DNA N-4-methycytosine, which is an abnormal
DNA methylation associated with various biological pro-
cesses, the optimized predictor was developed using gradient
boosting feature selection technology [41].

IV. METHODS
BREG-MLP assembles multiple linear regression-based fea-
ture selection results. From (6), the output of the MLP for
input data after a linear regression-based selection is calcu-
lated as (7), as shown at the bottom of the previous page, and
only the selected features with nonzero β̇ values are inserted
into the MLP network. When we consider the mean square
error to evaluate the performance of the regression, ε in (4) is
defined as

ε =
1
N

N∑
n

(yn − ŷn)2 (8)

and β̇ can be described according to (9), as shown at the
bottom of the previous page.

In BREG-MLP, β̇ can be calculated using boosting. Algo-
rithm 1 shows the pseudocode of the boosted feature selection
procedure based on regression and MLP. The set of candi-
date regression models to be used for boosting is defined
as H = {h1, h2, · · · , hT }, and we repeat regression-based
feature selection T times. First, the weight vector α ∈ RN ,
which denotes how difficult it is to classify each sample,
is normalized as a uniform distribution of αn = 1/N for
all n ∈ {1, 2, · · · ,N }. Then, at each tth iteration, the top
Ntrain samples having large α values are assigned as the
training group Mtrain, and the remaining Nvalid = N − Ntrain
samples are assigned as the validation groupMvalid . Then, X
is divided into Xtrain ∈ RNtrain×P and Xvalid ∈ RNvalid×P. The
tth regression model ht performs feature selection for Xtrain
and derives tth regression coefficients β t . Considering only
the selected features based on β t , the MLP is trained with
Xtrain and the trained MLP classifies Xvalid to evaluate the
classification performance of ht . Based on the classification
performance, αm for all m ∈ Mvalid is updated.

If the classification error ηt > ηth, it means that the clas-
sification performance is worse than the predefined perfor-
mance threshold value ηth. Then, αm for all m ∈ Mvalid needs
to be increased so that these samples are carefully considered
in the next feature selection procedure. Therefore, we set
θ t = 0, which is the indicator representing the importance of
the tth selection, and αm for allm ∈ Mvalid is updated as 2αm.
Conversely, ηt = 0 means the tth selection is good enough
to classify samples in Mvalid . Then, set θ t = 1, and αm is
reduced to 0.5αm for all m ∈ Mvalid . Otherwise, we calculate
θ t = 0.5 log(1− ηt )/ηt , and αm is reduced to αme−θ

t
if the

mth sample is correctly classified, or αm is increased to αmeθ
t

if the mth sample is incorrectly classified for all m ∈ Mvalid .
After α is updated, it is normalized to have∑
∀n αn = 1. Then, Xtrain and Xvalid can be redivided consid-

ering the updated α. During t ≤ T , α is repeatedly updated

Algorithm 1 Boosted Feature Selection
1: input: X , y, and H
2: initialize: αn = 1

N for all n ∈ {1, 2, · · · ,N } and β̇p = 0
for all p ∈ {1, 2, · · · ,P}

3: for t from 1 to T do
4: define Mvalid and Mtrain considering α
5: configure Xvalid and Xtrain
6: obtain β t by applying ht for Xtrain
7: obtain ηt by classifying Xvalid considering β t

8: if ηt > ηth then
9: θ t = 0
10: αm�2αm for all m∈Mvalid
11: else if ηt = 0 then
12: θ t = 1
13: αm�0.5αm for all m∈Mvalid
14: else
15: θ t = 0.5 log 1−ηt

ηt

16: αm�αme−θ
t
for correctly classified m∈Mvalid

17: αm�αmeθ
t
for incorrectly classified m∈Mvalid

18: end if
19: normalize α
20: end for
21: calculate th for X
22: β̇p�

∑
∀t θ

tβ tp for all p satisfying |
∑
∀t θ

tβ tp| ≥ th
23: return: β̇

following the above procedures. After the T th iteration,
the threshold value of feature selection th is calculated to
provide the highest classification performance for X . Then,
the optimal feature selection β̇ is determined based on th as
follows:

β̇ =

{∑
∀t
θ tβ t , if |

∑
∀t
θ tβ t | ≥ th

0, otherwise
(10)

The results of the regression-based feature selection can
vary depending on the number of features in the data. To
find the optimal feature subset consisting of a minimum num-
ber of features while increasing classification performance,
the boosted feature selection process is performed repeatedly
in BREG-MLP. The optimal regression model also depends
on the data set. After the boosted feature selection, we exclude
inefficient regression models fromH to reuse only regression
models that are suitable for the data set. By eliminating
training procedures for models that are not useful in view
of improving the performance of feature selection, we can
reduce the computational complexity.

Fig. 3 shows a flowchart of the proposed BREG-MLP
algorithm. After the candidate regression models H =

{h1, h2, · · · , hT } are set, the boosted feature selection in
Algorithm 1 is performed based on H , X , and y. Then,
the calculated β̇ is applied for the classification of data X ,
and the classification result is obtained. If it is necessary
to further reduce the number of features, the new set of
candidate regression models is updated as H ′ by excluding
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TABLE 1. Six GEO gene expression data sets related to human cancer.

FIGURE 3. Flowchart of proposed BREG-MLP algorithm.

the ht satisfying ηt > ηth, and boosted feature selection is
performed again using H ′ for the reduced data X ′ that con-
tains only the selected features. The criteria for determining
whether to discontinue iterations are as follows:
• Only one feature remains in the selected feature subset.
• No candidate regression model remains.
• The iteration was performed more than once, but there
was no improvement in performance compared to that
of the previous iteration.

If any of the above conditions are satisfied, we stop
BREG-MLP algorithm and obtain the final feature subset.

V. RESULT AND DISCUSSION
A. PERFORMANCE MEASUREMENTS
When we perform binary classification, each sample is
classed into one of four states: true positive (TP), true negative
(TN), false positive (FP), and false negative (FN). TP and
TN represent the number of positive and negative samples
that are correctly classified. In contrast, the numbers of mis-
classified positive and negative samples are shown as FP and
FN, respectively. Then, accuracy, which is the proportion of
correctly classified samples, is defined as

ACC =
TP+ TN

TP+ TN + FP+ FN
. (11)

Here, the ACC has a value between 0 and 1, and a larger value
means better classification performance.

The ratio of positively classified samples among actual
positive samples is defined by recall or the true positive
rate (TPR):

TPR =
TP

TP+ FN
. (12)

In addition, the percentage of misclassified negative samples
is defined as the fallout or FPR, which is represented as

FPR =
FP

TN + FP
. (13)

Then, the receiver operating characteristic (ROC) curve is the
visualization of the change in TPR against FPR at various
threshold settings. Instead of the ROC curve, which is diffi-
cult to compare clearly, the area under the ROC curve (AUC)
is used to measure the classification performance. The AUC
is a highly reliable measure of classification performance
even for unbalanced data, unlike the ACC. The range of AUC
values is [0, 1]. The better the classification model, the closer
the curve is to the edges and the closer the AUC value is to 1.

B. DATA SETS
Table 1 describes the six microarray-based gene expression
profiles obtained from the gene expression omnibus (GEO).
Each human cancer-related data set consists of different num-
bers of samples and features and is divided into two classes.
The number of samples for each of the two classes is shown
in parentheses in the second column, and the class distinction
criteria for each data set are also described in the fourth
column. We performed filtering for each data set to reduce
the data dimension and required computational complexity
by eliminating interfering features. Statistical analysis con-
firmed heterogeneity in the expression profiles by taking into
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TABLE 2. Comparison of classification performance for BREG-MLP with different MLP structures.

account p-values and fold changes (FCs) [54]. Only genes
satisfying p-values < 0.05 and |FC| > 1.5 were selected.
Then, the number of remaining features for each data set is
provided in parentheses in the third column.

C. SELECTION OF MLP STRUCTURE
In artificial neural networks, including MLP, determining
the appropriate hidden layer is an important issue. Some
researches state that most data can be approximated by neural
networks with a single hidden layer using nonlinear activation
functions [30], [55]. On the other hand, the necessity of a
deep neural network, which has multiple hidden layers, was
also raised because of the possibility of modeling complex
data using fewer units than shallow networks [56]. There have
been some studies on how to construct the appropriate hidden
layer [55], [57]. However, the optimal hidden layer configu-
ration depends on the data characteristics and neural network
type. Therefore, we considered several different MLP struc-
tures to find the appropriate hidden layer and determine the
two main control parameters.

Two MLP structures with one hidden layer having 1024
neurons or 256 neurons, twoMLP structures with two hidden
layers having 1024 and 514 neurons or 514 and 256 neurons,
one MLP structure with three hidden layers having 1024,
514, and 256 neurons, and one MLP structure with four
hidden layers having 2048, 1024, 514, and 256 neurons were
considered. Table 2 shows the classification performance of
BREG-MLP using six different MLP structures. For each
case, k-fold cross validation with k = 10 was performed. For
each data set, the MLP structure providing the highest perfor-
mance was shown in bold number. The best choice of MLP
structure depended on the data set, but all MLP structures
resulted similar performance for the same data set. Therefore,
the proposed BREG-MLP has one of the advantage that it is
not significantly affected by the choice of MLP structure. In
this paper, we consider two MLP structures: MLP-1 which
contains one hidden layer having 256 neurons, i.e. L = 1
and q(1) = 256, and MLP-3 which contains three hidden
layers having 1024, 514, and 256 neurons, i.e. L = 3 and
q(1) = 256, q(2) = 514, q(3) = 1024. MLP-1 was chosen
because it is a shallow MLP structure with a small number of
neurons, and MLP-3 was chosen because it is a small MLP
structure that can be seen as a deep neural network.

D. EXPERIMENTAL ENVIRONMENT
There are two main control parameters of the MLP structure:
the number of hidden layers L, and the number of neurons for

each hidden layer, q ∈ {q(1), q(2), · · · , q(L)}. We considered
two MLP structures: MLP-1, which is the MLP with one
hidden layer having 256 neurons, and MLP-3, which is the
MLP with three hidden layers having 1024, 514, and 256
neurons. In each model, the rectified linear unit (ReLU)
function was used as the activation function for hidden lay-
ers, and softmax was used for the output layer to normalize
the output for classification. Moreover, the candidate regres-
sion models had r ∈ {0.2, 0.4, 0.5, 0.6, 0.8, 1} and λ ∈
{1, 10−1, 10−2, 10−3, 10−4, 10−5}. The case of r = 0 was
excluded because the elastic net becomes ridge regression and
the meaningfulness of the feature selection is low. Since it is
possible to reduce the number of features sufficiently through
the iterative process, we used λ ≤ 1 to give a small penalty
at each iteration. As a result, we had 36 initial candidate
regression models, which means T = 36. In addition, in the
case of the proposed BREG-MLP, we assumed ηth = 0.5,
and th was determined by the heuristic search performed
at 0.2 intervals. Since the size of the data set was limited,
we performed k-fold cross validation with k = 5 and repeated
the validation 50 times to obtain the average performance.
Throughout the boosted feature selection procedure, 10% of
randomly selected samples were used as the validation group
Mvalid for updating the weight vector. The ACC value was
used as the basis for evaluating the classification performance
by calculating ηt and determiningwhether the boosted feature
selection procedure was repeated or not.

To confirm the performance of the proposed BREG-MLP,
we verified the benefit of feature selection and the usefulness
of applying boosting for feature selection. For these purposes,
the case of data classification without feature selection and
the case of data classification using features selected by
four single regression-based feature selection methods were
considered:
• No selection: no feature selection
• LASSO-MLP (10−1): LASSO-based feature selection,
i.e. r = 1, without boosting in case of the overall
regression penalty λ = 10−1

• LASSO-MLP (10−5): LASSO-based feature selection,
i.e. r = 1, without boosting in case of the overall
regression penalty λ = 10−5

• Elastic-MLP (10−1): elastic net-based feature selection,
i.e. r = 0.5, without boosting in case of the overall
regression penalty λ = 10−1

• Elastic-MLP (10−5): elastic net-based feature selection,
i.e. r = 0.5, without boosting in case of the overall
regression penalty λ = 10−5
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We applied the sameMLP structures with BREG-MLP to five
compared methods. In addition, k-fold cross validation with
k = 5 was also performed 50 times and obtained average
performance.

E. EXPERIMENTAL RESULTS COMPARISON
The classification performance of the proposed BREG-MLP
is compared with that of different conventional methods
in Fig. 4. Because we used the ACC to measure the validity of
the feature set selected with BREG-MLP, the ACC values
of BREG-MLP was generally higher, while the AUC values
of BREG-MLP were comparable to those of other methods.
For GSE17920, GSE28735, and GSE4115, although many
features were taken into account in the case of ‘no selec-
tion’, there were only a few important features that were
useful for data classification, and the classification perfor-
mance was low for both MLP-1 and MP-3. By selecting
the subset of features, the classification performance was
improved compared to the case of ‘no selection’, and the
proposed BREG-MLP obtained the largest ACC values and
sufficiently large AUC values. On the other hand, when
all features were utilized without selection for GSE4271,
GSE5462, and GSE8401, the classification results were good
for MLP-1 but not for MLP-3 except for GSE4271. In the
case of MLP-3, BREG-MLP offered the best classification
for GSE4271, GSE5462, and GSE8401. For GSE4271 and
GSE5462, although BREG-MLP displayed relatively lower
performance than that of ‘no selection’ for MLP-1, it outper-
formed the other regression-based selection methods, espe-
cially in view of the ACC value. Additionally, BREG-MLP
showed high classification performance, very similar to that
of ‘no selection’, for GSE8401 in the case of MLP-1. In
summary, BREG-MLP offered generally higher performance
than the single regression-based methods regardless of the
data set. In some cases, even if the classification performance
was similar or slightly lower than that of ‘no selection’,
BREG-MLP had the advantage of eliminating noncritical
features.

The number of selected features in each case is given
in Table 3. For traditional regression-based feature selec-
tion, the elastic net selected slightly more features than
LASSO when the same penalty value was assigned. How-
ever, the number of selected features depends more on
penalty value λ than the type of regression model r . On
the other hand, BREG-MLP reduced the number of fea-
tures for GSE17920, GSE4115, and GSE8401 by approx-
imately half. For GSE28735, BREG-MLP found approxi-
mately 0.05% of the features to be useful for classification.
However, there were no noticeable feature reduction effects
for GSE4271 and GSE5462. When comparing Fig. 4 with
Table 3, it can be seen that the number of selected features was
not directly related to the classification performance. There-
fore, the selection of an appropriate regression model accord-
ing to the data set determines the classification performance.
The proposed BREG-MLP could combine various regres-
sion models, and its performance is not strongly dependent

FIGURE 4. Comparison of classification performance for BREG-MLP and
conventional methods. (a) ACC comparison for MLP-1. (b) AUC
comparison for MLP-1. (c) ACC comparison for MLP-3. (d) AUC
comparison for MLP-3.

on the data set, unlike single regression model-based selec-
tion. Therefore, we could see that BREG-MLP offered
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TABLE 3. Comparison of number of selected features for BREG-MLP and
conventional methods.

generally good classifications and detected many important
features.

F. EFFECT OF BOOSTING
In this section, we discuss the effect of each regression model
when the models are integrated one by one by boosting.
The classification performance (ACC and AUC) and the
number of selected features when each model was trained
and integrated by BREG-MLP in case of MLP-1 were pro-
vided in Fig. 5. To obtain average performance, 10 times
k-fold cross validation for boosted feature selection was
performed. The candidate regression models H = {h1 :
(r, λ) = (0.2, 1), h2 : (r, λ) = (0.2, 10−1), · · · , h6 :
(r, λ) = (0.2, 10−5), h7 : (r, λ) = (0.4, 1), h8 : (r, λ) =
(0.4, 10−1), · · · , h36 : (r, λ) = (1, 10−5)} were added by
boosting in order.

When trained models were added one by one, if the
trained model performed well, the ACC and AUC values
increased. On the other hand, if the model outperformed ηth,
but was not better than the combined models, the two values
decreased. However, the integrated model offered improved
ACC and AUC values compared to the case in which only
the first regression model, which is h1, was used for most
data sets. For GSE4271 and GSE5462, after boosting, ACC
values could be improved because BREG-MLP attempted
to increase ACC values, but AUC values were degraded.

FIGURE 5. Variation in classification performances and number of
selected features throughout boosting process. (a) Variation in ACC.
(b) Variation in AUC. (c) Variation in number of selected features.

In particular, ACC value was slightly decreased after boosting
for GSE17920. We can predict that GSE17920 is a data set
that is more difficult to classify than other data sets, so the
classification performance was not too high. The classifica-
tion performance for GSE17920 will be improved by care-
fully setting up candidate regression models or increasing
the number of candidate models. It is difficult to directly
check the effect of each regressionmodel because the training
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FIGURE 6. Effect of performance threshold. (a) Effect on ACC. (b) Effect
on AUC.

data used for each model were not the same. However,
the number of selected features could represent the effect of
regression models, especially the effect of penalty value λ.
During the first six boosting processes where λ value was
decreased when r = 1, most of the finally selected fea-
tures were selected due to a low penalty for the number
of features selected. For GSE28735 and GSE8401, more
features were selected only when the lowest penalty value
of λ = 10−5 was used, which refers t ∈ {6, 12, 18, 24, 30,
36}.

G. EFFECT OF PERFORMANCE THRESHOLD
In this section, we discussed the effect of performance thresh-
old ηth of BREG-MLP. Fig. 6 provides classification perfor-
mance of BREG-MLP when ηth ∈ {0.5, 0.7, 0.9} in case of
MLP-1. Depending on data set, the optimal ηth was different.
For GSE17920, ηth = 0.7 resulted in the highest ACC
value and lowest AUC value, but the effect of different ηth

was small than in other data sets. For GSE8401, the effect
of different ηth was also small, and ηth = 0.5 resulted in
the highest classification performance. For other data sets,
we could improve classification performance compared to the
case of ηth = 0.5 by setting ηth = 0.9. Therefore, we could
conclude that appropriate ηth can improve the performance of
BREG-MLP, and high ηth generally can provide good perfor-
mance. Then, high ηth allows a small number of regression
models to be integrated into the boosted model, which has
the advantage of easily tracking the model that is good for
the data set, but reduces the benefit of boosting integrating
multiple models. To maximally get the advantage of boost-
ing, the selection of appropriate candidate regression model
for the data set should be accompanied with determining
optimal ηth.

H. EFFECT OF CANDIDATE REGRESSION MODELS
The effect of different candidate regression models on clas-
sification performance and number of selected features are

FIGURE 7. Effect of candidate regression models. (a) Effect on ACC.
(b) Effect on AUC. (b) Effect on number of selected features.

compared in Fig. 7. The candidate regression models used
for each case are follows:
• Basic: BREG-MLP with candidate regression models
r ∈ {0.2, 0.4, 0.5, 0.6, 0.8, 1}, λ = {1, 10−1, 10−2,
10−3, 10−4, 10−5} in case of MLP-1.

• Low L1: BREG-MLP with candidate regression models
r ∈ {0.1, 0.2, 0.25, 0.3, 0.4, 0.45}, λ = {1, 10−1, 10−2,
10−3, 10−4, 10−5} in case of MLP-1.
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• High L1: BREG-MLP with candidate regression models
r ∈ {0.55, 0.6, 0.7, 0.8, 0.9, 1}, λ = {1, 10−1, 10−2,
10−3, 10−4, 10−5} in case of MLP-1.

• Low penalty: BREG-MLP with candidate regression
models r ∈ {0.2, 0.4, 0.5, 0.6, 0.8, 1}, λ = {10−3,
5× 10−3, 10−4, 5× 10−4, 10−5} in case of MLP-1.

• High penalty: BREG-MLP with candidate regression
models r ∈ {0.2, 0.4, 0.5, 0.6, 0.8, 1}, λ = {1, 0.5,
10−1, 5× 10−1, 10−2} in case of MLP-1.

For each case, we equally considered 36 regression models.
The appropriate regression model set depended on the char-
acteristics of data set. Except GSE8401, the using of spe-
cific candidate regression models could provide better clas-
sification performance than the case of using various types
of regression models, called ‘Basic’. For GSE17920 and
GSE28735, the low ratio of L1 penalty, called ‘Low L1’, could
result in good classification performance. For GSE4115,
GSE4271, and GSE5462, the low penalty about the number
of selected features, called ‘Low penalty’, could obtain good
classification performance with the number of selected fea-
tures similar to other cases, except for ‘High penalty’. In case
of ‘High penalty’, the number of selected features was much
less than others, but the degradation in classification perfor-
mance was relatively small. Therefore, we could establish the
candidate regression model considering the characteristics of
data set and the necessary degree of feature selection.

I. COMPUTATIONAL COMPLEXITY
The computational complexity of BREG-MLP can be divided
into the complexity of training for selecting features and that
of classifying test data using selected features. In case of clas-
sification, the computational complexity depends on the num-
ber of selected features P′ and the structure of MLP classifier.
Because there are L hidden layers with q(1), q(2), · · · , q(L)

neurons in the MLP structure, the computational complex-
ity for classification follows O(P′q(1) + q(1)q(2) + · · · +
q(L−1)q(L) + q(L)). Given the same MLP structure, this com-
plexity depends only on P′ and is applied equally to other
feature selection methods, as well as the proposed BREG-
MLP. On the other hand, the evaluation of the computational
complexity of the training process of the BREG-MLP is diffi-
cult because the training cost of the neural network including
the MLP depends on the characteristics of the data and the
implementation method. However, assuming the complex-
ity of training the single regression-based feature selection
method hasO(S), the complexity of training BREG-MLP can
be predicted to be increased by at least T times, which means
O(TS), when using T candidate regression models. Further-
more, BREG-MLP requires time to ensemble the selection
results as well as the time for multiple regression-based fea-
ture selections. Also, by applying boosting, the MLP training
time and the number of iterative feature selections will be
changed compared to single regression-based methods.

Table 4 compares the execution time of BREG-MLP
with the average execution time of single regression-based

TABLE 4. Comparison of execution time in seconds.

feature selection methods, which contains LASSO and elastic
net-based methods. The experiments were performed on the
operating system of 64-bit Ubuntu using Intel i7 3.6 GHz
CPU, RTX 2080 GPU, and 15.6 GB RAM. Considering both
Table 1 and Table 4, the low correlation between the data
set size and the execution time shows that the characteristics
of the data are more relevant to the execution time than the
size of the data. In addition, deeper MLP structures generally
required more time. Compared to the single regression-based
method, BREG-MLP required more execution time, from a
minimum of 70 times, which refers the case of GSE8401 with
MLP-1, to a maximum of 370 times, which refers the case
of GSE28735 with MLP-1. BREG-MLP has the advantage
of integrating multiple regression-based feature selection by
using the boosting technique to obtain improved feature
selection, but it has the computational burden in view of
training and integrating multiple regression models.

VI. CONCLUSION
In this paper, we developed the boosting-based feature selec-
tion method integrating multiple regression models to gener-
ate a strong model. The proposed BREG-MLP was applied
for selection of gene signatures from gene expression pro-
files. By analyzing six different human cancer-related gene
expression data sets, we confirmed that the selection of only
significant features is a very important issue in gene expres-
sion profile analysis, and BREG-MLP detected a subset of
features important for classifying the data set. Compared
to the single regression-based feature selection methods,
BREG-MLP could provide improved and stable classifica-
tion performance that does not depend on the data set. In
addition, we confirmed that BREG-MLP was not dependent
on MLP structure. We also discussed the effects of different
performance thresholds, different kinds of candidate regres-
sion models, and the boosting process on the performance of
BREG-MLP.

Theoretically, the proposed BREG-MLP can provide sta-
ble performance that does not depend on the data set and can
be scalable to search for important features of any type or size
data set. In addition, variousMLP structures can be applied to
BREG-MLP, and other neural networks also can be utilized
as long as they do not interfere with regression-based feature
selection. On the other hand, we confirmed that BREG-MLP
has a computational complexity burden and the execution
time varies depending on the data set andMLP structure. That
is, the execution time of BREG-MLP can be significantly
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increased if we havemany regressionmodels to be integrated,
if theMLP structure becomes deep and complex, or if the data
set is difficult to classify. To alleviate the limitation of exe-
cution time caused by many regression models, BREG-MLP
reduced the candidate regression models that were not useful
through the repeated feature selection process, and we expect
that BREG-MLP can be used to identify the regression model
suitable for data set and to understand the characteristics
of the data set. As a further research topic, the method of
finding the suitable candidate regression models in advance
can not only reduce the execution time, but also improve the
performance.
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