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Abstract

High dimensional, small sample ribonucleic acid sequencing (RNA-seq) data pose a ma-
jor challenge for reliable classification due to the curse of dimensionality and the risk of
overfitting. This study addresses that challenge for prostate cancer by coupling machine
learning (ML) based feature selection with a hybrid ensemble classifier. RNA-seq datasets
retrieved from the University of California Santa Cruz (UCSC) Xena platform have been
pre-processed, and the number of features has been reduced to 30 through systematic fea-
ture selection. Three complementary learners have been combined into a majority voting
ensemble to improve robustness and generalization. Performance has been assessed using
evaluation metric criteria and the area under the curve. The results have been corroborated
on liver, lung, and thyroid cancer datasets from the literature. The proposed hybrid ensem-
ble method has been achieved 97.82% accuracy with Lasso feature selection. Compared
with conventional single model approaches, the proposed hybrid model has yielded accu-
rate and reliable predictions. Additionally, biologically meaningful information has been
presented using explainable artificial intelligence techniques regarding the importance of
genes. These findings suggest that the joint use of feature selection and hybrid ensembles
provides a practical and interpretable framework for classifying high dimensional genomic
profiles under limited sample sizes.

Keywords: prostate cancer classification; machine learning; feature selection; hybrid
ensemble; explainable artificial intelligence

1. Introduction

One of the most prevalent malignancies in males and a major worldwide health
concern is prostate cancer. Current studies indicate that the number of diagnoses will
continue to increase. Therefore, screening and early diagnosis need to be rethought. RNA
(Ribonucleic acid) sequencing (RNA-seq) data provides a powerful platform for developing
diagnostic signatures by capturing the heterogeneity in tumor biology [1-3].

In prostate cancer, artificial intelligence (Al) and machine learning (ML) algorithms
are gaining acceptance in imaging, digital pathology and the integration of data in the
diagnosis, staging and prognosis processes [4]. In multicenter studies, machine learning-
based systems have approached expert levels in detecting clinically significant disease and
demonstrated generalizability to real-world data [5].

Machine learning continues to be increasingly used in medicine, as in many other
fields, to improve diagnostic accuracy, increase output efficiency, improve clinical workflow
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and reduce and improve human resource costs [6]. Diagnostic imaging, with its increasing
applications in surgical interventions, laboratory evaluations, digital pathology and genetic
analysis, may have also been beneficial in diagnosis and treatment of prostate cancer [7].

Genomic datasets contain too many features compared to the number of samples,
which causes dimensionality problems [8]. Many studies have shown that most of the genes
measured in RNA sequencing are not relevant to the solution of the problem [9]. Genomic
data presents several challenges, including its immense complexity and numerous features
and attributes. To overcome the dimensionality problem, classification is performed using
dimensionality reduction and feature selection (FS) approaches [10].

In a prostate cancer dataset, the large number of genes (20,530) and the small sample
size negatively impact the performance of classification algorithms. The dimensionality of
the dataset increases the risk of overfitting in the classification process. A high-dimensional
gene array, which is ineffective with a small number of samples, makes it difficult to develop
a highly accurate, clinically interpretable cancer/normal classifier. This work addresses the
problem of systematic feature selection in datasets compiled from University of California
Santa Cruz (UCSC) Xena [11], primarily prostate adenocarcinoma (PRAD), while reducing
the number of genes to a manageable and meaningful number. This work aims to develop
a generalizable and Explainable Artificial Intelligence (XAI) classification framework. It
addresses common limitations in the literature, such as instability in small samples, poor
validation in external datasets and a lack of explainability.

In this study, classification was performed using machine learning algorithms on
datasets for PRAD, liver (LIHC), lung (LUNG) and thyroid (THCA) cancers obtained
from the University of California, Santa Cruz Xena. To make the datasets meaningful for
machine learning algorithms, labeling and data pre-processing were performed. After
data pre-processing, Mutual Information (MI), Mean Squared Error (MSE), Recursive
Feature Elimination (RFE), Least Absolute Shrinkage Selector Operator (Lasso) and Ridge
were used to reduce the number of genes from over 20,000 to the 30 most influential
predictive genes. When working with the most effective 30 genes using feature selection
methods, the highest performance was achieved. Performance decreases with lower gene
counts. Costs increase with higher gene counts. Therefore, the most effective 30 genes that
increase the performance ratio and reduce costs were selected. A hybrid ensemble classifier
combining K-Nearest Neighbors (KNN), Random Forest (RF) and Support Vector Machine
(SVM) with majority voting was proposed. Five-fold cross-validation and hyperparameter
selection were performed using GridSearchCV. A comprehensive evaluation was performed
using evaluation metrics. This study includes the steps of interpreting the contribution
of dominant genes using Shapley Additive Explanations (SHAP) and Local Interpretable
Model-Agnostic Explanations (LIME) analyses within the XAI framework of selected genes.
The contributions of this paper to literature on prostate cancer classification via machine
learning are as follows:

e A hybrid ensemble classifier combining KNN, RF and SVM with majority voting
and feature selecting to select the most influential genes is proposed for prostate
cancer classification.

e A process is proposed that reduces high-dimensional RNA-seq features to the
30 most effective features using systematic feature selection methods MI, MSE, RFE,
Lasso and Ridge.

e  Experimentally, Lasso is shown to be the most effective selector among classifiers, RFE
can be used as an alternative and Ridge is shown to be the weakest selector. This high-
lights the centrality of feature selection in small-sample, high-dimensional genomics.
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e To investigate generalizability beyond the PRAD dataset, the proposed model
was tested on cross-validated liver, lung and thyroid cancer datasets and yielded
high results.

e SHAP and LIME analyses within XAI and correlation analyses revealed that the
highly expressed EPHA10, HOXC6 and DLX1 genes were the most effective genes in
classifying cancerous samples, while the highly expressed H3F3C and low-expressed
ABCG1 and DPF1 genes were the most effective genes in classifying normal samples.

Section 2 reviews related work on machine learning and prostate cancer. Section 3
introduces the datasets used and details the data pre-processing steps, the machine learning
algorithms and the proposed model, feature selection methods and evaluation metrics.
Experimental results and discussion are shown in Section 4, and the paper is conclusion in
Section 5.

2. Related Works

Gene expression and microarray-based data have attracted considerable attention
from researchers for disease detection and classification. In high-dimensional datasets with
limited sample sizes, feature selection has a critical importance in enhancing classification
performance and identifying potential biomarkers. In the context of prostate cancer detec-
tion, researchers have investigated gene expression data and addressed the problem using
filter, wrapper and embedded feature selection methods, in conjunction with machine
learning and deep learning approaches.

Dhumkekar A.A. et al. [12] applied the variance threshold method as a filter-based
FS approach on gene expression data from 22 cancer types. Classification experiments
were conducted using Decision Tree (DT), Naive Bayes (NB), SVM, KNN and RF. Among
these, SVM obtained the highest performance with an accuracy of 94%. Shamsara, E. and
Shamsara, J. [13] conducted an analysis on copy number variation and RNA expression,
applying the Bonferroni correction to investigate gene associations between NO and N1.
Data refinement and variable selection were performed using the ANOVA F-test filter
method. Subsequently, 30-gene and 1000-gene sets were constructed, on which Principal
Component Analysis (PCA), K-means, hierarchical clustering, as well as NB and Neural
Network (NN) algorithms were employed. The study reported that the genes SPAGI and
PLEKHF? have a significant impact on survival outcomes. Begum, S. et al. [14] performed
feature selection on microarray data from four cancer types using filter-based methods,
namely Symmetrical Uncertainty (SU), Correlation-Based Attribute Evaluation (CBAE) and
Gain Ratio Attribute Evaluation (GRAE). Based on the SU feature selection results, they
developed an SVM-based active learning model, which achieved an accuracy of 93.86%.

Gumaei, A. et al. [15] proposed a feature selection phase and a classification phase
comprise the two-stage efficient method for prostate cancer classification using microarray
data. Without feature selection, an accuracy of 91.177% was obtained with 2135 features,
whereas applying feature selection reduced the feature set to 38 and improved accuracy
to 95.098%. Fathi, H. et al. [16] applied the Pearson correlation filter method for feature
selection on microarray data. Using the 10 selected features, they proposed a hybrid DTCV
classification model, which achieved an accuracy of 90%. He, B. et al. [17] employed
the Pearson correlation filter method for feature selection using 15 cancer types’ gene
expression data. Using the 150 selected features, they applied a NN classifier, achieving an
accuracy of 94.87%.

Santo, G.D. et al. [18] applied feature selection on gene expression data using the
Wilcoxon signed-rank test as a filter method and the Boruta wrapper method. With the
Wilcoxon signed-rank test combined with a RF classifier, they achieved an accuracy of 83.8%.
Senbagamala, L. and Logeswari, S. [19] applied the Genetic Clustering Algorithm (GCA) as
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a wrapper-based FS method on gene expression from five cancer types. Classification was
performed using Logistic Regression (LR), Multi-Layer Perceptron (MLP), RF, Artificial
Neural Network (ANN), SVM, KNN and Divergent Random Forest (DF). The proposed
DF classifier performed best with an accuracy of 97.74%. Razzaque, A. et al. [20] applied
the Modified Particle Swarm Optimization (PSO) wrapper-based feature selection method
on microarray data from three cancer types. Classification was performed using NB, SVM
and KNN. With the 30 selected features, the NB classifier obtained an accuracy of 93.52%.

Venkataraman, L. et al. [21] employed the Decremental Feature Selection (DFS) wrap-
per method for feature selection on gene expression data from five cancer types. Clas-
sification was performed using decision tree and random forest, where the RF classifier
achieved 97.4% accuracy with the 105 selected features. Yaping, Z. and Changyin, Z. [22]
employed a hybrid feature selection approach on microarray data by combining the Re-
liefF and Pearson correlation filter methods. SVM and KNN were used for classification.
With the nine selected features, both classifiers achieved an accuracy of 93.33%. Ali, N.M.
et al. [23] performed hybrid feature selection on microarray data by combining the ReliefF
filter method with wrapper-based applications, meaning Genetic Algorithm (GA), Parti-
cle Swarm Optimization and Whale Optimization Algorithm (WOA). Using the hybrid
ReliefF-GA feature selection method together with an SVM classifier, they achieved an
accuracy of 91.17%.

For problem classification, not only machine learning algorithms but also deep learning
algorithms, which are fundamentally based on artificial neural networks, can be utilized.
Deep learning is capable of performing automatic feature extraction. However, in high-
dimensional datasets such as genomic data, feature selection and dimensionality reduction
can be applied to enhance model performance or reduce training time.

Bhonde, S.B. et al. [24] proposed a hybrid FS approach on gene expression data from
five cancer types by combining the random forest embedded method with the particle
swarm optimization wrapper method. Using the 500 selected features, they proposed a
hybrid RNN-LSTM algorithm, which achieved a classification accuracy of 96.89%. Mostavi,
M. et al. [25] applied the Pearson correlation filter method for FS on gene expression
data from 33 cancer types. Classification was performed using 1D-Convolutional Neural
Network (CNN), 2D-Vanilla-CNN and 2D-Hybrid-CNN models. The 2D-Hybrid-CNN
classifier achieved an accuracy of 95.7% with the 230 selected features. However, some
researchers have instead utilized dimensionality reduction methods rather than feature
selection. Petinrin, O.O. et al. [26] applied dimensionality reduction on microarray data
from six cancer types using PCA, Truncated Singular Value Decomposition (TSVD) and
T-distributed Stochastic Neighbor Embedding (t-SNE) algorithms. Classification was
performed with Logistic Regression, RF, SVM, Gradient Boosting Classifier (GBC) and
KNN. The combination of PCA and TSVD feature selection with the LR classifier achieved
an accuracy of 92.29%. Alkhanbouli, R. et al. [27] emphasized that Explainable Artificial
Intelligence methods, specifically SHAP and LIME, have produced effective results in
improving model interpretability for various cancer types.

Table 1 compares our proposed hybrid ensemble learning model with several state-of-
the-art methods in cancer classification using high-dimensional genomic data. Our model
achieves the highest classification accuracy (97.82% for prostate cancer), outperforming
other studies. Unlike most studies, which lack model interpretability, we incorporate SHAP
and LIME explainable Al tools to provide transparency in feature contributions, enhancing
the understanding of the model’s decisions. Additionally, while other studies often lack
external validation, our model is validated on multiple cancer datasets (prostate, liver, lung,
and thyroid), demonstrating its generalizability and robustness across different cancer
types. This comparison emphasizes the strengths of our method in terms of accuracy,
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interpretability, and external validation, showcasing its potential as a powerful tool for
cancer classification.

Table 1. Comparison of the proposed approach and other related work approaches.

Study Dataset Feature Selection Method Classification Method Final Method and
Result Score
TCGA RNASeq SVM with
Dhuertnil;lelﬁig]A.A. (20,502 features, Variance Threshold DIIQ\%% ?{X{JM’ Variance Threshold
) 8963 samples) ’ 94% accuracy
RF with
] . Wilcoxon
S:tn ;f” [?8]]:) TCGA (545 samples) Wilcoxon lsal(;g;tlei(;l—rank test, RF signed-rank
’ test average
83.8% accuracy
Senbagamala, L. and a%g’ggﬁigg Genetic Clustering LR, MLP, RE, YSA, DF with GCD
Logeswari, S. [19] 802 sampllé s) ’ Algorithm (GCA) SVM, KNN, DF 97.74% accuracy
Singh . . .
Razzaque, A. etal. [20] (12,600 features, Mgg;fﬁfzzﬁgfgﬁfgg;“ NB, SVM, KNN 91}11352%2%1;28,
136 samples) ’
Singh . . SVM with
Ali, N.M. et al. [23] (12,600 features, ~ RelefE-CA, ReliefF-PSO, SVM ReliefF-GA
102 samples) 91.17% accuracy
TCGA RNASeq RNN-LSTM with
Bhonde, S.B. et al. [24] (20,501 features, RF + PSO RNN-LSTM RF + PSO
801 samples) 96.89% accuracy
. Singh LR with PCA
Peg;rlm[,zcg].o. (12,600 features, PCA, TSVD, T-tSNE LR, BB SV CBC, and TSVD
’ 102 samples) ! 92.29% accuracy
Antunes. M.E TCGA RNASeq SVM with
etu aleS[,ZS]. ’ (7 features, Chi-square test NB, SVM, ANN Chi-square test and
) 489 samples) about 83%
Our study TCGA RNASeq KNN, RF, SVMV,, Hybrid Ensemble
(Hybrid Ensemble (20,530 features, %Allci hgsgﬁlil;E;Eg’ {“ﬁ\isé” Ensemble learning Learning with Lasso
Learning Model) 550 samples) 8¢ ’ with majority voting  and 97.82% accuracy

Studies on datasets with a limited number of examples and high-dimensional feature
spaces have been published in the literature. In most cases, the analysis was performed
using a single feature selection technique or a single classification algorithm. In addition,
validation using external datasets has often remained limited. Furthermore, the selection
of hyperparameters to optimize classifier performance has frequently not been carried out
in a systematic manner. Reporting in the literature has predominantly focused on classifier
accuracy, while stability indicators such as Area Under the Curve (AUC) and F1 score have
often been overlooked and the interpretability of model outputs has remained limited.
Moreover, the biological interpretation of the genes selected through feature selection
has frequently been neglected. In contrast, in our study, effective feature reduction was
performed on PRAD RNA-seq data obtained from UCSC Xena following rigorous pre-
processing and labeling. Systematic hyperparameter optimization was carried out through
multi-fold cross-validation and GridSearchCV. In addition to classical machine learning
algorithms, the proposed hybrid ensemble model with majority voting achieved very high
performance. The proposed model was further subjected to external validation using
the LIHC, LUNG and THCA datasets. Using additional evaluation criteria, a thorough
assessment was carried out. In addition, by integrating SHAP and LIME into the same
pipeline for explaining biomarker effects, these weaknesses are directly addressed. In this
way, the model reduced the risk of overfitting, achieved consistent performance across
different feature selectors and cancer types and produced clinically interpretable results.
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3. Materials and Methods

This section includes dataset preparation, feature selection algorithms and compar-
ative performance analysis for classifier selection on multiple cancer RNA-seq datasets,
particularly PRAD obtained from UCSC Xena.

3.1. Dataset and Pre-Processing

The genomic-level datasets used in the study were selected from publicly available
prostate cancer RNA sequencing datasets in the literature. The general characteristics of
the prostate cancer dataset used in this study, as well as the liver, lung and thyroid cancer
datasets employed for validation, are shown in Figure 1. The datasets were collected by The
Cancer Genome Atlas (TCGA) [29] Programme and organized by the UCSC Xena online
exploration tool.

1129
1019 25,000

20,530 20,530 20,530 20,530
20,000 17,26 16,23 17,30 16,97
498 550 - 513 572 15,000
373 10,000
I 52 I 50 I 110 I 59 5000
PRAD LIHC LUNG THCA PRAD LIHC LUNG THCA
M Cancer M Normal HTotal M Selected feature W Raw feature

Figure 1. PRAD, LIHC, LUNG, THCA dataset characteristics.

Data pre-processing must be carried out to resolve data issues that would prevent
analysis from being performed on the dataset to be analyzed, to interpret the structure of
the data, to achieve meaningful data analysis and to extract more meaningful information
from the dataset to be applied [30]. Figure 2 shows the basic pre-processing steps performed
on the datasets used in the study.

Data Preprocessing

4 3\
'a
Data Collection . UCSC Xena Prostate Cancer Data Set
(.
4 . .
. Labeling of patients, Cancer (1) and Normal (0).
. Determination of dependent and independent variables.
. Transpose the data set.
Data Cleaning and p .
A . Checking the number of inputs Nan or 0.
Transformation . .
. Assigning column averages to Nan entries.
. Checking for constant (variance=0), semi-constant (variance=0.01)
\_ and duplicated columns.
\ J/

Figure 2. Data pre-processing steps.

For prostate cancer data, the TCGA Prostate Cancer gene expression RNAseq Illumi-
naHiSeq dataset was obtained from the TCGA Hub at “https://xenabrowser.net/hub/
(accessed on 15 September 2025)”. The RNA sequencing data obtained from UCSC Xena,
comprising 498 prostate cancer patients, 52 normal samples (columns) and 20,530 genes
(rows), must be labeled as cancer or normal. To obtain the dependent variable, the last two
characters of the patient IDs were examined according to the label descriptions in the cancer
genome atlas. If the ID fell within the range 01-09, it was labeled as cancer (1) and if within
the range 10-19, it was labeled as normal (0). The column header was set to “output”. In
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the RNA sequencing data, genes are arranged in rows and patients in columns. In the RNA
sequencing data, rows and columns were transposed. Subsequently, rows and columns
that were unnecessary or not to be used were examined and filtered. The refined genomic
dataset consists of 550 samples, one dependent variable indicating the condition of each
sample and 17,263 genes.

RNA sequencing datasets were checked for variance, semi-variance and repeated
columns. Variance is used to determine how far each number is from the mean and from
the other numbers in the set. All observations with a variance less than 0.01 and repeated
features have been removed.

The implementation was carried out using python as the programming language
within the Anaconda Navigator Spyder development environment. Data analysis was
performed with the pandas (2.1.4) library, mathematical and statistical methods were
applied using numpy (1.26.3) and scikit-learn (1.6.1) and data visualization was achieved
through matplotlib (3.8.2), seaborn (0.13.1), shap (0.48.0) and lime (0.2.0.1).

3.2. Feature Selection Methods

Microarray analysis relies heavily on feature selection, which is the process of finding
and eliminating unimportant elements from training data [31]. Filters, wrappers, and
embedded methods are the three feature selection techniques that are frequently employed.
Filter models choose features without reference to any predictor by using the generic
properties of the training data. As part of the selection process, wrapper models optimize a
predictor. Embedded methods typically use machine learning models for classification and
then the classifier algorithm creates an optimal subset of features [32].

The characteristics in the dataset have a significant impact on a machine learning
algorithm’s performance and training time. Redundant features have an impact on the
algorithm’s performance in addition to slowing down its training time [33]. In high-
dimensional data, feature selection is required to optimize the number of features in order
to achieve faster and more accurate classification. The general flowchart of the feature
selection performed is provided in Figure 3.

w[

Data P Feature [

. Normalization . Features
Preprocessing Selection L.
Data Set

M, MSE, RFE-RF, ‘
_ Lasso, Ridge J,

Figure 3. Feature selection flowchart.

By choosing the most significant and helpful characteristics for the problem of interest,
feature selection seeks to minimize the number of features in the dataset. Filter, wrapper
and embedded methods are commonly used in feature selection.

Five feature selection methods were applied to the datasets: mutual information
and mean squared error from the filter methods; recursive feature elimination from the
wrapper methods; and Lasso (L1 regularization) and ridge (L2 regularization) from the
embedded methods.
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Regardless of the model of the machine learning algorithm, filter techniques are a
pre-processing step. An evaluation criterion or a score that gauges each feature’s level of
relevance to the target variable is used to choose the feature set [34]. Mutual information
is a measure of the extent to which knowledge of one variable reduces the uncertainty
about another. It measures how much common information two variables share. The
mutual information defined by I(X;Y) is expressed in Equation (1). X and Y are two random
variables. x and y are the values that random variables can take. P(x, y) represents the
joint probability distribution of X = x and Y =y, while p(x) and p(y) represent the marginal
probability distributions of X and Y. The larger the result, the stronger the dependency
between the two variables [35]. The average of the squares of the variations between actual
and expected values is known as mean squared error. If the model contains no error, the
MSE equals zero. Its mathematical expression is given by Equation (2). Here, n is the
number of observations, Y; is the actual value, \A{i is the estimated value, and (Y; —\A{i)
represents the estimation error. As the model error increases, the result value also increases.

I(X;Y) = erx Zer P(x,y)log m (1)
MSE :% Yo (v —?i)z @)

Wrapper methods are feature selection strategies that conduct search operations on
the features and assess subsets of features according to the accuracy of a prediction model
trained with them [36]. The optimal subset is found by including or excluding variables
within the model. RFE aims to achieve high-performance results by eliminating variables of
low importance. The elimination process is applied through a machine learning algorithm
and by evaluating the results obtained. Based on the results obtained from the applied
model, the importance coefficients of the features are calculated and ranked. In this way,
the most relevant features can be selected.

Each iteration of the model training process is addressed by embedded methods, which
are feature selection strategies and identify the variables that contribute most to training
within a specific cycle. Lasso is used for both regularization and model selection. The
coefficients of the input variables are penalized. The coefficients of penalized variables are
reduced to zero [37]. The mathematical formulation of Lasso is expressed as Equation (3).
By including a penalty element, Ridge applies a limit on the coefficients that is comparable
to Lasso regression. Ridge regression, on the other hand, takes the square of the coefficients,
whereas Lasso regression takes the absolute magnitude. The mathematical formulation of
Ridge is expressed as Equation (4). In Equations (3) and (4), n is the number of observations,
p is the number of independent variables, y; and §; are the actual and estimated values,
(y;—9;) is the estimation error, 3 are the feature coefficients, and A is the penalty coefficient.

Liasso (B) = 2?:1 (Yi_yi)z—i_)\ quzl |BJ| (3)

Lridge (B) =Y, (Yi=97)7+A ij:1 sz @

3.3. Machine Learning Algorithms

Data-driven judgments can be made via technologies like deep learning, machine
learning, and artificial intelligence. They can be used instead of programming logic in
problems that cannot be programmed. Bioinformatic analysis can be performed on patient
data using machine learning approaches, which involve data acquisition, pre-processing,
normalization or standardization, feature selection or dimensionality reduction, classifica-
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tion, evaluation and survival analysis [38]. Machine learning uses various algorithms that
employ iteratively from data to evolve, explain and estimate outcomes [39].

In this study we employed three supervised ML algorithms commonly used in ma-
chine learning. Classification was performed using ML algorithms. Subsequently, these
algorithms were combined using an ensemble learning model to create a hybrid ensemble
learning model.

3.3.1. Traditional Machine Learning Algorithms

In KNN, k neighboring points are examined to define a point. The method is founded
on the assumption that nearby points are more likely to share the same label [40]. The most
common class among the rows is used to assign a class to the test point and likewise, a class
is assigned according to the most successful class among the columns. The optimal K value
was determined using the Hamming distance metric with the GridSearchCV() method and
calculated with 5-fold cross-validation. Equation (5) is used for the minkowski distance
and Equation (6) is used for classification. In Equation (5), n is the vector size, x and y are
data points, x; and y; are each coordinate, and p is the parameter determining the distance
type. In Equation (6), yy, ¥y, - - - Vi, are the labels of the k nearest neighbors. Predictions
are made based on the majority class of the neighbors.

., /
D(x, y) = (21’:1 Ixi —Yilp)l F 5)

7 =mod ¥y, Yig -+ Vi) ©)

Random samples are chosen at random from the dataset in Random Forest. For every
sample, a decision tree is constructed in order to produce a forecast outcome. Voting is
performed for each predicted result. To determine the optimal option, the prediction result
that receives the most votes is chosen as the final prediction result [41].

Samples are represented as points in space by the Support Vector Machine. The
samples of distinct categories are mapped to be separated by the widest possible clear
margin. The category of new samples is then anticipated by mapping them into the same
space and determining which side of the margin they fall into [42]. For data classification,
it is necessary to introduce an additional dimension into the feature space. Using Equation
(7), the data were mapped into three dimensions for classification that x and y represent
the horizontal and vertical dimensions in a two-dimensional plane. In polynomial SVM,
the decision function is represented by Equation (8). Here, n is the number of observations,
i are the learned values for each data point, y; are the labels of the data points, x is the
data point, x; are the training data points, b is the bias term, K(x, x;) is the kernel function, ¢
is the constant term, and d is the polynomial degree.

z=x*+y? 7)
f(x) = Z?:l oiy;K(x, x)+b, K(x, xi) = (X.XiJrc)d (8)

3.3.2. Ensemble Learning

A machine learning technique is ensemble learning that can be applied to enhance
classifier performance by combining predictions from multiple models. It is an effective
meta-classification technique that increases the effectiveness of weak learners by combining
them with strong learners [43]. Ensemble learning operates as a single model according to
the working principle in Figure 4 [44].
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Figure 4. Ensemble learning flowchart.

There are three fundamental ensemble learning methods: Boosting, Bagging and
Stacking. Bagging involves creating multiple training subsets by drawing random samples
from the training data. Each subset is used to train multiple models, and the outcomes are
aggregated using regression averaging and majority voting for classification. It prevents
overfitting and improves the model’s capability to generalize and lowers the variance
of the outcomes [44]. Boosting uses subsets generated from the dataset to train models.
Models are trained sequentially. New subsets are constructed from misclassified samples.
Classification is performed based on the weighted averages of the models. The data is
used as input to train several distinct models in stacking. The training results are fed into a
meta-classifier, which estimates the weights and predicts the output of each model’s input.
The models that perform the best are chosen, and the rest are eliminated [43].

In ensemble learning, several methods exist for selecting appropriate base learners. In
the averaging method, the results of the models applied to the dataset are combined and
their mean is calculated to determine the class label. In the weighted averaging method,
importance weights are assigned to the results of the models. The outcomes are combined
by calculating the weighted mean to determine the class label. In the majority voting
method, the predictions of the models are listed, and the class label is defined based on the
outcome with the highest number of votes. The class label is obtained using the formula
d] = mode{C1,C2, e ,C3} [45].

3.3.3. The Proposed Hybrid Ensemble Learning Model

Using the combined strength of ML models to address a learning problem, such a
regression or classification matter, is referred to as ensemble learning. Several homogeneous
ML models that are considered weak learners are grouped together using this technique.
Every weak learner generates its own outcome on either the entire training set or a portion
of it, when applied to the issue. Ultimately, the overall result was calculated by combining
the outcomes of each weak learner and classification was performed using the majority
voting method.

KNN, RF and SVM were used as weak learners to construct a hybrid ensemble learning
model, utilizing three categories of models for machine learning. Ensemble models typically
employ a homogeneous collection of weak learners. The machine learning algorithms
KNN and SVM are not ensemble methods on their own, whereas RF is a bagging method.
KNN is a simple yet effective method that can accurately capture local structures, SVM
demonstrates strong classification performance on high-dimensional data, and RF prevents
the model from overfitting when there are too many features. Furthermore, KNN, RF,
and SVM have high performance rates. The combination of these algorithms enables the
best modeling of different features, resulting in a robust and reliable hybrid ensemble
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model using the Majority Voting method. Figure 5 shows the classification and evaluation
flowchart for the hybrid community learning model.
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Figure 5. Classification and evaluation flowchart.

Filtering, wrapper and embedded methods were used in feature selection. The algo-
rithms commonly used in the literature, namely Mutual Information (MI), Mean Square
Error (MSE), Recursive Feature Elimination (RFE), Least Absolute Shrinkage and Selection
Operator (Lasso) and Ridge FS, were studied. For each cancer dataset, five separate reduced
datasets with 30 variables were obtained according to the parameters set.

Following feature selection, cross-validation was divided the dataset into five sub-
groups. The ML model’s performance was assessed with cross-validation technique. By
performing cross-validation, we ensure that the model generalizes well to unseen data, pro-
viding a more reliable estimate of the performance. The primary purpose of cross-validation
is to measure the model’s consistency across various data subsets and to reduce the likeli-
hood of overfitting. Five subsets of the dataset are created for 5-fold cross-validation. Each
subset is further divided into five parts. One part is used as the test set and the residuals
are used as the training set. For each of the five subsets, the roles of training and test data
are iteratively shifted, that each part is included in both the training and test data.

The ensemble learning approach in our study is used to combine the predictions of
multiple base classifiers (KNN, RF, and SVM) in a majority-voting scheme, which helps
to improve the robustness and accuracy of the model. This ensemble method is applied
after the feature selection process, where the most relevant features are identified using
techniques like Lasso, Ridge, and RFE. Each of the base classifiers is trained on the reduced
feature set, and their predictions are aggregated to make the final classification decision.
This process ensures that the strengths of each individual classifier are leveraged, enhancing
the overall performance.

Cross-validation outputs were provided as input to the k-Nearest Neighbor, Random
Forest and Support Vector Machine classifiers. The GridSearchCV method was used when
selecting the parameters of the classification algorithms. The GridSearchCV method is a
technique that enhances model performance by identifying the optimal hyperparameter
combination from a given set of hyperparameter inputs. Hyperparameter optimization
is a critical step in improving the performance of machine learning models. The goal of
hyperparameter optimization is to identify the optimal combination of hyperparameters
that maximizes the model’s accuracy, minimizes the error rate, and enhances the model’s
generalizability [46]. Training was conducted using the parameters obtained through
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hyperparameter optimization with GridSearchCV. To ensure optimal performance, the
hyperparameters of the machine learning algorithms used in this study were tuned using
GridSearchCV with 5-fold cross-validation. Table 2 summarizes the hyperparameters and
their respective values for the K-Nearest Neighbors (KNN), Random Forest (RF), and
Support Vector Machine (SVM) models.

Table 2. Hyperparameters for Machine Learning Algorithms.

Classifier Hyperparameter Value
Number of neighbors (k) 7
KNN Distance metric minkowski
Weights Uniform
Number of trees (n_estimators) 15
Quality measurement (criterion) entropy
RF Maximum depth (max_depth) 30
Minimum samples split (min_samples_split) 2
Minimum samples leaf (min_samples_leaf) 1
Kernel poly
C (regularization parameter) 1.0
SVM Gamma Scale
Probability True
Tolerance (tol) 0.001
Maximum iterations (max_iter) 1000

This table outlines the most relevant hyperparameters for each algorithm, which were selected based on the
performance of the model during cross-validation. These parameters were fine-tuned to ensure that each model
was optimized for the dataset used in this study.

The outputs of the trained algorithms were combined using the VotingClassifier
method to construct the Hybrid Ensemble Learning Model. Visualization was performed
using a correlation matrix, which measures the linear relationships among the features in
the dataset. Confusion matrices were obtained for the final class prediction results. Results
were obtained using evaluation metrics. To validate the results in the prostate cancer
dataset, liver, lung and thyroid cancer datasets obtained from the same database were
employed. Similar results were obtained for the classification results of other cancer types.

3.4. Evaluation Metrics

One of the performance evaluation methods in classification problems is the confusion
matrix. In this study, following the application of each feature selection method and each
classification algorithm, the confusion matrix was employed to assess performance, and
evaluation metrics specified in Equations (9)-(14) were computed.

Accuracy quantifies, in general, how well the model predicts the correct class across
all classes. Precision denotes the success rate of positive predictions. Recall indicates how
successfully actual positive cases are identified. The F1 score is the weighted average
of precision and recall. AUC projected the model’s capacity to discriminate between
classes; for AUC, 0.5 is the threshold value, whereas 1 is the highest value, indicating
good classification performance. The Matthews Correlation Coefficient (MCC) provides a
more balanced assessment than other metrics such as accuracy, particularly in imbalanced
datasets, by utilizing confusion matrix data.

(TP + TN)
(TP + TN + FP + FN)

©)

Accuracy =
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Precisi = —_— 1
recision (TP D) (10)
TP
Recall = ————~ 11
€@l = (TP +FN) (1)
(Precision * Recall)
F1 =2 12
seore * (Precision + Recall) (12)
1
AUC = /0 ROC(t)dt, ROC(t) =Ty (T3 (1)), te (0,1), (13)

MCC — (TP x TN) — (FP x FN) 14)
/(TP + FP)(TP + EN) (TN + FP)(TN + FN)

4. Results and Discussion

In this study, a hybrid ensemble learning model for feature selection and binary
classification on high-dimensional, small-sample prostate cancer RNA-seq gene expression
data is presented. The proposed hybrid model was further validated by applying it to
lung, liver and thyroid cancer datasets. All RNA-Seq data were obtained from UCSC Xena.
Fundamentally, for the prostate, lung, liver and thyroid cancer datasets, pre-processing,
feature selection, classification and evaluation were conducted separately and in that order.
The procedures described for prostate cancer were likewise applied to the other three
cancer datasets. During pre-processing, cancerous and normal samples in the dataset were
identified. Samples were labeled based on patient identifiers: if the last two digits were
01-09, the sample was labeled cancer (1); if 10-19, normal (0). The data were checked for
the presence of NaN values. By filtering out 3267 genes across 498 prostate cancer and
52 normal samples, the number of genes was reduced from 20,530 to 17,263. Features with
variance below 0.01 and duplicate features were removed from the dataset.

In the feature selection stage, five distinct reduced datasets, each comprising
30 variables, were obtained using filter, wrapper and embedded approaches specifically
mutual information, mean squared error, recursive feature elimination, the least absolute
shrinkage and Lasso and Ridge regression.

Hybrid ensemble learning was created by combining KNN, RF and SVM algorithms
with appropriate parameters selected by performing 5-fold cross-validation on the datasets.
Results were obtained for each dataset using the majority voting method. Confusion
matrices were created for all predictions. Results were obtained using the evaluation
metrics. The obtained prostate cancer results were also applied to liver, lung and thyroid
cancer datasets, ensuring the accuracy of the proposed method.

The results obtained using four distinct classifiers and five different feature selection
methods were presented comparatively in Table 3 and Figure 6. When the proposed hybrid
ensemble method was employed with Lasso-based feature selection, the highest accuracy
of 0.9782, F1-score of 0.9880 and AUC of 0.9865 were achieved.

When the base classifiers are examined, the SVM with Lasso-based feature selection
achieved an accuracy of 0.9727 and an AUC of 0.9897. RF exhibited balanced performance
across different feature selection methods, with its best results again obtained using Lasso.
Although KNN has an interpretable operating mechanism, when combined with Lasso
feature selection it delivered strong performance 0.9745 accuracy and an F1-score of 0.9861
yet it still fell short of the proposed hybrid ensemble method.
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Table 3. Prostate cancer classification results.
Classifier Sl:eei:tcltl;: S Accuracy Precision Recall F1-Score AUC-ROC MCC
MI 0.9636 0.9803 0.9799 0.9799 0.9340 0.7993
MSE 0.9545 0.9707 0.9799 0.9752 0.9412 0.7773
KNN RFE by RF 0.9673 0.9768 0.9879 0.9822 0.9494 0.7941
Lasso 0.9745 0.9844 0.9879 0.9861 0.9661 0.8130
Ridge 0.9436 0.9467 0.9939 0.9697 0.8888 0.6736
MI 0.9618 0.9692 0.9899 0.9793 0.9637 0.7738
MSE 0.9545 0.9673 0.9839 0.9753 0.9654 0.7695
RF RFE by RF 0.9582 0.9672 0.9879 0.9774 0.9605 0.7899
Lasso 0.9673 0.9750 0.9899 0.9822 0.9652 0.8028
Ridge 0.9309 0.9389 0.9880 0.9628 0.9261 0.6437
MI 0.9436 0.9702 0.9679 0.9690 0.9290 0.7320
MSE 0.9545 0.9726 0.9778 0.9750 0.9579 0.7698
SVM RFE by RF 0.9600 0.9747 0.9818 0.9781 0.9707 0.7699
Lasso 0.9727 0.9879 0.9818 0.9848 0.9897 0.8043
Ridge 0.9109 0.9612 0.9397 0.9502 0.9206 0.6011
MI 0.9655 0.9712 0.9920 0.9813 0.9735 0.8217
MSE 0.9582 0.9711 0.9839 0.9772 0.9769 0.7775
é’;gg&i"i‘: ﬁ?ﬁfﬁ RFE by RF 0.9673 0.9732 0.9919 0.9823 0.9878 0.8030
Lasso 0.9782 0.9862 0.9899 0.9880 0.9868 0.8589
Ridge 0.9309 0.9356 0.9919 0.9629 0.9433 0.6983
Classification Results (MI) Classification Results (MSE) Classification Results (RFERF)
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Figure 6. Prostate cancer classification results according to feature selection methods.

The Matthews Correlation Coefficient (MCC) values provide a more comprehensive
measure of model performance, especially in the presence of imbalanced data. As seen
in the table, the Hybrid Ensemble model consistently outperforms other classifiers across
all feature selection methods, achieving the highest MCC values, particularly with Lasso
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(0.8589) and RFE (0.8031). This indicates that the ensemble method, by combining multiple
classifiers, improves the model’s ability to handle both positive and negative class predic-
tions effectively. In contrast, Ridge feature selection consistently yields the lowest MCC
values across all models, suggesting that L2 regularization alone is less effective in selecting
discriminative features in imbalanced datasets. KNN, RF, and SVM show comparable MCC
values, with slight variations depending on the feature selection method used, demon-
strating that while they perform well, they do not match the hybrid ensemble in terms
of overall classification stability and balance. These MCC values confirm that ensemble
methods, particularly with Lasso-based feature selection, offer significant advantages in
terms of handling imbalanced data and improving model generalizability.

Evaluated in terms of feature selection methods, Lasso yielded the best results across
all classifiers. By imposing an L1 regularization penalty, less significant characteristics’
coefficients were reduced to zero by Lasso, thereby removing irrelevant or redundant
variables from the dataset and improving the model’s generalizability. It was observed that
the MI based feature selection method did not provide sufficiently strong discrimination
with some classifiers. Using MSE criterion, the best result 0.9582 was obtained with the
proposed method; however, overall, it exhibited relatively weak performance in distin-
guishing among different models. RFE approach achieved high performance with both
the proposed hybrid ensemble learner and SVM, emerging as a viable alternative to Lasso.
By contrast, Ridge displayed the weakest performance across all classifiers, indicating that
L2 regularization alone is insufficient for selecting discriminative features.

Figure 7 illustrates the linear relationships among the expression values of genes
identified via Lasso-based feature selection. Only the more important features have been
used in the visual to make the correlation matrix understandable. In the matrix, red tones
denote positive correlations, whereas blue tones indicate negative correlations. Moderate-
to-high correlations were observed for the gene pairs HOXC6-SIM2, HOXC6-DLX1 and
EPHA10-HOXCS, suggesting that these pairs may share similar regulatory mechanisms in
biological processes. For most genes, the correlation structure indicates that the features
carry largely independent information, minimizing the risk of exceedingly strong associa-
tions between any two variables. Significant positive correlations were observed between
the independent variable and the genes HOXC6 (r = 0.59), SIM2 (r = 0.62), DLX1 (r = 0.55)
and EPHAI10 (r = 0.60). These genes emerge as candidate biomarkers contributing most to
classification performance.

Figure 8 presents the confusion-matrix results for KNN, RF, SVM and Hybrid Ensemble
models. In comparison, KNN made 6 misclassifications among normal samples and
8 among cancerous samples, yielding a balanced performance but with sensitivity that was
relatively lower than SVM. RF misclassified 5 normal and 13 cancerous samples, performing
slightly worse than KNN and SVM in correctly identifying cancer cases. SVM misclassified
9 normal and 6 cancerous samples, achieving the highest sensitivity for the cancer class. The
proposed hybrid ensemble misclassified 5 normal and 7 cancerous samples 12 in total thus
providing the most balanced performance overall. These results indicate that the proposed
hybrid model offers more stable predictions and stronger generalization capability than the
individual models.

The impact of feature selection methods on classification outcomes is depicted in
Figure 9 through ROC curves and their corresponding AUC values. AUC quantifies the
classifier’s ability to discriminate between classes: values approaching 1 indicate stable and
reliable classification, whereas an AUC of 0.5 denotes an uninformative classifier (no better
than chance). Overall, the proposed hybrid model achieved the highest AUC across the
four feature selection methods. Moreover, it delivered consistent and strong performance
in minimizing generalization error among different feature selection methods.



Electronics 2025, 14, 4050

16 of 24

HOXC6 [N 0.55 0.51 0.22 059 058 028 059
swz o055 [REY oss 014 YR o051 o054 o028 o062

DLX1

0.51

0.56

Correlation Matrix between Features (Lasso)

1.00 0.16 041 052 021 055

- EEIRENCIN v EX] - ECIEE R

CCDC129

DPF1

SNAPC1

EPHA10 = 0.58

ABCG1 0.28
output | 0.59
w
O
X
o
T

EDEDED - g - EEmEnEE -
0.22 0.14 0.16 m- —010‘ 0.18 0. 0.24

-0.2
EDERED - - oo EEEIED D

SGEF | 0.59

- B - B - -

054 052 EFLNENENE 030 ECEE 0.49 0.27  0.60
-0.2
029 027 K 0.33

0.28 021 |-0.07 0.04 | g

0.62 0.55 EIkFEEIRON 0.24 EIEXE 0.48 0.60 0.33 -0.4
- [$) [« — L =] = =
3 L g5 & g 3 § 3
T a e ” o Q C
O wi
&)
Figure 7. Prostate cancer Lasso correlation results.
Confusion Matrix Results (Lasso)
KNN Confusion Matrix RF Confusion Matrix
@ @
@ 2 44 8 # 2 39 13
© @© © @
o ° o °
® _ © _
2 @ 2 ®©
2 g 6 492 2 g 5 493
z z
Cancer Normal Cancer Normal
Predicted Class Predicted Class
SVM Confusion Matrix Hybrid ENS Confusion Matrix
oy @
@ 2 46 6 72 45 7
© @ T @
SRS SRS
© _ © _
g E g E
<5 9 489 25 5 493
=z =z
Cancer Normal Cancer Normal
Predicted Class Predicted Class

Figure 8. Prostate cancer Lasso confusion matrix results.

XAl techniques are used to prevent the negative effects of automated decision-making
processes in feature selection, to help make more informed choices and to reveal and protect
potential security vulnerabilities [47]. SHAP and LIME are two widely used XAI methods.
These two methods propose a framework for interpreting the outputs, highlighting their
strengths and weaknesses.

The SHAP beeswarm plot summarizes the variables that influence model output at
a global level. Features are ranked from top to bottom according to the average SHAP
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value, with the horizontal axis representing the marginal contribution for each sample.
Colors encode feature values; dark pink represents high, blue represents low. A SHAP plot
summarizing which variables influence the model’s Class-1 decision, in what direction and
to what extent, is shown in Figure 10.
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Figure 9. Prostate cancer area under the curve results.

EPHA10 and HOXC6 are the most dominant predictors in selecting cancerous samples.
High values mostly shift to the right, increasing model output, while low values shift to the
left, decreasing it. The reverse pattern is observed for H3F3C. In other words, it is decisive
in choosing normal examples. High values are heavily weighted to the left, suppressing
output, while low values partially shift it to the right. While high values in SEMG1, PCSKe,
MMP9 and partially in APOE, SNAPC1 and CCDC129 produce a positive effect, high
values in some variables, such as ABCG1 and DPF1, tend to have a negative effect For
some features, such as NETO2 and LRRTM3, the scattering of points both to the right and
left suggests that the effect may be sensitive to context and interactions. In general, longer
tails on the left indicate that the negative effect may be stronger in some samples, while
the top variables drive the model decision in terms of both effect size and between-sample
variability [48,49].

LIME is a model-agnostic method developed to generate local explanations for indi-
vidual predictions of machine learning models. LIME generates synthetic perturbations
in the vicinity of the sample studied and forces the main model to predict these examples.
It then trains an interpretable surrogate model on data weighted by distance from the
sample, extracting the feature contributions that best explain the prediction [50]. The
model-agnostic nature of the LIME method enables it to be applied to various machine
learning models, making it flexible across a wide range of use cases. LIME can help in-
crease trust in Al systems by transparently explaining the decision-making process behind
predictions, particularly in critical areas such as healthcare [51].
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Figure 10. Prostate cancer Lasso XAI SHAP results.

Figure 11 shows that the model gives a 90% probability of cancer and a 10% probability
of Normal and which features drove this decision. The orange features on the right
represent local contributions supporting the cancer classification. The high values of
SNAPC1 and CCDC129, along with the range of EPHA10 and DLX1, push this sample
toward cancer. The blue features on the left, H3F3C, SGEF, SIM2, ABCG1 and DPF]1, favor
normal classification. While the relatively high H3F3C and low levels of SGEF, ABCG1 and
DPF1 favor normal, their combined contributions are insufficient to offset the opposite. The
direction of the bars indicates the class to which the contribution is directed, and the length
indicates its local weight. The numbers in the table represent the standardized values of the
relevant feature in this example. As a result, although there are signals supporting normal,
the model classifies this sample as cancer due to the dominant local indicators in favor
of cancer.

According to the results derived from the correlation matrix and the XAI methods
SHAP and LIME, the genes EPHA10, HOXC6, DLX1, H3F3C, ABCG1 and DPF1 were
effective in discriminating cancerous from normal samples. Among the genes proposed by
the model that are particularly effective for classifying cancer cases, EPHA10 is a element
of the Eph receptor tyrosine kinase family. It is emerging as a functionally important
pseudokinase that contributes to cellular signaling and multiple aspects of tumor biology.
Aberrant expression of EPHA10 is also implicated in prostate, breast and colon cancers.
Consequently, targeting EPHA10 may confer therapeutic benefits across multiple tumor
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types [52]. All multicellular organisms” morphogenesis depends on the highly conserved
transcription factors encoded by the homeobox family, of which HOXC6 is a member [53].
DLX1 plays an important role during neurodevelopment. The encoded protein might
be involved in the differentiation and survival of inhibitory neurons in the forebrain as
well as the regulation of craniofacial patterning [54]. Chromatin incorporation of H3F3C
histone variants, which are effective in classifying normal samples, also plays an important
role in establishing specific chromatin states [55]. ABCG1 is a regulator of macrophage
cholesterol and phospholipid transport [56]. DPF1 is associated with both chromatin remod-
eling and essential regulatory processes in early embryonic development and enhanced
chemoreception [57].
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Figure 11. Prostate cancer Lasso XAI LIME results.

The effectiveness of the suggested approach on the prostate cancer dataset was vali-
dated using liver, lung and thyroid cancer datasets from the same database. The classifi-
cation performance achieved by the proposed model for four different cancer datasets is
reported in Table 4 and the results are examined.

Table 4. Comparison of classification results.

Classifier SE?:ZEI:H Dataset Accuracy Precision Recall F1-Score AUC-ROC
LIHC 0.9976 1.0000 0.9972 0.9986 1.000
Proposed Hybrid Lasso LUNG 0.9965 0.9981 0.9981 0.9981 0.9997
Ensemble Method THCA 0.9948 0.9980 0.9961 0.9971 0.9990
PRAD 0.9782 0.9862 0.9899 0.9880 0.9868

The results of our study indicate that Lasso (L1 regularization) is a more effective
feature selector than Ridge (L2 regularization). This can be explained by the differing
properties of L1 and L2 regularization. Lasso regularization induces sparsity in the model
by shrinking some feature coefficients to exactly zero, effectively excluding irrelevant or
redundant features from the model. This characteristic makes Lasso particularly advanta-
geous in high-dimensional datasets, such as genomic data, where many features (genes)
may not contribute significantly to the classification task. In contrast, Ridge regulariza-
tion only reduces the magnitude of coefficients but does not set any coefficients to zero,
meaning that all features are retained, albeit with smaller coefficients. As a result, Ridge is
less effective in feature selection, especially when the dataset contains a large number of
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irrelevant features. This theoretical distinction between Lasso and Ridge helps explain why
Lasso outperforms Ridge in our experiments.

While this study presents promising results, several limitations should be acknowl-
edged. The dataset used is relatively small and imbalanced, which may affect the gen-
eralizability of the results. Additionally, while we employed multiple feature selection
techniques, there are other advanced methods that could potentially improve model per-
formance. Although external validation was performed on datasets from different cancer
types, further validation with more diverse real-world clinical data is needed. The inter-
pretability of ensemble methods, especially those combining multiple classifiers, remains a
challenge, and the computational cost of training these models can be high. These limita-
tions highlight areas for future work, including expanding the dataset, exploring additional
feature selection methods, and improving scalability and interpretability.

An examination of the results reveals minor differences; nevertheless, they are impor-
tant for evaluating the generalizability of the proposed model across different datasets. The
fact that all metrics obtained in the prostate dataset are above 97% reveals that the model
generally demonstrates high success and has strong classification ability. Although the
performance values are slightly lower than other datasets, these differences do not indicate
a significant weakness in the success of the model. On the contrary, the distribution of
performance on different datasets confirms that the generalizability of the model is high.
This demonstrates that the model operates robustly and reliably even on datasets with
differing biological and molecular characteristics.

5. Conclusions

Our aim in this study is to provide an effective model for classifying high-dimensional,
small-sample prostate cancer RNA sequencing gene expression data. We suggest a frame-
work for hybrid ensemble learning that incorporates several feature selection techniques
with machine learning algorithms. Specifically, the model employs hybrid ensembles
formed by combining feature selection methods MI, MSE, RFE, Lasso and Ridge with KNN,
RF and SVM classifiers.

The results indicate that the proposed hybrid ensemble learning model outperforms
conventional classifiers. Among the feature selection methods, Lasso generally emerged as
the most effective, whereas Ridge was the weakest. With Lasso-based feature selection, the
proposed hybrid ensemble model achieved strong performance across the primary metrics,
attaining an accuracy of 0.9782, precision of 0.9862, recall of 0.9899, F1 score of 0.9880 and
an AUC of 0.9868.

To interpret the selected features, SHAP and LIME methods within explainable Al,
along with correlation analyses, were employed. The resulting visualizations reveal that
high expression levels of EPHA10, HOXC6 and DLX1 directly contribute to the successful
classification of cancerous samples, whereas high H3F3C and low ABCG1 and DPF1
expression levels directly aid in the classification of normal samples.

In conclusion, by integrating the strengths of diverse classifiers, the proposed hybrid
ensemble learning model yields a more stable, reliable and generalizable framework that
delivers high classification performance across multiple cancer types. The findings obtained
substantiate this claim. Based on the findings of this study, one focus area for future research
could be a more in-depth examination of the interactions between genes identified using
XAl methods. Investigating multi-stage feature selection strategies to further optimize gene
selection processes may be beneficial for improving the model’s accuracy and generalization
ability. Such studies may contribute to a better understanding of biologically meaningful
genes and make the model more suitable for clinical applications. Moreover, the approach
makes notable contributions to both bioinformatics and machine learning. The proposed
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method offers a robust alternative for analyzing small sample sizes and high-dimensional
gene expression data and is considered an extensible strategy that can be expanded to
support early cancer diagnosis. Future work may further enhance its generalizability by
applying the model to additional cancer types and real-world clinical datasets.
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