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Abstract: The challenge of analyzing microarray datasets is significantly compounded by the curse
of dimensionality and the complexity of feature interactions. Addressing this, we propose a novel
feature selection algorithm based on maximum conditional mutual information (MCMI) to identify a
minimal feature subset that is maximally relevant and non-redundant. This algorithm leverages a
greedy search strategy, prioritizing both feature quality and classification performance. Experimental
results on high-dimensional microarray datasets demonstrate our algorithm’s superior ability to
reduce dimensionality, eliminate redundancy, and enhance classification accuracy. Compared to
existing filter feature selection methods, our approach exhibits higher adaptability and intelligence.

Keywords: feature selection; microarray; curse of dimensionality; mutual information; greedy search;
filter methods

1. Introduction

With the advancement of bioinformatic technology in the domain of animal breeding,
biological datasets, especially those derived from microarrays, have become vital analytical
tools for animal scientists and breeders. These datasets significantly improve the precision
of trait selection and breeding outcomes, enhancing decision-making processes in breeding
programs [1]. However, the analysis of microarray datasets faces significant challenges due
to the curse of dimensionality and the complexity of feature interactions [2]. Microarray
datasets are typically characterized by a limited number of samples yet a vast array of gene
features, many of which are redundant or irrelevant. This redundancy and irrelevance can
obscure vital features, leading to poor performance of machine learning algorithms [3].
Additionally, an excessive number of features can lead to the curse of dimensionality, an
issue characterized by an exponential increase in problem complexity as the number of
features grows. This complication can hinder pattern detection and may result in overfitting
or poor model generalization.

To solve these issues, feature selection (FS) is employed as a critical preprocessing step,
aiming to optimize the feature space by removing irrelevant and redundant features [4].
This process not only reduces the dimensionality of datasets but also enhances the accuracy,
interpretability, and efficiency of the machine learning models [5,6]. Importantly, FS assists in
uncovering the crucial mechanisms that link gene expression with specific traits in livestock,
supports the analysis of data patterns to identify novel genetic markers correlated with specific
traits, and contributes to minimizing expenses in breeding programs [7]. This enhancement
in dataset management and analysis improves the efficacy of machine learning algorithms,
leading to more accurate associations between traits, genes, and their expression levels, thereby
facilitating more informed decisions in trait selection and breeding strategies [8,9].
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Over the past two decades, FS has been extensively studied and has had a significant
impact in many fields [10,11]. There are three main types of FS methods: filter methods,
wrapper methods, and embedded methods. Filter methods are based on the measurement
of data characteristics that are independent of any machine learning (ML) algorithms.
This method evaluates the relevance between features and the target class (as well as the
dependence between features) by using different measurement criteria, such as information,
distance, dependence, and consistency, and then selects features based on the evaluation
results. In contrast, wrapper and embedded methods select features using a predetermined
ML algorithm. Wrapper methods select features based on the classification accuracy of the
ML algorithm, while embedded methods select features based on the contribution to the
learning process of the ML algorithm. However, compared to filter methods, wrapper and
embedded methods have several significant drawbacks, especially for high-dimensional
datasets. First, they tend to inherit the bias of the predetermined ML algorithm, resulting
in poor versatility for other ML algorithms. Second, they focus only on the classification
accuracy of the selected features, which may lead to overfitting or the elimination of some
potentially important features. Third and most importantly, they are more computationally
intensive and time-consuming because they involve iterative processes of feature search,
ML model building, and testing. Therefore, the focus of this study is on filter methods,
which can provide a more efficient and versatile approach to FS without being tied to
specific ML algorithms.

Early filter methods evaluate the relevance of each individual feature with the target
class and then remove the irrelevant and redundant features according to their rankings
of relevance. Such methods are called individual evaluation methods (IEMs) [12,13].
Their advantage is that they are computationally light, but they neglect the inter-feature
dependence. Therefore, the selected feature subset inevitably contains some redundant
features. To overcome this problem, filter methods based on subset evaluation, also known
as subset evaluation methods (SEMs), have been proposed [4]. However, these methods
involve two critical issues: search strategy and evaluation criterion, which are typically
encountered in wrapper and embedded methods. Finding the optimal subset from a high-
dimensional dataset is an NP-hard problem, which cannot be solved optimally with an
exhaustive search in a reasonable amount of time. Hence, some alternative search strategies
(e.g., heuristic search [14], complete search [15], and random search [16]) have been used
for the FS process. Although these search strategies significantly enhance the efficiency of
the FS process, the absence of robust and precise evaluation criteria presents a considerable
challenge in accurately identifying the optimal feature subset.

Recently, evaluation criteria based on relevance and redundancy analysis have gained
increasing attention. Among these criteria, mutual information (MI) stands out as a pow-
erful measure of relevance, capturing both linear and non-linear relationships between
features and the target class. MI quantifies the amount of information obtained about one
variable through the other, making it an ideal tool for assessing the relevance of features in
the context of FS. Presently, typical SEMs include MIM [17], JMI [18], CIFE [19], CMIM [20],
JMIM [21], MIFS [22], mRMR [23], and maxMIFS [24]. Despite these methods possessing
certain advantages in unveiling complex relationships between features and the target
class, as well as among the features themselves, they also confront significant challenges,
such as failing to accurately capture the maximum relevance between features and the
target class and the minimum redundancy in the selected feature subset, not being able
to automatically determine the optimal number of features, and overly depending on
meticulous parameter calibration.

In this paper, we propose an FS algorithm based on maximum conditional MI and
a greedy algorithm to search for the optimal feature subset in high-dimensional datasets.
The algorithm is evaluated by comparing it to existing classical filter methods on three pig
gene microarray datasets. The significant contributions of this paper are as follows:

1.  Proposal of an accurate evaluation criterion based on MI for the maximum relevant no-
redundant (MRNR) feature subset along with a detailed proof process. This criterion
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proves effective in practical contexts to identify whether a feature subset is an MRNR
feature subset.

2. Introduction of a greedy search strategy based on maximum conditional MI to effi-
ciently search for the MRNR feature subset with the minimum size. This strategy can
automatically determine the number of features in the subset without the need for
any wrapper method.

3.  Introducing two evaluation metrics, relevance and redundancy, to assess the feature
quality of FS methods. These metrics provide a comprehensive analysis of the selected
feature subset’s quality and its potential impact on classification performance.

For the convenience of the reader, Abbreviations table lists the abbreviations used in
this paper.

2. Methods

Ml is a measure of the amount of information shared between two random variables.
It evaluates the dependence and relevance between the two variables. For two random
variables x and y, MI(x;y) can be defined as follows:

MI(x;y) = H(x) + H(y) — H(x,y)

= —[ p(x)log p(x)dx — [ p(y)log p(y)dy + [ p(x,y)log p(x, y)dxdy @

where H(x) and H(y) are the entropies of x and y, respectively, and H(x,y) is the joint entropy
of x and y, p(x) is the probability of x, p(y) is the probability of y, and p(x,y) is the joint
probability of x and y.

2.1. Evaluation Criterion

Maximum relevance between the feature subset and the target class is a key criterion
for FS. Let D be a dataset that has N features F = {f;, i =1, 2,...,N} and ¢ be the target class.
According to the definition of MI, selecting the feature subset with maximum relevance can
be formalized as selecting a feature subset Fs = {fj, j=1,2,...n} (n <N) that satisfies the
following equation:

maxMI(F;;c) (2)

To determine the feature subset that has the maximum mutual information (MI) with
the target class, we introduce the following theorem:

Theorem 1. For the original feature set E, the joint mutual information between any feature subset
Fs and the target class c is less than or equal to the joint mutual information between the entire
feature set F and the target class c. The equation form of Theorem 1 is as follows:

VE, C F, MI(c; F;) < MI(c; F)

Proof of Theorem 1. Let F; = { fii=12,..., n}(n < N) be a feature subset of the original
feature set F.

FECFE o F={fi,for s e fi, for s fu}

F—Fs Fs

where feature f; belongs to F — Fs. According to the definition of MI, we have

MI(c; F) = MI (c;fl,fz,. s N fio o ..,fn)
= 211\51” MI(lel f\l'*l/' . '/fl/fl/fZ/‘ : 'If”) + MI(C;flleI- . ~/fn) (3)

ZZZ\LI”MI(C/fAI ﬁ*lr'-‘/fllfller‘--rfn) 2 Or
o MI(c; Fs) < MI(c; F).
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According to Theorem 1, we demonstrate that the feature subset F; has the maximum
MI with the target class if and only if F; satisfies the following equation:

MI(c;E) = MI(c; F) 4)

Although Equation (4) can ensure that the selected feature subset has maximum
relevance, it cannot guarantee that the selected feature subset has no redundant features.
In fact, a redundant feature is one that is typically deemed irrelevant to the target class
given the presence of other features in the dataset. Therefore, the definition of a redundant
feature for a feature set is as follows:

Definition 1. (Redundant feature): For a feature subset Fs, a feature fi(f; € Fs) is a redundant
feature if and only if

MI(c; fi|F, = {f}) =0 (5)
or

MI(¢F — {fj}) = MI(GF). (6)

By combining Theorem 1 and Definition 1, the FS for the MRNR feature subset can be
defined as selecting a feature subset Fs that satisfies the following equations:

{ MI(c; Fs) = MI(c; F) )
Vfi € F, MI(c;Fs — {f;}) < MI(c;Fs)’

2.2. Search Strategy

Selecting the optimal MRNR feature subset quickly and accurately poses a challenging
task due to the large number of candidate MRNR feature subsets in high-dimensional
datasets. In this paper, from the perspective of dimensionality reduction and classification
performance, we consider that the MRNR feature subset with the minimum size is the
optimal feature subset.

Let the feature subset F,,;;, = {fx, k =1, 2,...,m} (m < N) be the MRNR feature subset
with the minimum size. When m =1, the solution for f; is the feature that maximizes
MI(c; f;)(1 <i < N). Whenm > 1, MI(c; F;,) can be expressed in the form of (8):

MI(C,'Fmin) = MI(C;fl,f2,. . .,fm)
= MI(c; f1, f2,- -, fn—1) + MI(C; fulfin—1,---, f1)
= MI(c; f1, fa,- -, fn—2) + Tit 1 MI(S fkl fe—1, -+, f1) (8)
= MI(c; f1) + X{Lo MI(c; fil fk-1,- -+, f1)
= Y1 MI(S fil fe-1,-- -/ f1)

the kth feature f; can be determined as the one that maximizes the conditional MI
MI(c; fxlfk-1,---,f1), where fx_1,..., f1 are previously selected features.

Based on the above analysis, a greedy search strategy can be used to iteratively
select the feature with the maximum conditional mutual information (MCMI) until the MI
between the feature subset and the target class is equal to that of the original feature set
and the target class. The evaluation criterion of MCMI can be formulated as follows:

max MI(c; filFs) )

where F is the original feature set, F; is the previously selected feature subset, and feature f;
belongs to F — F;.

Furthermore, it should be noted that in specific situations, the later selected features
may cause one or more previously selected features to become redundant. Therefore, it is
necessary to remove any potential redundant features from the selected feature subset after
the FS process.
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2.3. Feature Selection Algorithm

This section describes the design of the FS algorithm based on MCMI. According to
the analysis in Section 2.2, the algorithm consists of two processes: a greedy search and
redundancy elimination, the framework of which is shown in Figure 1. In the first phase,
a greedy search strategy is used to search for the candidate feature subset. In the second
phase, a redundancy elimination strategy is utilized to eliminate redundant features from
the candidate feature subset.

Original Candidat
gina Greedy andidate
Subset

Optimal
Redundancy |YP
Elimination Subset

Set Search
7y

Figure 1. Framework of FS.

Algorithm 1 presents the pseudocode for the FS algorithm based on MCMI. Below,
a simplified description is provided to illustrate the process, along with explanations for
each step’s purpose:

1. Initialization (line 1): Calculate the maximal mutual information (maxR) between
the original feature set F and the target class c, serving as a benchmark for the best possible
mutual information. Initialize two sets: Fj;s; to hold candidate features, and F, to store the
optimal features selected through the algorithm.

2. Candidate Selection (lines 2—4): Calculate the MI between each feature f; in F and
the target class ¢, add features with MI > 0 to Fj;s;, and sort Fj;5; by descending MI values.
This ensures only informative features are considered.

3. Greedy Search (lines 5-12): Iteratively select the feature with the highest conditional
MI MI(c; fi|Fopt) from Fig, add it to Fopt, and remove features from Fg; with conditional
MI = 0. Repeat until MI (c; Fopt) equals maxR. This ensures the selected feature set is the
minimal subset with maximal relevance to the target class c.

4. Redundancy Elimination (lines 13-15): Evaluate each feature in F,p; for redundancy
and remove features that do not significantly contribute to MI when conditioned on the
remaining features. This ensures the final feature set is maximum relevant and non-redundant.

5. Return the Optimal Feature Set (line 16): Return F; as the optimal feature set.

As shown in Algorithm 1, the greedy search strategy involves a major part of com-
putational effort, and its time complexity has a non-linear relationship with the number
of original features (dimensionality N). In the best case, the time complexity of the greedy
search is O(N) when only one feature is selected as a candidate feature. In the worst case,
it has a time complexity of O(N?) when all features are selected as candidate features.
However, in general, the time complexity of the greedy search strategy is much lower
than the sequential forward selection (SFS) strategy because, in each iteration, irrelevant
or conditionally irrelevant features are removed and not passed to the next iteration. This
characteristic significantly reduces the computational burden compared to SFS, especially
for high-dimensional datasets. In addition, the time complexity of the greedy search strat-
egy is also influenced by the interdependence of the features in the original feature set. The
more features are deleted in earlier iterations, the faster the greedy search strategy becomes.
On the other hand, the redundancy elimination strategy has a linear time complexity in
terms of the number of candidate features selected by the greedy search strategy.
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Algorithm 1. FS algorithm based on MCMIL

Input: dataset D with N features F = {f;,i=1,2, ..., N} and the target class c
Output: the optimal feature subset F,p;
Initialize maxR=MI(c; F), Fi;st = {}, Fopt = {}
Fori=1to N do
If MI(c; f;)> 0 then insert f; into Fj;g;
End for
Sort Fj;; by descending MI(c; f;)
While F;y; is not empty do
Sftemp = getFirstElement(F;s;)
Insert fiemp into Fopt, remove fremp from Fyg
9. If MI(c; Fopt) == maxR then break
10.  Remove features from Fj;5; with MI(c; fi|Fopt) == 0
11.  Sort Fj;s by descending MI(c; f;| Fopt)
12. End while
13. For each feature f; in Fopt (in reverse order) do
14. If MI(c; f|Fopt)== 0 then remove f; from Fyp
15. End for
16. Return Fyp;

PN U LN

3. Experiment Results

We empirically evaluated our FS algorithm by comparing it with representative FS
algorithms on three high-dimensional gene microarray datasets. This section is organized
as follows: After a brief introduction of the datasets, we describe the experimental setup.
We then compare our FS algorithm with the representative filter-based FS algorithms in
terms of feature quality, classification accuracy, and computational complexity.

3.1. Datasets

In this study, we conducted an evaluation of our proposed algorithm using three
microarray datasets with high dimensionality from the breed Shandong black pig, a popular
pig breed in Laiwu, Shandong, China, known for its tender and fine meat. These datasets
were obtained from the Life Science Research Institute of Qingdao Agricultural University
and were used to analyze intricate biological data and identify relevant genetic information.
Remarkably, all datasets contained tens of thousands of features, surpassing the number of
samples by a substantial margin, as shown in Table 1.

Table 1. Microarray datasets of Shandong black pig.

Datasets Acronym Raw Data Type Feature Number Sample Number Class Number
BlackPic Expression BPEx Continuous 24,368 181 4
BlackPic SNP BPSnp Discrete 27,268 236 14
BlackPic PRRS BPPRRS Continuous 29,768 151 2

The BPEx dataset consists of continuous gene expression data for Shandong black
pigs. It comprises 181 samples, with each having 24,368 expression features. The target
class of the dataset is pork quality, categorized into four levels: excellent (22 samples), good
(49 samples), average (76 samples), and inferior (34 samples). Analyzing this dataset can
help identify genes associated with high-quality pork and provide valuable insights for
improving pork quality through breeding and production strategies.

The BPSnp dataset comprises discrete gene single nucleotide polymorphisms (SNPs)
for Shandong black pigs. It includes 236 samples, each having 27,268 SNP features. This
dataset has three target classes:

1.  Body size and weight are categorized into five levels: very large (49 samples), large
(61 samples), medium (59 samples), short (46 samples), and very short (21 samples).
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2. The ratio of muscle to fat is categorized into five levels: AAA (46 samples), AA
(53 samples), A (61 samples), B (47 samples), and C (29 samples).

3. The growth rate is categorized into four levels: rapid growth (57 samples), fast growth
(82 samples), moderate growth (62 samples), and slow growth (35 samples).

Analyzing the BPSnp dataset can provide insights into the genetic factors influencing
body size, weight, muscle-to-fat ratio, and growth rate in Shandong black pigs, potentially
contributing to improved breeding and production strategies for these traits.

The BPPRRS dataset consists of gene expression data specifically focused on porcine
reproductive and respiratory syndrome (PRRS), a highly prevalent viral disease in pigs
worldwide that causes significant losses in the swine industry. This dataset includes
29,768 expression features. The dataset is divided into two categories: infected (90 samples)
and normal (61 samples). With its detailed gene expression profiles, the BPPRRS dataset
serves as a critical resource for researchers aiming to understand the molecular mechanisms
underlying PRRS, identify potential genetic markers for resistance or susceptibility to the
disease, and develop effective strategies for breeding and managing pigs to minimize the
impact of PRRS on pork production.

Due to the excessively large number of features in the datasets, it is imperative that
FS algorithms are highly efficient to handle the computational complexity and resource
requirements effectively.

3.2. Experimental Setting

The focus of this study is to analyze the effectiveness of the proposed algorithm
primarily from a data science perspective. To better evaluate the algorithm, we consider
the following three issues in the experimental setup:

1. Evaluation metrics

In this paper, common metrics such as overall accuracy (OA), feature number (FN),
and execution time are used to evaluate feature selection (FS) algorithms. Additionally,
we propose two novel metrics: relevance (Rel) and number of redundant features (NRF).
The Rel metric represents the ratio of the relevance between the selected feature subset F;
and the target class ¢ to that between the original feature set F and the target class c. It is
calculated using the following equation:

Rel = MI(c; F,)/ MI(c; F) (10)

The Rel value ranges from 0 to 1. The NRF metric represents the number of redundant
features contained in the selected feature subset. These two metrics serve to evaluate
the quality of the selected feature subset and conduct a more in-depth analysis of the
relationship between feature quality and classification accuracy.

In practical terms, OA and FN are crucial for gauging the performance and complexity
of models in classification tasks, while Rel and NRF are essential for elucidating and
interpreting the significance and effectiveness of the selected features.

2. Comparison with existing methods

Since the proposed FS algorithm is typically a filter-based model, we introduce repre-
sentative filter-based FS methods for comparison. We consider two types of methods: IEMs
and SEMs. For IEMs, we choose InfoGain [25], GainRatio [13], SU [26], ChiSquare [12],
and Fisher [27] as the representative methods. For SEMs, we choose CIFE [19], CMIM [20],
JMIM [21], mRMR [23], and maxMIFS [24] as the representative methods. These selected
comparison methods cover a wide range of filter-based techniques to assess the perfor-
mance of the proposed algorithm effectively.

3. ML algorithms for classification

To demonstrate that our FS algorithm is not biased towards specific ML algorithms,
we used four widely used ML algorithms: Naive Bayes (NB) [28], SVM [29], C4.5 [30],
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and Random Forest (RF) [31], to evaluate the classification performance of our FS algo-
rithm. These four ML algorithms represent different ways of solving supervisory learning
problems. Their parameter settings are shown in Table 2.

Table 2. Parameter settings of ML algorithms.

Model Hyperparameters Values
NB - No addjitional tuning
C 1
SVM tol 0.001
kernel rbf
Cas Min_samples_leaf 5
’ Confidence_factor_for_pruning 0.25
n_estimators 100
max_depth None
RF . .
min_samples_split 2
random_state 42

A 10-fold cross-validation was applied for performance evaluation. In this process,
the dataset was split into ten parts, with 90% used for training and 10% for testing in
each iteration. Each subset was used once as the test set, mitigating data variability
and providing a reliable estimate of the model’s performance. Finally, all algorithms are
executed on a Windows computer with an Intel Core i7 3.6 GHz 8-thread, 8 GB RAM, and
the Matlab R2018a implementation.

3.3. Analysis of Results

This section aims to demonstrate the effectiveness of the proposed algorithm by
comparing it with existing filter methods. Firstly, we analyze and evaluate the results of
the proposed algorithm for the five target classes on the three datasets. Table 3 presents
the average results obtained using 10-fold cross-validation for the proposed algorithm. It
should be noted that datasets BPSnp_1, BPSnp_2, and BPSnp_3 refer to the BPSnp dataset,
with body size and weight, muscle—fat ratio, and growth rate as target classes, respectively.
The results in Table 3 reflect the performance of the classification models with the proposed
FS algorithm applied.

Table 3. Experimental results of the proposed algorithm.

Dataset Rel NRF FN Execution oA
Time (s) NB SVM C4.5 RF
BPEx 1 0 8 44.74 0.887 0.904 0.844 0.910
BPSnp_1 1 0 9 62.21 0.925 0.923 0.918 0.946
BPSnp_2 1 0 9 68.16 0.922 0.933 0.931 0.942
BPSnp_3 1 0 8 62.49 0.928 0.940 0.932 0.946
BPPRRS 1 0 6 38.47 0.954 0.968 0.959 0.970

As shown in Table 3, the feature subsets selected by the proposed algorithm exhibit
excellent data quality, as they demonstrate maximum relevance to the target class and lack
any redundant features. This implies that all of the feature subsets belong to MRNR feature
subsets. Notably, the algorithm’s effectiveness is highlighted by its ability to select a small
number of features while still achieving relatively high classification accuracy across all
four ML algorithms. This success in accurately classifying the data further attests to the
quality of the selected features.

Further analysis of classification accuracy reveals that the accuracy of RF is higher
than that of other ML algorithms, primarily because RF is a more complex ML algorithm
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that utilizes multiple classifiers compared to others. However, it is noteworthy that NB,
SVM, and C4.5 have also achieved high classification accuracy, which is close to that of RE.
This observation highlights that the features selected by the proposed FS algorithm possess
very high quality and effectively mitigate the impact of classifiers on accuracy.

Additionally, the algorithm’s performance is measured positively, as evidenced by its
good results in terms of feature stability and running time. In conclusion, these evaluations
affirm the effectiveness of the proposed algorithm in identifying high-quality feature
subsets for data classification. In the subsequent subsections, we will compare the results
of the proposed algorithm with those of existing filter methods.

3.3.1. Comparison with IEMs

IEMs have been proven to be computationally light and have shown good performance
on certain datasets [10,11]. However, IEMs only rank features based on specific criteria, and
the selection of feature subsets ultimately depends on the thresholds preset by researchers.
In contrast, the proposed algorithm does not require preset parameters as it automatically
determines the optimal number of features. To compare the two types of FS methods, we
present the average results for selecting between 5 and 40 features using IEMs. In this
study, InfoGain, GainRatio, SU, ChiSquare, and Fisher are used as representative IEMs for
comparison. Due to space limitations, we will only present the results of these IEMs on the
dataset BPEx. However, similar results were obtained on other datasets.

Figure 2 shows the average classification accuracy of the IEMs using four ML al-
gorithms on the BPEx dataset. As seen in Figure 2, for the four ML algorithms, the
classification accuracy of all the IEMs rapidly increases in the range of feature numbers
between 5 and 20 and only exhibits slight changes when the feature number is greater than
20. Among the IEMs, GainRatio consistently achieves the highest classification accuracy
in most cases. However, SU consistently yields significantly lower classification accuracy
compared to other IEMs.

To compare the IEMs with the proposed algorithm, we choose the best classification
accuracy and its corresponding feature number for different IEMs and ML algorithms as
the benchmark results. Table 4 displays the comparison results between the IEMs and the
proposed algorithm. As shown in Table 4, the proposed algorithm outperforms the IEMs
in terms of classification accuracy in all cases. Moreover, the number of features selected
by MCMI is significantly smaller than that selected by the IEMs, further emphasizing the
efficiency and effectiveness of the proposed algorithm.

To further analyze the data quality of the features selected by the IEMs, Figure 3 shows
the Rel and NRF of the IEMs on the BPEx dataset. From Figure 3a, it is apparent that for all
IEMs except SU, the Rel increases rapidly within the feature number range of 5 to 15 and
reaches 1 when the feature number exceeds or equals 15. By comparing Figures 2 and 3a,
it can be inferred that the Rel of features plays a key role in classification accuracy and is
directly proportional to the classification accuracy.

Furthermore, in Figure 3b, for all IEMs except SU, the NRF increases rapidly when
the feature number exceeds 15. By comparing Figures 2 and 3b, it can be inferred that
redundant features can have both positive and negative effects on classification accuracy.
This is because these features can introduce disturbances in ML algorithms, and the impact
of this disturbance, however, is often random and irregular. For certain ML algorithms,
some redundant features may enhance classification accuracy by providing additional
information, while others may lead to overfitting and poor performance, especially when
highly correlated with other features in the dataset. Since the IEMs cannot recognize the
correlation between features, it is impossible to determine the redundant features in the
selected feature subset using these methods.

As a result, the proposed algorithm exhibits significant superiority over the IEMs in
terms of both dimension reduction and classification accuracy, as demonstrated by the
mean values presented in the last two rows of Table 4.
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Table 5 presents a comparison of execution times between the IEMs and the proposed
algorithm. As observed, the execution times of the IEMs are significantly less than those
of the proposed algorithm. This is because the IEMs compute only the relevance between
each feature and the target class, without considering the interdependence of features. In
contrast, the proposed algorithm takes into account the inter-feature dependence, making
it more time-consuming. However, it is important to note that the proposed algorithm does
not require any preset parameters, making it more convenient and intelligent compared to
the IEMs.

Table 4. Experimental results of the IEMs and MCMIL

Datasets Classifiers Metrics InfoGain GainRatio SU ChiSquare Fisher MCMI
OA 0.851 0.872 0.678 0.859 0.850 0.887
NB FN 15 25 40 20 30 8
OA 0.872 0.890 0.715 0.881 0.302 0.904
SVM FN 15 20 40 15 30 8
BPEX OA 0.809 0.824 0.609 0.813 0.797 0.844
C45 FN 10 30 20 40 35 8
OA 0.886 0.850 0.806 0.852 0.838 0.910
RF FN 40 40 40 40 40 8
OA 0.904 0.878 0.863 0.909 0.892 0.925
NB FN 40 40 40 40 40 9
OA 0.903 0.863 0.845 0.916 0.888 0.923
BPSnp.1 SVM FN 15 15 10 10 5 9
- OA 0.909 0.875 0.861 0.888 0.871 0.918
C45 FN 25 40 20 40 40 9
OA 0.917 0.896 0.855 0.904 0.890 0.946
RF FN 40 30 40 40 40 9
OA 0.900 0.861 0.851 0.874 0.883 0.922
NB FN 15 20 25 25 15 9
OA 0.876 0.880 0.792 0.883 0.852 0.933
BPSnp. 2 SVM FN 40 40 25 40 5 9
~ OA 0.892 0.905 0.852 0.898 0.864 0.931
C45 FN 30 40 40 40 40 9
OA 0.907 0.987 0.956 0.907 0.875 0.942
RF FN 30 40 35 35 35 9
OA 0.918 0916 0916 0.912 0.879 0.928
NB FN 10 10 15 15 10 8
OA 0.918 0.913 0.912 0.921 0.930 0.940
BPSnp. 3 SVM FN 25 35 10 15 10 8
- OA 0.916 0.919 0.912 0.929 0.926 0.932
C45 FN 25 30 20 10 10 8
OA 0.918 0.915 0912 0.929 0.930 0.946
RF FN 35 35 10 10 10 8
OA 0.908 0.916 0.916 0.912 0.879 0.941
NB FN 5 15 25 10 5 6
OA 0.898 0.923 0.932 0.901 0.930 0.951
SVM FN 25 35 15 15 10 6
BPPRRS OA 0.876 0.889 0.932 0.909 0.926 0.949
C45 FN 25 30 20 10 15 6
OA 0.918 0.925 0.932 0.919 0.93 0.966
RF FN 35 35 25 15 10 6
OA 0.895 0.895 0.852 0.896 0.857 0.927
Mean

FN 25 30.25 25.75 24.25 21.75 8
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Figure 2. Classification accuracy of the IEMs on BPEx: (a) 10-fold cross-validation accuracy by using
NB. (b) 10-fold cross-validation accuracy by using SVM. (c¢) 10-fold cross-validation accuracy by
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Figure 3. Feature quality of the IEMs on BPEx: (a) Rel. (b) NRF.
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Table 5. Execution time of the IEMs and MCMI.
Execution Time (s)
Dataset
InfoGain  GainRatio SU ChiSquare Fisher MCMI

BPEx 26.01 24.82 26.98 19.53 15.06 44.74
BPSnp_1 33.75 33.77 34.99 26.70 23.18 62.21
BPSnp_2 33.20 34.05 32.96 27.92 21.10 68.16
BPSnp_3 34.09 34.46 34.61 24.52 22.15 62.49
BPPRRS 23.35 21.87 23.58 18.73 13.87 38.47

3.3.2. Comparison with SEMs

The advantage of SEMs over IEMs is their ability to consider the interdependence
of features. In this study, we compare CIFE, CMIM, JMIM, mRMR, and maxMIFS as
representative SEMs with the proposed algorithm. Similar to the comparison with IEMs,
we present the results of selecting between 5 and 40 features using these SEMs. Figure 4
shows the average classification accuracy of the SEMs using four ML algorithms on the
BPEx dataset. As seen in Figure 4, for the four ML algorithms, the classification accuracy of
all the SEMs shows a significant upward trend between 5 and 10 features, then becomes
stable with minor fluctuations. Furthermore, all the SEMs exhibit comparable levels of
classification accuracy, and it should be noted that the CIFE and CMIM methods slightly
underperform compared to the other three methods.
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Figure 4. Classification accuracy of the SEMs on B16Ex: (a) 10-fold cross-validation accuracy by
using NB. (b) 10-fold cross-validation accuracy by using SVM. (c) 10-fold cross-validation accuracy
by using C4.5. (d) 10-fold cross-validation accuracy by using RF.
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As with the comparison to IEMs, we chose the best classification accuracy and corre-
sponding feature number of the SEMs using different ML algorithms, which then served
as the benchmark results to be compared with those of the proposed algorithm. Table 6
presents the comparison results of the SEMs and the proposed algorithm. In the majority of
cases, the proposed algorithm achieves the highest or near-highest classification accuracy.
Additionally, the number of features obtained by the proposed algorithm is significantly
smaller than that obtained by the SEMs in all instances. By further comparing the mean
of classification accuracy and feature numbers shown in the last two rows of Table 6, it
is evident that the proposed algorithm outperforms the SEMs in terms of classification
accuracy and feature quality.

Table 6. Experimental results of the SEMs and MCMI.

Dataset Classifiers Matrices CIFE CMIM JMIM mRMR maxMIF MCMI
OA 0.869 0.867 0.893 0.885 0.891 0.887
NB FN 30 15 25 35 25 8
OA 0.888 0.891 0.906 0.911 0.916 0.904
SVM FN 15 20 25 25 30 8
BPEX OA 0.798 0.780 0.802 0.803 0.79 0.844
C45 FN 40 30 25 35 30 8
OA 0.906 0.898 0.910 0.902 0.906 0.910
RF FN 40 40 40 30 40 8
OA 0.889 0.898 0.900 0.898 0.901 0.925
NB FN 15 25 35 40 35 9
OA 0.909 0.922 0.925 0.928 0.922 0.923
BPSp. 1 SVM FN 20 25 15 10 25 9
- OA 0.831 0.839 0.837 0.825 0.854 0.918
C45 FN 25 15 25 25 30 9
OA 0.922 0.926 0.932 0.920 0.930 0.946
RF FN 15 15 25 35 40 9
OA 0.887 0.888 0.902 0.882 0.928 0.922
NB FN 15 35 20 30 40 9
OA 0.897 0.899 0.914 0.875 0.912 0.933
BPSnp.2 SVM FN 25 25 35 40 35 9
— OA 0.880 0.898 0915 0.918 0.909 0.931
C45 FN 15 10 15 15 25 9
OA 0.898 0.906 0.902 0.937 0.929 0.942
RF FN 15 10 15 35 35 9
OA 0.897 0.909 0.929 0.930 0.919 0.928
NB FN 30 15 35 20 25 8
OA 0.919 0911 0917 0.949 0.929 0.940
BPSnp. 3 SVM FN 20 25 15 25 20 8
- OA 0.921 0.920 0.929 0.936 0.936 0.932
C45 FN 15 25 25 20 35 8
OA 0.921 0.929 0.937 0.934 0.942 0.946
RF FN 25 20 20 25 35 8
OA 0.927 0.928 0.930 0.950 0.950 0.941
NB FN 30 30 10 5 20 6
OA 0.932 0.940 0.949 0.949 0.959 0.951
SVM FN 20 15 5 5 20 6
BPPRRS OA 0.939 0.932 0.946 0.966 0.948 0.949
C45 FN 15 10 10 15 25 6
OA 0.941 0.945 0.954 0.964 0.957 0.966
RF FN 25 20 25 25 25 6
OA 0.898 0.901 0911 0.913 0917 0.927
Mean

FN 22.5 21.25 22.25 24.75 29.75 8
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Figure 5 shows the feature quality of the SEMs on the BPEx dataset. From Figure 5, it
is evident that the classification accuracy of the SEMs significantly improves as the value
of Rel increases. However, it’s important to note that after reaching the peak value of Rel,
the classification accuracy of the SEMs does not show notable changes and may slightly
fluctuate with the addition of redundant features. This observation highlights that the
classification performance and feature quality of the SEMs are highly dependent on the
setting of the feature subset size.

—— CIFE —&— CMIM —o—CIFE —&— CMIM
JMIM —%— mRMR JMIM —%— mRMR

o =
=7 &
. Z
5 10 15 20 25 30 35 40 5 10 15 20 25 30 35 40
Feature number Feature number
(a) (b)

Figure 5. Feature quality of the SEMs on BPEx: (a) Rel. (b) NRFE.

Table 7 shows the comparison of execution times between the SEMs and the proposed
algorithm. Since the execution time of the SEMs varies with their preset feature number,
we used the average number of features shown in Table 6 as the preset feature number
for the experiment. From Table 7, it can be seen that the execution time of the proposed
algorithm is less than that of the SEMs. In practical applications, the execution time of the
SEMs far exceeds that of the proposed method, as they require iterative searches to find the
optimal number of features.

Table 7. Execution times of the SEMs and MCMI.

Execution Time (s)

Dataset
CIFE CMIM JMIM mRMR maxMIF MCMI
BPEx 74.81 74.14 78.21 68.01 67.73 44.74
BPSnp_1 93.21 93.87 97.45 84.74 85.47 62.21
BPSnp_2 88.04 87.51 92.04 80.04 80.69 68.16
BPSnp_3 94.74 95.78 99.04 86.13 85.34 62.49
BPPRRS 53.35 51.87 53.58 48.73 43.87 38.47

3.4. Verification of Selected Genes

To verify the effectiveness of the proposed FS algorithm, we conducted a literature
review for each selected gene to confirm whether they are validated genes affecting pig
traits. Table 8 summarizes the verification results.

For the BPEx dataset, our algorithm selected eight genes, six of which are documented
in the literature as being related to pork quality, resulting in an effectiveness rate of 75%.
For the BPSnp_1 dataset, nine genes were selected, with eight supported by research on
body size and weight in pigs, yielding an effectiveness rate of 89%. For the BPSnp_2
dataset, nine genes were selected, with seven confirmed by the literature as influencing
muscle development and fat distribution, resulting in an effectiveness rate of 77.78%. For
the BPSnp_3 dataset, eight genes were chosen, with five affecting growth rate, giving an
effectiveness rate of 62.5%. For the BPPRRS dataset, six genes were selected, with four
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documented for PRRS resistance, resulting in an effectiveness rate of 66.67%. Overall, these
results demonstrate the robustness and accuracy of our feature selection method across
various traits in pigs, confirming its utility in genetic research and breeding programs.

Table 8. Gene verification for pig traits.

Dataset Selected Genes Known Genes Validated Effectiveness
Count Rate
BPEx IGF2, TNNT3, PPARS, LEP, SIRT1, IGF2 [32], TNNT3 [33], PPARS [34], 6 75 00%
APOE, TRIM55, FTO LEP [35], SIRT1 [36], APOE [37] e
GHR [38], IGF1 [39], LEP [40],
BPSnp_1 PE:II{I;’ I&g&g’ %ﬁﬁ;?%{% MC4R [41], INSL3 [42], PPARS [43], 8 89.00%
’ ’ ’ SLC10A2 [44], TNFAIP3 [45]
IGF2 [46], LEP [47], FABP3 [48],
IGF2, LEP, FABP3, MC4R, CAST, o
BPSnp_2 PLINT, UCP3, ASID, ADRES MC4R [49], CAST [50], PLIN1 [51], 7 77.78%
UCP3 [52]
IGF1, GHR, GH1, LEP, IGFBP3, IGF1 [53], GHR [54], GH1 [55], LEP .
BPSnp_3 MTOR, ASIP, NOS3 [40], IGFBP3 [56] 5 62.50%
BPPRRS CD163, GBP5, MX1, OAS1, MTOR, CD163 [57], GBP5 [58], MX1 [59], 4 66.67%

IGF2BP1 OAS1 [60]

4. Discussion

FS for high-dimensional microarray datasets has always been a challenging task
because of the complicated interdependence between features. In high-dimensional mi-
croarray datasets, the most critical issues in FS are the effectiveness of the evaluation
criterion and the computational complexity of the search strategy. The former ensures that
the selected feature subset has high quality, such as high relevance, low redundancy, small
size, and good classification performance, while the latter ensures that the feature search
can be completed in a short time.

Our experimental results on three high-dimensional microarray datasets demonstrate
that our algorithm successfully selects the minimum MRNR feature subset, as expected,
without using any wrapper methods. Compared to existing IEMs and SEMs, our algorithm
achieves better feature quality (as shown in Tables 3, 4 and 6). In contrast, the IEMs perform
poorly in FS for high-dimensional datasets due to their neglect of interdependency between
features, resulting in the failure to identify and eliminate redundant features in selected
subsets (as shown in Figure 3). Additionally, the IEMs struggle to determine the number
of features to select, leading to the need for personal experience or wrapper methods,
which increases instability and computational complexity. While SEMs can consider feature
interdependence, existing SEMs lack effective evaluation criteria to accurately determine
maximum relevance with the target class and identify redundant features in the selected
subset. Although the SEMs demonstrate more excellence than the IEMs in classification
performance and redundancy reduction (as shown in Figures 2-5, and Tables 4 and 6), they
still require preset parameters to determine the number of features to select. Determining
the optimal feature number is critical for the SEMs, as too few features lead to insufficient
relevance, while too many leads to numerous redundant features. Unfortunately, accurately
determining the optimal number for high-dimensional datasets is difficult without resorting
to more complex wrapper methods.

In addition, we analyzed the relationship between feature quality and the classification
accuracy of feature subsets using Rel and NFS. We find that the Rel of a feature subset is
positively correlated with its classification accuracy, while a small number of redundant
features within the feature subset have an uncertain (both positive and negative) impact on
its classification accuracy. However, including too many redundant features in a feature
subset has a significant negative impact on some machine learning classifiers, such as SVM.
The conclusion indirectly highlights the advantages of the minimum MRNR feature subset
in terms of feature quality and classification accuracy.
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In terms of execution time, the IEMs have obvious advantages because they ignore
the relevance between features (as shown in Table 5). In contrast, the SEMs are more time-
consuming. Our algorithm, however, achieves relatively short execution times compared
to SEMs, though it is more time-consuming than IEMs (as shown in Tables 5 and 7). The
main time consumption of our algorithm is the calculation of the joint probability of
multiple variables.

In summary, it can be concluded that the IEMs are not suitable for high-dimensional
datasets because they ignore feature interdependence, leading to suboptimal feature sub-
sets. Although SEMs consider interdependence, existing SEMs lack effective evaluation
criteria, resulting in the selection of redundant features that negatively impact dimension-
ality reduction and classification performance. In contrast, the proposed algorithm has
demonstrated strong performance in terms of feature quality, classification accuracy, and
execution time, establishing its overall superiority over existing algorithms.

Finally, through the literature review verification for each selected gene in various
datasets, the results demonstrate that our algorithm reliably identifies key genetic fac-
tors. This validation underscores the utility of our FS algorithm in genetic research and
breeding programs.

5. Conclusions

To address the challenges of FS in high-dimensional microarray datasets, in this paper,
we have introduced the concept of the MRNR feature subset and proposed a novel FS
algorithm based on MCMI and a greedy algorithm. Compared to the existing filter FS
algorithms, the proposed algorithm demonstrates better performance in terms of feature
quality and classification accuracy. In addition, because there is no need to preset the
number of selected features, this algorithm avoids dependence on a wrapper method.

In terms of running time, the proposed algorithm outperforms the traditional SFS
algorithm because it eliminates features that are conditionally irrelevant to the target class in
each iteration. Although it is less efficient than the IEMs, it achieves better time complexity
compared to the SEMs.

In conclusion, our work provides a powerful and efficient approach for feature se-
lection (FS) in high-dimensional microarray datasets, demonstrating its intelligence and
effectiveness on the specific datasets discussed in this paper. Additionally, the results of the
literature review verification highlight the utility of our FS algorithm in genetic research and
breeding programs. However, further validation on a broader range of datasets is necessary
to generalize its effectiveness. Future work will involve extending the application of our
algorithm to more diverse datasets to confirm its robustness and general applicability.
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Abbreviations

FS Feature Selection

ML Machine Learning

MI Mutual Information

IEMs Individual Evaluation Methods

SEM Subset Evaluation Methods

MIM Mutual Information Maximization

JMI Joint Mutual Information

CIFE Conditional Infomax Feature Extraction
CMIM Conditional Mutual Information Maximization
JMIM Joint Mutual Information Maximization
MIFS Mutual Information Feature Selection
mRMR Minimum Redundancy Maximum Relevance

maxMIFS Maximum Mutual Information Feature Selection
MRNR Maximum Relevant No-Redundant

SU Symmetrical Uncertainty

MCMI Maximum Conditional Mutual Information
SFS Sequential Forward Selection

SNPs Single Nucleotide Polymorphisms

PRRS Porcine Reproductive and Respiratory Syndrome
OA Overall Accuracy

FN Feature Number

Rel Relevance

NRF Number of Redundant Features

NB Naive Bayes

SVM Support Vector Machine

RF Random Forest
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