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ABSTRACT

For data mining tasks on large-scale data, feature selection is a pivotal stage that plays an important role in removing
redundant or irrelevant features while improving classifier performance. Traditional wrapper feature selection
methodologies typically require extensive model training and evaluation, which cannot deliver desired outcomes
within a reasonable computing time. In this paper, an innovative wrapper approach termed Contribution Tracking
Feature Selection (CTFS) is proposed for feature selection of large-scale data, which can locate informative features
without population-level evolution. In other words, fewer evaluations are needed for CTFS compared to other
evolutionary methods. We initially introduce a refined sparse autoencoder to assess the prominence of each feature
in the subsequent wrapper method. Subsequently, we utilize an enhanced wrapper feature selection technique
that merges Mutual Information (MI) with individual feature contributions. Finally, a fine-tuning contribution
tracking mechanism discerns informative features within the optimal feature subset, operating via a dominance
accumulation mechanism. Experimental results for multiple classification performance metrics demonstrate that
the proposed method effectively yields smaller feature subsets without degrading classification performance in an
acceptable runtime compared to state-of-the-art algorithms across most large-scale benchmark datasets.
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1 Introduction

With the rapid development of information technology, data mining, image processing, bioinfor-
matics, and other fields have generated massive and high-dimensional data. High-dimensional datasets
dramatically increase the algorithm’s demands in terms of time and space [1], and there is a side
effect on the efficiency or effectiveness of the learning system. Moreover, for some learning tasks,
such as classification and regression, computational analysis is feasible in low-dimensional space but
becomes very difficult in high-dimensional space. To address this problem, one can use either feature
extraction or feature selection, two standard dimensionality reduction methods. Feature extraction
generally utilizes linear and nonlinear mapping to obtain low-dimensional features. However, for
some specific issues, such as genomic datasets, this method may overlook the inherent physical

~

properties of the original genes. Feature selection, also called attribute subset selection [2,3], aims to
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minimize the dimensionality of the feature set while approaching, maintaining, or even improving the
accuracy of the classification model compared to the entire feature set. In addition, feature selection
removes irrelevant and redundant features, improving the model’s generalization ability while avoiding
dimensionality catastrophe [4,5].

Feature selection is commonly viewed as a combinatorial optimization problem, mainly involving
deciding whether to include each feature from the entire feature set. For a dataset with m features, an
exhaustive search algorithm requires 2! iterations, representing a non-trivial task categorized as the
NP-Hard problem [6]. Over the past few years, due to the widespread application of some effective
deep neural networks and classification algorithms [7,8], feature selection has become a hot topic in
this field.

In general, existing supervised and unsupervised feature selection methods can be classified
as filter methods [9-12], wrapper methods [13-15], and embedded methods [7,16,17]. Moreover,
researchers have attempted to achieve higher classification performance by putting meta-heuristic
algorithms into the feature selection problem to search for optimal or near-optimal feature subsets
[18], which serve as a wrapper method for addressing the feature selection problem by necessitating a
classifier’s specification to assess the solution’s quality.

A notable concern in feature selection revolves around selecting features from large sets of high-
dimensional datasets. This challenge remains for meta-heuristic algorithms due to their inherent
limitations in attaining optimal solutions within a restricted time. Therefore, an applicable and efficient
meta-heuristic algorithm must address the feature selection problem with fewer evaluations, higher
accuracy, and faster speed. In addition, few studies have simultaneously explored the impact of
individual features on the overall performance of a feature subset and non-linear relationships between
features. There is a lack of related research on whether this impact helps the heuristic algorithm
efficiently discover the optimal feature subset. Based on the above analysis, this paper proposes a
novel approach called CTFS. The primary contributions of this paper are outlined below:

e We employ an unsupervised learning methodology, utilizing an autoencoder network to unveil
non-linear relationships between features. Consequently, this approach alleviates missing label
information and errors in classification results.

e We adopt the deep learning structure to reduce the extra time and algorithmic complexity for
the subsequent wrapper, making it more efficient and less computationally demanding.

e Based on the autoencoder network, sparse training is incorporated to expedite network training
and diminish memory occupation.

e Integrating the feature contribution obtained from the network training in the first stage with
the relationship between features and labels, a contribution tracking approach is proposed to
find the optimal or near-optimal feature subset efficiently.

The subsequent sections of this paper are organized as follows. Section 2 describes the meta-
heuristic algorithm based on the wrapper method and related works on the sparse autoencoder
network. Section 3 thoroughly introduces the framework of the sparse autoencoder network. Section 4
proposes a novel wrapper feature selection method based on a contribution tracking mechanism.
Computational comparison experiments of the proposed algorithm will be reported in Section 5. The
last section will conclude the works of this paper and give the subsequent schemes in the research.
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2 Related Work

The feature selection process consists of four main components: subset generation, subset
evaluation, stopping criteria, and result validation. The method proposed in this paper is a wrapper-
based technique, so filter-based and embedded feature selection methods are not part of the work in
this paper. Different feature selection problems in many domains can be solved using meta-heuristic
algorithms based on wrapper methods [19-22]. The following is a review of some of the metaheuristics
that have been categorized according to the class of algorithms used, and several of the metaheuristics
have been used in comparative experiments with our proposed algorithm. In addition, the research
in this paper is related to autoencoder networks and sparse training, and an overview of deep neural
network methods for feature selection problems is also presented at the end of the section.

PSO algorithms are conceptually simple, easy to implement, and have fast convergence; many
PSO-based algorithms have been used for feature selection problems. A novel PSO-based feature
selection approach was designed in [23], which can improve the population’s quality at each generation
to jump out of the local optimum to some extent. The proposed method was combined with the filter
Relief algorithm to get the weights of each feature and generate more optimal solutions. In addition,
an agent model was used to select the best solution regarding diversity and convergence. Moreover,
feature selection based on evolutionary multitasking is also a very hot topic. Wang et al. [24] proposed
a novel PSO-based multi-task framework to achieve the information shared, which divided the initial
population into two subpopulations. Extensive experiments showed the strong competitiveness of the
approach compared with other algorithms. An effective FS method based on the idea of multitasking
with knowledge transfer between different search space was developed in [25] on high-dimensional
data. In addition, promising features were distinguished by a knee point selection scheme, and a novel
variable-range strategy effectively reduced the search space of the population.

Harris Hawk optimization is a newly introduced swarm intelligence optimizer that can be used to
solve a variety of combinatorial optimization problems. Peng et al. [26] improved the Harris Hawk
algorithm by using a hierarchical mechanism that speeded up its operation without increasing its
complexity, allowing the algorithm a shorter time and higher accuracy. Two limitations of Harris Hawk
optimization were addressed in [27] by introducing chaotic dyadic in the initial stage to improve the
population diversity of search agents. Then, a simulated annealing strategy was introduced in each
iteration to reduce the risk of falling into a local optimum. Finally, the algorithm was applied to
the feature selection problem, and experimental results on some tumor datasets demonstrated the
superiority of the algorithm.

In addition to the two aforementioned optimization paradigms, various feature selection problems
have been solved using other meta-heuristic algorithms. A modified binary Gray Wolf algorithm
with two-stage mutation was developed in [28]. The two-phase mutation enhanced the exploitation
capability of the algorithm. The experimental results showed the validity of the algorithm and good
performance. Zhou et al. [29] proposed a genetic algorithm combining the correlation between feature-
to-feature and feature-to-label, and the algorithm reduced the generation of poor solutions and
improved the efficiency of the evolutionary process by utilizing correlations to guide the improvement
of the crossover and mutation operators in the genetic algorithms. The algorithm was demonstrated
to have good classification accuracy on four artificial datasets and six real datasets.

The main limitation of the aforementioned current wrapper methods is that their score function
depends on training and predicting at least one model per iteration. Thus, this approach has a high
computational cost. Also, wrappers are classifier-specific. Therefore, they may not obtain satisfactory
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results if the resulting selection is used with different classifiers other than the one used in training and
become very prone to overfit.

On high-dimensional datasets, some fully connected layers of deep neural networks can
prominently slow down the training speed and cause too much memory usage. Because of this,
Han et al. [30] utilized a three-step method to prune redundant connections and achieved sparsity of
weights by learning significant connections without degrading accuracy. Inspired by network science,
Mocanu et al. [31] proposed a SET algorithm, which first introduced an Erdés-Rényi random graph
to initialize the layer-to-layer connections between neurons. A dynamic updating approach was used
to increase the generalizability of this structure in the network, and to prove its effectiveness, the
article went on to perform supervised and unsupervised learning with different neural networks on
multiple datasets. Atashgahi et al. [32] built on the approach of Han et al. [30] and used it for an
unsupervised feature selection problem to achieve an optimal trade-off between classification and
clustering accuracy, runtime, and maximum memory usage.

Given that the stochastic exploration of sparse topology requires more cycles in the drop-and-grow
session [31], Sokar et al. [33] improved the drop-and-grow session. Work was put into the regrowth of
the new connections. In this paper, we have improved on the work of Sokar et al. [33] by adjusting its
input part. Meanwhile, connections in the input or output layer are re-estimated only by corresponding
magnitudes during the drop operation.

3 Sparse Autoencoder

The autoencoder network employing sparse training is designed to capture the nonlinear rela-
tionships between features, which matters for our CTFS approach to quantitatively evaluate the
contributions of individual features. In addition, it’s noteworthy that this mode of training the network
can significantly reduce the runtime as well as the memory occupation [32].

3.1 Framework

3.1.1 Data Input

Assume a dataset with a sample size of n and dimension of m. The task is to obtain the contribution
of each feature in the first stage. These contributions are used to report the importance level of each
feature in the subsequent wrapper and prepare for the fusion of mutual information.

3.1.2 Initialization

Sparse Autoencoder (AE) is based on the structure of a neural network. Given the demands of
short training time and low memory occupation, this paper adopts the model with the least hidden
layer, using sparse connections instead of full ones. The sparse level ¢ of the network is obtained from
Eq. (1):

1
1wl

m x n'

(1)

W' (I = 1, 2) is the sparse weight matrix of hidden layers, m is the number of features, and »”"
denotes the number of hidden layer neurons. The network is initialized with sparse weights uniformly
distributed on the neurons.
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3.1.3 Noise Input

To learn more robust features, Gaussian noise is added to perturb the original data:
X=x+60xN(u0) (2)

In Eq. (2), x is the initial input vector from the dataset, # denotes the noise factor that controls
the level of corruption, and N (i, 0?) is a Gaussian noise.

After obtaining the corrupted input, the autoencoder maps it to the latent representation e,
followed by mapping e back to the reconstructed vector d. Here, the hidden representation e as well as
the reconstructed vector d can be calculated from Eq. (3):

e=s(W'X+b)
d=s(We+Db)

where s is the neuron activation function and b, b’ are the bias vectors of corresponding layer.

(€)

Next, the weight parameters are updated using a stochastic gradient descent algorithm, which
minimizes the average reconstruction error:

Lyse = ||d—X||§ (4)

3.2 Training Process

Since the connections between initialized neurons are randomly generated, to enhance its gen-
eralizability, the improved SET approach proposed by Sokar et al. [33] is introduced here, and the
overall structure of AE is depicted in Fig. 1. It proceeds as follows: after updating the weights using
each batch of data, we adjust the sparse topology using the drop-and-regrow cycle. Given a score «,
connections with less than the minimum level « are dropped from the sparse weight matrix W', and the
same fraction of connections with weight 0 are regrown. This drop-and-regrow approach maintains
the overall performance, which was described as well as proved by Han et al. [30].

Initialization Iteration t Training After convergence
wow’ ) ™
Weights| | 7AND OFARRO [ L. >
update
Regrow —
Drop —-—- O informative features O

Figure 1: Comprehensive overview of the sparse AE network. A sparse autoencoder is initialized with
uniformly distributed sparse connections. During sparse training, the connections are redistributed in
the most important neurons at iteration ¢ during the “drop-and-regrow” cycle

Especially, new connections are not randomly regrown. Sokar et al. [33] gave a fast focus on new
LMSE
od,
is used to measure the sensitivity of the reconstruction error to the reconstructed output. Followin

. . . . . 0
connections to informative features. The gradient of the loss concerning the output neuron
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that, we obtain Eq. (5), defining the contribution of the ith output neuron, denoted as (Con,,), at

iteration ¢
h

+(1 -1 W (5)

J=1

oL
Cony, (1) = Cong, (t — 1) + A ' e

Here (Con,,) is initially set to O.Wf, denotes the magnitude of the incoming connection between
the jth hidden neuron and the ith output neuron. A is a hyperparameter coefficient. Similarly, the
same method is applied to the input neurons (Con;) by replacing the magnitude of output weights with
input ones |W1 ‘ This distributes the positions of the regrown new connections over these contributing
neurons. This modified drop-and-regrow approach dynamically optimizes the sparse topology of the
network, ultimately using (Con;) as the contribution of each input neuron. The pseudocode can be
found in Algorithm 1:

Algorithm 1: Sparse AE
Input: Dataset X with m features, sparsity level e, noise factor 6, the number of hidden
neurons #", hyperparameter coefficient A
Output: Contributions of input neurons: Con
1: Initialize Framework: Initialize the model with sparse topology defined by ¢
2: Con < 0, Con, <0
3: Training Process:
4: while i < epochs do
5 for each iteration ¢ do
6: Perform standard forward, backward propagation and weights update
7.
8

Con (1 + 1) < Con (1) +f (L.d, 1, W')
Con, (1 + 1) < Con, (1) + f (L.d, », W?)

9: Reconstruct connections by drop-and-regrow approach
10: end for
11: L, (i) < Calculate the ith reconstructed loss of test set data

12: end while
13: Con <— Con (argmin,c;; sz Lies (i), where Z is the set of integers
14: return Con

4 Wrapper Feature Selection Using a Contribution Tracking Method

Wrapper feature selection methods usually specify a classifier, which evaluates the performance
of a candidate feature subset by calculating the predicted values of the classification model. A
large number of iterations are required to find the target feature subset that possesses the optimal
performance when dealing with high-dimensional datasets. The computational time is considerable.
Therefore, the primary task of the wrapper feature selection algorithm is to achieve a better balance
between classification performance and running time.

The proposed algorithm employs a contribution tracking mechanism called CTFS, which fully
considers these two indicators mentioned above. Specifically, the contribution of each feature incor-
porates the mutual information metrics from the filter method and the feature importance metrics
from the AE network. Following that, a novel wrapper algorithm combining the feature contributions
with its corresponding classification accuracy is given. Compared to the traditional wrapper methods,
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CTES targets informative features through the contribution tracking strategy instead of finally
reaching convergence through population-level evolution, and a classifier is necessary during the
training time, which also varies from filter methods. The general framework of the proposed algorithm
is illustrated in Fig. 2.

Mutual

Original Inf o f Generation of Initial
Dataset D OTIRL Feature Subsets
l Features & Labels J

The Network of
Sparse DAE The Wrapper +—— Initial Feature
I Subsets

Contribution of

Each Feature EHipet Ko

Feature Subset

Figure 2: Flowchart of the proposed CTFS algorithm

4.1 Score Function

A score function is required to evaluate the merit of a candidate feature subset. In this paper, we
use some performance metrics in the learning machine as its score function. The specific mathematical
description is as follows:

Suppose there are m features in the original data, and one of the candidate feature subsets is
represented by X = [x,,X,,...,X;, .. .,X,]. X; takes the value 0 or 1, which means whether the ith feature
is selected or not. The best feature subset can be discovered by finding the highest score in the subset
of candidate features, which can be denoted by the mathematical Eq. (6):
max F (x)

(6)

S X = [X1,X0, ..y Xiy v 5 Xo], X € {0, 1}

Here F () is related to the performance metrics of the classifier.

4.2 Generation of Initial Feature Subset

In this paper, many initial feature subsets are required for subsequent calculation. For some of
the commonly used methods of generating initial feature subsets, such as the one-dimensional chaotic
mapping method, taking into account that it is more sensitive to the initial conditions as well as the
parameters, which will lead to a decrease in the uniformity and stochasticity of the sequences; in other
words, each feature does not appear at the same frequency, and some features appear repeatedly in the
subset while others never appear, which result in a negative influence on the acquisition of the target
feature subset. This research develops a method to initialize the generation of the feature subset, which
ensures that each feature has the same frequency of appearing in the initial randomly generated feature
subset.

In Algorithm 2, the parameters LL and UL denote the upper and lower limits for dividing the set of
features; the closer to the upper limit, the smaller the number of features in the initial feature subsets
generated. C represents the number of repetitions. The parameter A is the tolerance for accepting
poor initial feature subsets; when the classification accuracy of an initial feature subset differs too
much from the best, then the corresponding initial feature subset will be deleted, and this parameter
controls the number of initial feature subsets generated at the end.



3768 CMC, 2024, vol.81, no.3

Algorithm 2: Uniform random sampling
Input: LL, UL, C, A, and candidate feature subsets: S =¢
Output: S

1: while i < C do

2: for j = LL to UL do
3: I;, < Sample Ln—_qj features randomly from {Feq,, Fea,, . .., Fea,,}
J
4. for k = 2 to j do
S if Kk < j then
6: L., < {Fea,, Fea,, ..., Fea,}\ UEL,-,
7: I; < Sample Ln—.flJ features randomly from 7,,,,
J
8: else
9: Itemp < {Feal s Fea2a .. Feam}\ U l]l
10: I < Sample m - (j-1)- L—.J features randomly from 7,,,,
J
11: end if
12: end for
13: end for
14: end while
150 {F(L,).F(L,) .. (I,Cq)} <« Sort {F (I,;1) ,F (Ii115) 5 ..., F (Icyrr)} in decreasing order,

where: k, = C - Z
16: for / _k2—>k do

I—LL

17: if |F(Ik1) — F(I)|< A then
18: Add/, to S

19: end if

20: end for

21: return .S

4.3 Contribution Tracking Strategy

Current wrappers often do not adequately consider the influence of a single feature on the
accuracy of a classification model. As a result, an improved wrapper feature selection algorithm has
been developed to address this limitation, which is inspired by the fact that after obtaining the optimal
or suboptimal feature subsets, we can know exactly which features work for classification accuracy.
Accordingly, we will accumulate the dominance corresponding to the features that appear in the feature
subsets with high classification accuracy. Given that unsupervised learning does not involve label
information, this paper fuses the concept of mutual information to increase the information between
features and labels.

We first introduce the concept of mutual information [10]. Suppose X and Y are two discrete
random variables, and their mutual information MI (X; Y) can be defined as:

p(,y))
MIX;Y=§ 2 X 7
( ) P (xp)lo g(p()p(y) (7

where p (x) is the marginal probability distribution function of X and p (x, y) is the joint probability
distribution function of X and Y. We can find the relationship M1, between features and labels through
the method above.
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To facilitate the description, the symbol s; is employed to indicate the joint action between the
contribution (Con;) of the feature i and the relationship M1; with labels, as shown in Eq. (8):

s; = Con; * M1, ®)

Since the same feature in two different initial feature subsets shares an equal contribution, we
adjust the original Eq. (8) to reflect the variations of the same feature in different feature subsets by
introducing the target value F, that is:

s,(I) = s, |InF (I)] )

We quantitatively evaluate the possibility that subset / contains the feature i by thoroughly
combining both the joint action s; of the ith feature and the objective value of the feature subset.
This formula also accounts for the fact that various candidate feature subsets share different s; values
for the same feature condition. That is to say, different candidate feature subsets affect the inclusion
of feature 7 in the optimal feature subset.

Typically, if multiple local optimal solutions with good performance have been achieved, the
optimal feature subsets will be easier to obtain after certain processing operations. The specific
processing operations based on the contribution tracking method will be given subsequently.

This research generates quantities of initial feature subsets. For simplicity of description, suppose
these subsets are /,, I, ..., I,, respectively, then the probability of the feature i appearing in the jth
subset is s/ (1,). The cumulative effect of feature i in the ¢ candidate feature subsets can be obtained in
Eq. (10):

C (L —1)= Z/’Zl s (I

1) (10

where the symbol C; is used to denote this cumulative effect, which is the aforementioned contribution
tracking mechanism. Then, it is necessary to find a mean value for this cumulative impact, which is
used to quantitatively characterize the probability of the feature i appearing in the target feature subset.
C; can be achieved by Eq. (11):

C =C/0, (11)

where O, denotes the cumulative occurrences of feature 7 in ¢ candidate feature subsets. From Eq. (11),
we obtain the C; of each feature in the target feature subset, but the number of features cannot be
determined. To address this problem, we design a greedy approach. Initially, the dominance of the
features is sorted in descending order, and then the features are added sequentially in descending
feature order. Since the dimension of the original dataset is m2, m additions in total are required. Every
time a feature is added, the value of the corresponding objective function is calculated. Finally, we
select the feature subset with the largest objective function value as the target one. The pseudocode for
obtaining the target feature subset is shown in Algorithm 3:

Algorithm 3: Greedy approach
Input: S, Con

Output: 1,

1: for k =1 to m do

2: MI, <Calculate mutual information between the kth feature and label

(Continued)
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Algorithm 3 (continued)
3:  end for

4:  while i <m do

5 C. (Il — Iq) <« 27:1 MI. - Con, - ‘lnF (Ij)‘

6: C < C/O0,

7:  end while

8 {C,/q, Cipoenos C;m} «Sort {C|,C,,...,C,} in decreasing order

9: forj =1 to mdo

10: Ly <—{Feak1,Feak2,...,Feakj}
11: I, :F(I,e,,,lu-)
12: end for

13: I < argmax;q .. F;, where Z is the set of integers
14: return I,

The objective feature subset is finally obtained through the above approach, and the overall
framework structure of the proposed CTFS algorithm is depicted in Fig. 3.

Dataset - Uniform Random Sampling
| Mutual Information procedure | [; -
. —
-]
—+ Calculate C; of the feature i by Eq(9)-(10)
T 1 1+
1 Initial Feature Subscts
L]
_— —1
After training Sort C/ in decreasing order @
1
| BT T =
[ Cu, l Cr, i l lc*m—;J C”m] =
P - =
O JL Greedy Methods{_,)
77999 .
Il’.fnnl Con2 Con3 Cond € fnni{l

e

Figure 3: Structure of the proposed CTFS algorithm

5 Experiments and Analysis
5.1 Test Datasets

To verify the performance of the proposed algorithm, eight datasets from the UCI repository
and two datasets from the literature [34] are selected. Given the huge amount of data in real life,
the characteristics of the selected datasets are also large sample sizes and high dimensions. These
datasets involve life, microarrays, computer science, business, and other fields. Table 1 lists their basic
information: the name of datasets (Dataset), the number of features (#of features), the number of
instances (#of instances), and the number of classes (#of classes).
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Table 1: Basic information on test datasets

Dataset #of features #of instances #of classes
Chess 36 3196 2
Spambase 57 4601 2
Isolet 617 1560 26
CNAE9 856 1080 9
TUANDROMD 241 4464 2
Letter 16 20,000 26
Lung2 3312 203 5
Prostatel 5966 102 2
Gutenberg 8266 590 8
Ovarian 15,154 253 2

5.2 Comparative Methods and Parameter Settings

The binary HHO, GWO, and PSO algorithms perform well in solving the feature selection
problem. This research selects the following algorithms for comparison with the proposed CTFS
algorithm: all available features (Full), the binary HHO (BHHO), the correlation-guided updating
strategy and surrogate-assisted PSO (CUS-SPSO) [23], and the Grey-Wolf algorithm integrating a
two-phase mutation (TMGWO) [28]. These comparison algorithms are re-programmed based on the
algorithm flow and pseudocode in the literature.

To illustrate the generalizability of the algorithm and analyze the effect of the classifier on
performance, this research selects two classifiers, KNN and Bayesian, where K is set to 5. For each
dataset, 80% of the samples are used as training sets randomly, and the remaining 20% are selected as
test sets. During the training process, k-fold cross-validation is employed, where k is set to 5. The
specific procedure is to iteratively rotate the training and test sets k times in sequence. After the
training, the selected features will be evaluated on the test set samples to obtain the corresponding
accuracy, recall rate, and F1 score.

The parameters of the algorithms proposed in this paper, as well as the feature selection methods
used for comparison, are given in Table 2. For the swarm intelligence algorithms, we set the maximum
number of iterations to 100 and the population size to 30. The settings of other parameter values are
adjusted according to the characteristics of each algorithm.

Table 2: Parameter settings

Method Population size MaxIter Parameter values

BHHO 30 100 —

TMGWO 30 100 a =2 —2x(iterl Maxlter), A =
[0,2], M,=0.5

(Continued)
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Table 2 (continued)

Method Population size MaxlIter Parameter values

CUS-SPSO 30 100 c=6=15w=09-05x%
(iterl MaxlIter),
n.=2,4=0.15, B=0.05

CTFS — — e=0.8,0=0.2,n"=200,1=0.9,
epoch =10

LIL=2,UL=10,C=5,A=2

5.3 Results and Discussions

Tables 3 and 4 list the average classification accuracies of the proposed CTFS method and
the other four comparison algorithms based on ten independent runs on the test sets. The epoch
of the SAE network is also set to 10, which is a balance between the reconstruction error of the test
set and the training time of the network. Moreover, the average rank approach is adopted to express
the average ranking performance of the methods, which is denoted as AR.

Table 3: Classification accuracy obtained by KNN

Dataset Full BHHO TMGWO CUS-SPSO CTFS
Chess 94.79 95.62 96.32 97.13 95.33
Spambase 89.59 90.20 90.41 89.91 89.93
Isolet 79.32 81.28 82.98 83.14 85.71
CNAE9 83.56 83.51 82.66 84.26 87.82
TUANDROMD  98.14 98.45 98.47 98.69 98.66
Letter 95.24 95.32 95.80 95.86 95.58
Lung2 93.41 93.76 91.71 95.12 96.10
Prostatel 83.33 82.85 86.19 84.76 90.48
Gutenberg 28.55 30.51 54.66 27.29 66.28
Ovarian 91.37 92.54 98.03 94.71 100
AR 4.5 3.6 2.7 2.4 1.8
Rank 5 4 3 2 1

Table 4: Classification accuracy obtained by NB

Dataset Full BHHO TMGWO CUS-SPSO CTFS
Chess 62.34 91.50 93.26 93.66 77.93
Spambase 81.61 88.03 89.76 89.51 90.05
Isolet 78.46 82.46 82.60 83.07 80.80

(Continued)
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Table 4 (continued)

Dataset Full BHHO TMGWO CUS-SPSO CTFS
CNAE9 86.94 82.40 89.39 88.19 82.59
TUANDROMD  24.37 30.18 90.33 39.94 95.82
Letter 64.12 66.02 66.10 66.20 66.13
Lung2 80.97 84.15 89.02 85.61 96.10
Prostatel 64.76 60.00 60.95 68.57 95.24
Gutenberg 76.45 75.17 78.51 76.10 77.04
Ovarian 90.19 91.37 98.03 88.82 100
AR 4.3 4.0 2.1 2.5 2.1
Rank 5 4 1 3 1

From Table 3, the CTFS algorithm shows better performance on multiple test datasets compared
to other stochastic approaches when KNN is used as a classifier. Specifically, the CTFS method
achieves the best classification accuracy on 6 out of 10 datasets with a large sample size and high
dimensions. Meanwhile, for the remaining 4 test datasets, the relative errors between the classification
accuracy obtained by the CTFS method and the highest acquired by other comparison algorithms
range from a maximum of 1.8% to a minimum of 0.03%, which is a relatively small gap. Therefore,
it is concluded that the CTFS algorithm has a prominent advantage over other compared wrapper
algorithms in terms of classification accuracy when handling test datasets with large sample sizes and
high dimensions.

Different from the KNN classifier, the performance of the CTFS algorithm varies with the
Bayesian classifier. Table 4 demonstrates that the classification accuracy of the CTFS algorithm is
worse than that of other comparison algorithms on the test datasets with large sample sizes and
medium dimensions. However, for test datasets with a moderate sample size and high dimensions,
such as Lung?2, Prostatel, etc., the CTFS algorithm achieves the best classification accuracy.

From Tables 3 and 4, as the number of features in the dataset grows, the CTFS algorithm gradually
demonstrates its capability to efficiently discern the objective feature sets. When the number of features
in the test datasets reaches 15,154, the classification accuracy of the CTFS method is 100%, while
the classification accuracies of the other four compared algorithms are 91.37%, 92.54%, 98.03%, and
94.71%, respectively.

To evaluate the comprehensive classification performance of the proposed CTFS algorithm, we
also analyze the recall rate and F1 score on various test datasets. Tables 5 and 6 record the recall rate
using KNN and Bayesian as classifiers, respectively. From Table 5, the CTFS approach achieves a
remarkable recall rate on 7 out of 10 datasets. Similarly, in Table 6, the CTFS algorithm obtains the
highest recall rate on 6 out of all datasets with an average recall rate of 84.5%, while the TMGWO
algorithm has an average recall rate of 79.28%, which still holds the highest value among the four
comparison algorithms.
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Table 5: Recall rate obtained by KNN

Dataset Full BHHO T™GWO CUS-SPSO CTFS
Chess 94.72 95.64 96.32 97.11 95.31
Spambase 88.72 89.58 90.33 89.30 89.13
Isolet 79.08 81.75 83.44 83.25 85.83
CNAE9 83.82 83.59 82.92 84.30 88.77
TUANDROMD  96.49 97.06 97.15 97.99 98.26
Letter 95.24 95.29 95.78 95.86 95.56
Lung2 88.47 85.63 84.90 91.82 92.00
Prostatel 83.90 83.66 86.28 85.13 89.29
Gutenberg 13.27 14.41 34.07 12.60 47.96
Ovarian 89.62 90.18 97.28 92.92 100
AR 4.4 3.7 2.6 2.5 1.8
Rank 5 4 3 2 1

Table 6: Recall rate obtained by NB

Dataset Full BHHO TMGWO CUS-SPSO CTFES
Chess 60.60 91.43 93.15 93.60 76.28
Spambase 83.88 87.47 89.13 89.37 89.69
Isolet 79.01 82.42 82.65 83.45 80.54
CNAE9 86.53 82.09 89.12 88.24 83.40
TUANDROMD  52.04 55.52 80.97 61.53 96.05
Letter 64.12 65.86 66.04 65.87 65.94
Lung?2 52.55 62.99 71.03 64.55 93.94
Prostatel 64.17 60.76 61.21 69.84 93.93
Gutenberg 56.77 56.63 60.97 56.74 65.21
Ovarian 89.79 91.21 98.57 88.71 100
AR 4.3 4 2.1 2.6 2.0
Rank 5 4 2 3 1

Tables 7 and 8 illustrate the F1 score on ten datasets using KNN and Bayesian as classifiers. From
Table 7, the CTFS method achieves the highest F1 score on 6 out of 10 datasets. For the rest of the
test datasets, the relative errors between the F1 score obtained by the CTFS method and the highest
acquired by other comparison algorithms range from a maximum of 1.89% to a minimum of 0.14%,
which is a relatively small difference. Table & shows the good performance of the CTFS algorithm using
Bayesian as a classifier, which reaches the highest F1 score on 6 out of all test datasets with an average
F1 score of 84.07%. From Tables 5-8, it can be summarized that, in addition to the classification
accuracy metric, the CTFS algorithm still maintains prominent performance advantages.
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Table 7: F1 score obtained by KNN

Dataset Full BHHO TMGWO CUS-SPSO CTFS
Chess 94.77 95.60 96.31 97.12 95.23
Spambase 88.98 89.69 90.30 89.39 89.34
Isolet 78.43 81.00 82.43 82.38 84.62
CNAE9 83.10 83.36 82.19 83.93 88.17
TUANDROMD  97.06 97.57 97.67 97.94 97.83
Letter 95.22 95.32 95.78 95.85 95.57
Lung2 90.31 87.37 85.43 90.97 93.98
Prostatel 82.68 82.55 85.58 84.44 89.20
Gutenberg 6.19 9.03 34.37 5.44 47.94
Ovarian 90.43 91.33 97.63 94.01 100
AR 4.5 3.6 2.6 2.4 1.9
Rank 5 4 3 2 1

Table 8: F1 score obtained by NB

Dataset Full BHHO TMGWO CUS-SPSO CTFS
Chess 54.53 91.46 93.22 93.64 76.32
Spambase 81.53 87.49 89.25 89.05 89.65
Isolet 78.38 81.95 82.40 83.01 80.07
CNAE9 86.21 81.51 88.86 87.88 82.87
TUANDROMD  22.55 29.39 82.59 38.38 93.46
Letter 63.66 65.45 65.73 65.63 65.72
Lung?2 55.71 65.12 70.93 67.49 95.36
Prostatel 63.01 59.10 59.99 67.94 94.55
Gutenberg 54.87 54.66 58.16 55.20 62.72
Ovarian 88.83 90.53 97.76 88.15 100
AR 4.4 4 2.0 2.6 2.0
Rank 5 4 1 3 1

In addition to the classification performance metrics, the number of selected features is also an
important reference indicator. Generally, the lower the dimension of the candidate feature subset,
the stronger its generalization performance and the better the dimensionality reduction effect of the
algorithm. Table 9 shows the number of features selected by the five algorithms on each dataset. The
CTES algorithm achieves the minimum number of features when using KNN as a classifier on 8 out of
all test datasets. Based on Tables 3-8, it is concluded that the CTFS algorithm can achieve remarkable
classification performance with a relatively small number of features.



3776 CMC, 2024, vol.81, no.3

Table 9: The average number of selected features achieved by five algorithms

Full BHHO TMGWO CUS-SPSO CTFS
Dataset KNN NB KNN NB KNN NB KNN NB KNN NB
Chess 36.0 36.0 215 16.1 231 8.1 27 16.6 11.9 18.6
Spambase 57.0 57.0 30.5 27.8 18.3 34.0 439 36.6 50.6 22.8
Isolet 617.0 6170 3035 311.0 2128 168.6 4240 4373 1910 519.3
CNAE9 856.0 856.0  451.1 4764 8237 856.0  696.4 737.6 3428 556.3
TUANDROMD 241.0 2410 1225 1200 533 21.8 181.1 1523 104.7 223
Letter 16.0 16.0 12.7 11.7 11.0 11.0 11.0 11.6 11.0 11.0
Lung? 33120 33120 16240 16204  2687.6  139.7 23067 21959  348.7 126.6
Prostatel 5966.0  5966.0 30419  3013.8  5519.1  4947.8  3666.5  3988.0  17.1 35
Gutenberg 8266.0  8266.0 4063.0  4169.8  182.5 6420.0 48920 60859  55.4 7258.5
Ovarian 151540 151540 75845  7621.1  632.4 1170 7622.6  8381.3 883 50.2
Average 34521 34521 17255 17388 10164 12724 19867 22043  122.2 858.9

Fig. 4 shows the comparison of the number of selected features for four algorithms on ten
test datasets. Specifically, we define u, = Ns;/Num;(i=1,2,...,10,j =2,3,4,5) to normalize the
number of features selected by each algorithm, where i denotes the number of test datasets, and j is
the sequence of the algorithms in the table. Ns; represents the number of features selected by the jth
algorithm on the ith dataset. Num; is the number of the initial features on the ith dataset. In the spider
web diagram, the red lines denote the CTFS algorithm. The red lines are distributed mostly inside
the entire spider web, indicating that the CTFS algorithm selects the fewest features. The red lines
are primarily at the center of the spider web on Prostatel and Gutenberg when Bayesian is used as a
classifier, which shows the extremely marked dimensionality reduction effect of the CTFS algorithm
on these two datasets.

Selected Dimension Selected Dimension

CNAEY Isolet =@~ BHHD CNAEY Tsolet == BHHD

== TMGWO == TMOWD
== CUSEPSO == Cus.sFE0
== CTFS == CTF5

TUANDRG) spambase TUANDROX

letter Chess letter

Prostate | Gutenberg Prostate ] Gutenberg
(a) (b)
Figure 4: Number of selected features of different methods on ten datasets (a) KNN classifier (b)
Bayesian classifier

Besides the indicators mentioned above to verify the efficiency of each method, running time is
also another metric that cannot be ignored. The purpose of feature selection is to select key information
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attributes with less time and cost to achieve higher classification performance. Table 10 lists the average
running time consumed by these algorithms. Compared with other comparison algorithms, the CTFS
algorithm requires the least running time on most datasets.

Table 10: Running time consumed by the four algorithms on the ten datasets (unit: s)

BHHO TMGWO CUS-SPSO CTFS

Dataset KNN NB KNN NB KNN NB KNN NB
Chess 286.9 45.3 183.4 39.6 531.2 28.8 323 85
Spambase 153.4 63.9 334.9 70.6 96.4 42.8 47.9 11.0
Isolet 115.4 294.6 758.8 1640.8  83.4 220.6 47.5 59.2
CNAE9 108.3 159.3 998.2 1883.5  187.1 174.4 55.4 42.2
TUANDROMD 152.8 128.7 1259.3 312.2 971.8 108.1 25.6 16.9
Letter 5371.5 24509 1512.9 147.0 4369.7 177.2 139.7 21.1
Lung?2 83.8 119.5 3451.1 2479.2  65.6 93.7 1189.5  76.7
Prostatel 88.3 111.4 6523.2 77039 72.2 97.6 1888.3 925
Gutenberg 520.1 1068.9  16990.8 101827.6 422.3 997.9 8249.2 1258.9
Ovarian 377.1 743.3 38984.7 48328.9 264.7 519.1 26272.9  1200.1

Fig. 5 intuitively displays the running time of algorithms on ten datasets when using KNN and
Bayesian as classifiers. The length of the orange rectangle represents the proportional running time of
the CTFS algorithm. Because of the long running time of the TMGWO algorithm on high-dimensional
datasets, we convert the running time by using the proportional running time of a single algorithm in
the total running time of all algorithms as the value of the length. The algorithm proposed in this paper
has a shorter length on most datasets, especially using Bayesian as a classifier; that is, the running time
is relatively short.
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Figure 5: Proportional running time of different algorithms on ten datasets (a) KNN classifier (b)
Bayesian classifier
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6 Conclusions

This paper introduces a novel wrapper feature selection algorithm called CTFS. Initially, the
modified sparse autoencoder network is integrated with mutual information to achieve dominance
over each feature. Following that, the informative attributes can be located in the optimal feature subset
by a designed contribution tracking strategy, which performs in a dominance accumulation form.
The computational results on multiple test datasets illustrate that the CTES algorithm outperforms
advanced algorithms in terms of classification accuracy, recall rate, F1 score, and dimension reduction
capability. However, compared to other algorithms, the experimental results of runtime for high-
dimensional datasets are not significantly superior. Subsequent research endeavors will focus on
further reducing the training time in addressing ultra-high-dimensional feature selection problems.
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