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Abstract

Gene expression is the process through which genetic information in DNA is
converted into functional products, primarily proteins. This involves two main
steps: transcription, where DNA is copied into messenger RNA (mRNA), and
translation, where mRNA is decoded by ribosomes to synthesize proteins.
Gene expression is tightly regulated to ensure proper cellular function, and its
analysis is vital in fields like cancer research, drug development, and genetic
engineering. Hence, this paper proposed effective Voting-based Stacked De-
noising Auto-encoder (VSDA) for the prediction of diseases. The VADA model
uses the stacked model within the Auto-encoder for the accurate prediction of
the gene expressions. This paper investigates the performance of four machine
learning classifiers—Support Vector Machine (SVM), Random Forest (RF),
K-Nearest Neighbours (KNN), and Multi-Layer Perceptron (MLP)—on a can-
cer diagnosis dataset, using metrics such as Precision, Recall, F1-Score, and
Support across multiple cancer types. Our results show that MLP achieves the
highest overall performance with an average Precision of 0.92, Recall of 0.75,
and F1-Score of 0.74. SVM follows closely with an average Precision of 0.89,
Recall of 0.78, and F1-Score of 0.79, demonstrating strong reliability, particu-
larly for cancers such as LUAD, KIRC, and THCA. RF exhibited an average
Precision of 0.75, Recall of 0.68, and F1-Score of 0.66, indicating balanced per-
formance but with slightly lower accuracy compared to SVM and MLP. KNN,
while performing well in certain cancer types, had the lowest overall F1-Score
of 0.60 and Precision of 0.71, showing greater variability across different can-
cer types. These results underscore the superiority of MLP in most scenarios,
with SVM offering a competitive alternative for specific cancers. The study
highlights the importance of classifier selection based on specific cancer da-
tasets, with the goal of improving diagnostic accuracy and supporting clinical
decision-making.
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1. Introduction

Gene expression is defined as the use of gene information with a view of synthe-
sizing a functional gene product, which may be a protein or RNA molecule [1].
This process involves two key stages: Transcription and translation. In transcrip-
tion DNA sequence of a gene is transcribed into messenger RNA (mRNA) in the
nucleus [2]-[5]. In translation, the mRNA is than used as a template to construct
a corresponding protein in the cytoplasm. Transcription factors, environmental
signals, and epigenetic changes act as the factors controlling gene expression in-
tensity and time [6]. Most of the genes implicated in the prediction and diagnosis
of cancer exhibit changes in the process of the development of carcinoma. The
different genes in tumor cells may be expressed in different levels to that of normal
cells with some genes being expressed higher than normal while others lower [7].
They can cause uncontrolled cell growth, the ability to escape through apoptosis
and the ability to form metastasis.

Examining gene expression data from cancer samples allows investigators to
find objective indicators for cancer existence, its subtype, and its stage. Such en-
hancements in tools and technologies such as microarrays and RNA-seq facilitate
large-scale measures of molecular activity to gain an understanding of the molec-
ular basis of cancer [8].

Auto-encoders, a type of artificial neural network, are increasingly used in gene
expression analysis in disease prediction especially in biomarkers detection and
disease prognosis [9]. In this context, auto-encoders are types of unsupervised
learning techniques that can reduce data, especially gene expression profiles con-
tained in this study, into a smaller form then attempt to reconstruct the data as
close as possible to the original data [10]. The encoder side of the auto-encoder
codes the actual gene expression data into a format that saves only the most im-
portant aspects, patterns or features of the given data set and the decoding side of
the auto-encoder tries to reconstruct the input data [11]. If required for disease
prediction the auto-encoders can then trained on the gene expression data from
both the healthy and diseased samples giving the model the ability to learn the
features of gene expression which are likely a sign of the disease type of interest
such as cancer, diabetes, or neurological disorders [12]. The learned representa-
tions can then be used for activities such as novelty detection, classification or
clustering, aimed at the identification of new biomarkers, prognosis of disease and
diagnosis. Auto encoders is one of the deep learning models that is getting popular
for disease prediction in genomic data specially gene expression data [13]. These

models are intended to effectively capture a low-dimensional representation of
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high-dimensional data which may include gene expression profiles by encoding
the input data and then decoding it. The encoder and decoder take accounts for
definite values of gene expression in healthy and diseased states with respect to
gene expression data. Auto-encoders are helpful in reaching the goals of identify-
ing the differences in gene expression related to diseases, discovering biomarkers,
and diseases classification by paying attention to the most significant patterns
[14]-[16]. Auto-encoders have made significant contributions to cancer predic-
tion by offering an efficient way to analyze complex, high-dimensional biological
data such as gene expression profiles, medical images, and proteomic datasets. As
unsupervised learning models, auto-encoders reduce dimensionality by learning
compact, latent representations of input data while retaining its most informative
features. This enables the identification of subtle patterns or anomalies that may
indicate the presence of cancer. By leveraging these latent representations, auto-
encoders can improve the accuracy of downstream classification tasks, such as
differentiating between cancerous and non-cancerous samples or identifying spe-
cific cancer subtypes. Additionally, their ability to denoise data and handle miss-
ing values enhances the quality of predictions, making them particularly valuable
in clinical settings where data variability is common. The methods are especially
useful in simplifying complex gene expression data, increasing readability, and
identifying novel patterns such as signs of an emerging disease. The compressed
representation learned by the auto-encoder can be then used for predictive tasks
like patient’s class or disease prognosis [17]. Additionally, auto-encoders enable
the integration of multi-omics data, providing a more comprehensive under-
standing of diseases. Despite challenges in model interpretability and generaliza-
tion across different datasets, auto-encoders hold significant potential in advanc-
ing personalized medicine, predicting treatment responses, and discovering novel
therapeutic targets [18].

The gene expression datasets for cancer prediction include comprehensive ac-
tivities of genes in cancer and non-cancer tissues, allowing researchers to establish
molecular patterns of the associated diseases [19]. These datasets commonly con-
tain the quantitative values of thousands of genes in the hope of detecting differ-
ential patterns between healthy and cancer cells. In cancer prediction, these gene
expression datasets mention organizations above are used in combination with
the machine learning technology to identify the trivial variations in gene activity
that could predictive cancer, its type, or phase [20]. For instance, activation or
down regulation of any specific genes can be potential sign of oncogenes like
growth independence, anti-apoptosis and cell migration. In these studies, it is pos-
sible to discover novel diagnostic markers for primary cancer, prognosis of the
disease, and the therapeutical outcome. Popular cancer gene expression datasets
such as TCGA bring valuable data into the process of building accurate prognostic
models as well as improving a patient’s treatment plan by correlating gene expres-
sion patterns of tumours to specific clinical outcomes. These datasets are critical

in the enhancements of the knowledge we have or the cancer biology besides en-
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hancing the reliability of the diagnostic tools that can at long last enhance the
quality of services rendered to patients.

This paper proposed voting-based stacked Denoising Auto-encoder (VSDA)
model for the prediction and classification of the gene expression. The proposed
VSDA model uses the denoising Auto-encoder for the gene expression prediction
and classification. This paper investigates the performance of four machine learn-
ing classifiers—Support Vector Machine (SVM), Random Forest (RF), K-Nearest
Neighbours (KNN), and Multi-Layer Perceptron (MLP)—on a cancer diagnosis
dataset, using metrics such as Precision, Recall, F1-Score, and Support across mul-
tiple cancer types. Our results show that MLP achieves the highest overall perfor-
mance with an average Precision of 0.92, Recall of 0.75, and F1-Score of 0.74. SVM
follows closely with an average Precision of 0.89, Recall of 0.78, and F1-Score of 0.79,
demonstrating strong reliability, particularly for cancers such as LUAD, KIRC, and
THCA. RF exhibited an average Precision of 0.75, Recall of 0.68, and F1-Score of
0.66, indicating balanced performance but with slightly lower accuracy compared to
SVM and MLP. KNN, while performing well in certain cancer types, had the lowest
overall F1-Score of 0.60 and Precision of 0.71, showing greater variability across dif-
ferent cancer types. These results underscore the superiority of MLP in most sce-
narios, with SVM offering a competitive alternative for specific cancers. The study
highlights the importance of classifier selection based on specific cancer datasets,

to improve diagnostic accuracy and support clinical decision-making.

2. Related Works

There has been much interest in the last ten years in research on gene expression
and cancer risk assessment since genomic technologies can offer the identification
of molecular pathways and disease markers. Tremendous studies have been pro-
duced to use molecular biology prospectives and different machine learning and
statistical methods to predict the gene expression for capturing disease, progress,
and responses to therapy. Examples of work in this area are discussed below: clas-
sifiers such as support vector machines (SVM), random forest, and deep learning
algorithms, dimensionality reduction; principles such as principal component
analysis (PCA) auto-encoder. Such strategies have been employed for discovering
biomarkers that may be useful for early detection of disease and individualised
therapies.

Despite the several promising uses of auto-encoders and deep learning models
for gene expression analysis in disease prediction, there are some challenges that
should be responded to however, one of the main disadvantages of the described
methods is that they are not easy to interpret. Although auto-encoders are good
at dimensionality and capturing high level representations of gene expression data
they induce non-interpretable representations which can make it hard to associate
them to particular biological processes or pathways. There are also reporting dif-
ferences that make difficult their acceptance in environments such as the clinic,

where the biological relevance of these features, predictive for the disease, must be
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clear. The last drawback is data variation; gene expression data is highly variable
based on the platform used, the cohort sampled, and the experimental setting
looked into, which in turn influences the scalability of the deep learning results.
This approach is essential given that models trained on one dataset can have poor
performance when applied to another thus the call to address data heterogeneity.
Another issue is overfitting, which is vital when using large-dimensional features
like gene expressions; a model falls in love with the noise. For this, it is required
to use the regularization techniques and proper cross validation which, however,
consumes a lot of CPU time. Further, the requirement for big volumes of anno-
tated data and creating a robust pipeline of deep learning models continue to per-
sist, as it might be highly costly and time-consuming to gather high-quality la-
belled datasets for rare disease or specific type of cancer. Last, there is need to
work on Deep learning model such as auto-encoders that still pose great compu-
tational demands as means of data storage hence may not be readily applicable in

small research groups or even in resource confined settings.

3. Proposed Voting-Based Stacked Denoising Auto-Encoders
(VSDA)

The proposed model was studied for VSDA using an autoencoder that works
based on voting to self-predict cancer. During this phase, patterns were identified
and predictions were evaluated using different classifiers. Initially, this research
uses ribonucleic acid (RNA) sequencing to identify and analyze changes in gene
expression patterns (transcriptome) within cancerous cells. Those are pre-pro-
cessed and denoised for further processing. Within the pre-processed data to re-
duce the dimensionality of data principal component analysis (PCA) and t-dis-
tributed stochastic neighbor embedding (t-SNE). With the Voting-based Stacked
denoising auto-encoder model clustering of data sequences is performed to esti-
mate feature extraction and selection. With the estimated features voting-based
model is implemented for the prediction of the cancer genes. Once the classifica-
tion is performed it is evaluated with the different classifiers such as SVM, RF,
KNN and MLP. With the classification is performed clustering is performed for
the estimation of the attributes in the data. The proposed VSDA model for the
prediction is presented in Figure 1.

TCGA and GTEX Data Voting-Stacked
dataset Pre-Processing AutoEncoder

Prediction and
Classification with
SVM, RF, KNN and

MLP

Clustering of Data

Figure 1. Flow of proposed VSDA.
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The proposed flow in Figure 1: presented the flowchart illustrates a structured
machine learning pipeline designed to analyze the TCGA (The Cancer Genome
Atlas) and GTEX (Genotype-Tissue Expression) datasets. The process begins with
the acquisition of these datasets, which are renowned for their extensive genomic
and tissue-specific data, serving as a foundation for biological and medical in-
sights. The first step involves data pre-processing, where raw data is cleaned, nor-
malized, and prepared for further analysis. This step ensures the removal of noise
and inconsistencies, enhancing the quality and reliability of the dataset. Once pre-
processed, the data undergoes feature extraction through a voting-based stacked
auto-encoder. This advanced method leverages deep learning to capture complex,
hierarchical features, combining the strengths of stacked auto-encoders and en-
semble techniques to improve robustness and accuracy. Following feature extrac-
tion, the data is clustered to group similar data points, enabling the identification
of hidden patterns and relationships. Finally, the clustered data is fed into a pre-
diction and classification module, which utilizes a diverse set of machine learning
algorithms—Support Vector Machine (SVM), Random Forest (RF), K-Nearest
Neighbors (KNN), and Multi-Layer Perceptron (MLP). These models work col-
laboratively to classify data and predict outcomes with high accuracy, leveraging
their individual strengths. This comprehensive workflow integrates data pre-pro-
cessing, feature extraction, clustering, and classification to provide meaningful in-
sights, particularly in the context of genomic and tissue-specific research.

The Voting-based Stacked Denoising Auto-encoders (VSDA) model offers a
unique take on auto-encoders, dimensionality reduction, ensemble learning while
providing potential to automate cancer prediction by gene expression analysis.
This model is intended to be used in RNA sequencing where profitaciouse details
of the cancer cells’ transcriptome are delivered. The first step in the proposed ap-
proach is Data cleaning; RN Ass data pre-processing step which excludes noise and
other unimportant characteristics by applying Denoising Auto-encoders (DAE).
As these denoising auto-encoders are trained for reconstruction of data with less
noise, these reconstructed gene expression patterns serve better for the next step
analysis. The final step in the current model entails the process of dimensionality
reduction entail Principal Component Analysis (PCA) and t-Distributed Stochas-
tic Neighbor Embedding (t-SNE) to maximize usability of the various data sets
and enhance feature extraction. Taking this into account PCA can be used for
identifying principal components which describe maximum variance in the data
while t-SNE is great for visualizing the data with low dimensions while keeping
the neighbors’ relationships. These techniques make it easier to eliminate dimen-
sionality and retain only those Gene features that must be analyzed.

The main of the proposed method is based on the Voting-based Stacked De-
noising Auto-encoder (VSDA) shown in Figure 2. The trained SDA is a feed for-
ward neural network where every layer is trained to extract rather abstract features
of the gene expression data. Each auto-encoder is designed to be trained to mimic

input-output mapping with a high degree of accuracy, and hence retain the de-

DOI: 10.4236/jbm.2025.133013

160 Journal of Biosciences and Medicines


https://doi.org/10.4236/jbm.2025.133013

A. Kunwar, S. L. Wang

sired gene patterns in the process. The stacked structure enables the model to de-
velop multiple levels of representation of the data, where the first levels identify
straightforward gene expression patterns, while the other levels learn more com-
plex patterns associated with cancer development. Once the features are extracted,
the Voting-based approach is then used to ensembles the results of multiple mod-
els or classifiers from a list of models/classifiers, such as k-nearest neighbor, naive
bayes, support vector machine, and multi-layer perceptron. Ensemble learning
technique of generating a final prediction by combining multiple models includ-
ing SVM, RF, KNN and MLP. As for a voting theory, each classifier will give out
a call on the predicted class while the class with majority votes will be passed out
as the final decision. This method assists in avoiding individual shortcoming of

each classifier and therefore makes the prediction model more accurate.

TCGA and GTEX Data

dataset Pre-Processing

Stacked Model

MY

Training |- :

~—

Cluster

AutoEncoder

)

Testing

———

Classification

Figure 2. Architecture of proposed VSDA.

3.1. Steps in Voting-Based Stacked Denoising Auto-Encoders

The Voting-based Stacked Denoising Auto-encoders (VSDA) model can be de-
scribed as a multi-step process to utilize denoising auto-encoders, dimensionality
reduction, feature extraction, and classification through voting technique. The
first process involves filtering the features and cleaning the RNA sequencing data
to minimise noise. The above is made possible by the use of Denoising Auto-en-
coders (DAE). A denoising auto encoder tries to map a noisy input data towards

the clean corresponding input data for preventing noise data and making the data
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cleaner. For a given input X, a noisy version X is generated, and the goal of the
auto-encoder is to minimize the reconstruction error: A type is the VSDA model
denoising auto-encoder to reconstruct an input vector X from a noisy version
X where the model parameters are chosen as follows With this, the loss function

is defined as in Equation (1)

1

Loae (Xilﬁi)zﬁzin:l(xi -% )2 (1)

In Equation (1), X isthe reconstruction of x,and X and X are the indi-
vidual elements of the input and output vectors, respectively. Where X is the
reconstructed output, and X, are the individual elements of the noisy input and
the reconstructed output, respectively. The encoder learns a mapping ¢, from
the noisy input to a hidden representation h, and the decoder reconstructs the

original data represented in Equation (2)
%=g, (h) (2)

In Equation (2), g, are the encoder and decoder functions parameterized by
6 and ¢, respectively. After denoising, dimensionality reduction techniques
such as Principal Component Analysis (PCA) and t-Distributed Stochastic Neigh-
bor Embedding (t-SNE) are applied to reduce the high-dimensional gene expres-
sion data into a lower-dimensional space while preserving the most important
features. PCA reduces the dimensionality of the data by finding the principal com-
ponents W that maximize the variance of the data. The projection of the data

X on these components stated in Equation (3)
X'=X-W (3)

where X' is the transformed data, and W is the matrix of principal compo-
nents. t-SNE aims to find a low-dimensional representation of the data Y that
preserves local similarities. After the feature extraction process, the next step in-
volves classification. The features extracted from the stacked denoising auto-en-
coders are passed to a set of classifiers, including Support Vector Machine (SVM),
Random Forest (RF), k-Nearest Neighbors (KNN), and Multi-Layer Perceptron
(MLP). These classifiers predict the cancer class based on the learned features. It

minimizes the following cost function stated in Equation (4)
2
C(Y):zi:&j Pij _Qij” (4)

represents the probability that a pair of points (i, j) are

In Equation (4), P
neighbors in the high-dimensional space,and Q; is the corresponding probabil-
ity in the low-dimensional space. For classification, let the predictions from indi-
vidual classifiers be y,,V,, -+, Y, . The final prediction ; is determined by the
majority vote using Equation (5)

y =argmax, 3" 1(y, =c) (5)

In Equation (5), | (yi = C) is an indicator function that equals 1 if Y, is the

class C, and 0 otherwise. The last prediction is the class which is voted for with
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the highest frequency. After delivering the cancer classification, the performance
of the classifier is measured using various well known classification parameters
like accuracy, precision, recall and F1-score. Due to the fact that the classifier plays
a central role in the VSDA model, its performance is evaluated comparatively us-
ing benchmark models such as SVM, RF, KNN, and MLP. The next step is clus-
tering in which the extent of the attributes of data is estimated. This involves clus-
tering, which is a technique of spreading similar data through the features and the
classification accomplished. During clustering the key relation in the data that are
not visible can be identified and hence the model can be modified for predicting
more accurately. The clustering can be represented by minimizing a clustering

cost function, stated in Equation (6)

Lcluster (X ! XA ) = Zinzlzlj:l")(i _'uj ||2 (6)

In Equation (6), u; denotes the centroid of the j-th cluster, and X; corre-
sponds to the data points in each cluster. The proposed Voting-based Stacked De-
noising Auto-encoders (VSDA) works by stacking auto-encoder layers for fea-
tures, employing dimensionality reduction techniques for data input, and cancer
classification done through voting from ensembled layers. Thus, the integration
of these approaches within the VSDA model should enhance the quality of cancer
prediction driven by RN A sequencing data. By stacking numerous auto-encoders,
the paper was able to identify abstract features in data, while through the voting
mechanism, the final prediction was reached by most classifiers, and hence mini-

mizing overfitting.

3.2. Data Set

The dataset utilized for the proposed VSDA model are presented as follows:

3.2.1. GTEX and TCGA Data

The Data used in this study was sourced from The Cancer Genome Atlas. This is
the largest global repository of genomic data related to cancer. TCGA was initiated
in 2006 as a collaborative project spearheaded by the National Cancer Institute’s
Center for Cancer Genomics and the National Human Genome Research Insti-
tute. This vast set of data has furthered many other bodies of cancer research in
areas of accurate diagnosis, effective treatment options, and preventive measures.
The public accessibility of TCGA data has also significantly helped numerous sci-
entists in their research endeavors, by having ready access to high-quality genomic
information for inclusion in their research studies.

The TCGA dataset comprising 8293 samples that were classified by one of the
15 unique types of cancers. This rich dataset was consequently applied to train
a machine learning model that was then validated against an independent da-
taset formed by using Genotype-Tissue Expression project. The GTEX project
is an initiative toward forming a public resource that will allow the exploration
of tissue-specific expression and regulation of genes for various tissues in the

human body.
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3.2.2. Description of Data
The proposed VSDA model comprises are 38,019 features along with 8293 sam-
ples acquired from the TCGA dataset. It is presented in .csv for easier use with
machine-learning algorithms. The first column of this dataset is allocated for pa-
tient IDs, and the target variable—“Type” is the type of cancer that one wants to
predict. The remaining columns would then describe the gene expression values
for a variety of genes that would form the basis of the input features that one uses
to classify the samples. The target variable describes what kind of cancer it is,
where each of the 15 cancer types has been assigned a particular label. A descrip-
tion of the labels and the cancer types themselves can then be described based on
the notation used for TCGA, which appears in Table 1.

In addition, Figure 3(a) and Figure 3(b) illustrate the spread of cancer types in
the TCGA data set with information about the incidence of each kind of cancer
within the samples. Figure 3 depicts the spread of GTEX data showing variability

in expression among the tissues.

Table 1. Attributes of dataset.

Code Cancer Type

BRCA Invasive breast carcinoma

LUAD Adenocarcinoma of the lung

KIRC Renal papillary cell carcinoma (kidney)
COAD Adenocarcinoma of the colon

UCEC Endometrial carcinoma of the uterine corpus
THCA Carcinoma of the thyroid

HNSC Squamous cell carcinoma of the head and neck
PRAD Carcinoma of the prostate

LIHC Hepatocellular carcinoma (liver)

BLCA Urothelial carcinoma of the bladder
STAD Adenocarcinoma of the stomach

CESC Squamous cell carcinoma of the cervix and endocervical adenocarcinoma
PAAD Adenocarcinoma of the pancreas

ESCA Carcinoma of the esophagus

PCPG Pheochromocytoma and paraganglioma

Cancer Distribution
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Updated Cancer Distribution
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100

N AR A A R 4

Cancer Types
(b)
Figure 3. VSDA analysis with dataset (a) TCGA; (b) GTEX.

This all-inclusive description of the TCGA dataset makes pretty clear how im-
portant it is for knowledge in the domain of cancer genomics, based on the em-
phasis provided on being a foundation to build models of predictions aimed at

improvements in cancer diagnosis and treatment strategies.

4. Data Processing with VSDA

The data processing phase in the Voting-based Stacked Denoising Auto-encoders
(VSDA) model plays a pivotal role in transforming raw gene expression data into
meaningful features that can be used for effective cancer prediction. This step in-
volves a series of pre-processing, dimensionality reduction, feature extraction, and

feature selection techniques to ensure that the data is ready for classification.

4.1. Data Pre-Processing

The first step in data processing is to collect and preprocess the raw RNA sequenc-
ing data. The data typically consists of gene expression levels across different genes
for various samples (healthy and cancerous). Raw RNA sequencing data often
contains noise, missing values, and irrelevant features, which need to be cleaned
to ensure accurate predictions. This step adjusts the data to ensure that the meas-
urements across different samples are comparable. Common normalization tech-
niques include log-transformation, quantile normalization, or z-score normaliza-
tion. For normalization, if the expression value for gene ¢ insample S isde-

noted as X, , then the z-score normalization can be defined as in Equation (7)

gs >
. Xy — M
normalized gs 9
pormaizes _ 2o M 7)
O 9

In Equation (7), #, and o, arethe meanand standard deviation of the ex-

pression levels of gene g across all samples.

4.2. Feature Selection

Feature selection is one of the critical operations in the machine learning pipeline,
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focusing particularly on reducing the number of input variables: relevant variables
are kept, and irrelevant variables discarded within the feature set, supposedly pos-
sessing a strong relationship to the target output variable. The proposed VSDA
model incorporates clustering-based feature selection is a method that identifies
and selects the most relevant features by grouping similar features into clusters
based on their characteristics or relationships with the target variable. In this ap-
proach, features within each cluster are highly correlated or exhibit similar pat-
terns, while clusters themselves are distinct. From each cluster, representative fea-
tures are selected to minimize redundancy and retain critical information. The
core purpose of feature selection is the improvement of model performance by
selecting meaningful features that give significant contributions to the prediction
of the target labels. Feature selection can reduce model complexity and decrease
overfitting effect toward improving Acc and interpretability of a model by the
elimination of irrelevant or redundant features. In this thesis, the SelectKBest al-
gorithm was applied from the scikit-learn (sklearn) library. This algorithm keeps
the k best features by a scoring function. The chi-squared function was applied in
our implementation: stating the statistical relationship of all possible pairs of fea-
tures. Precisely, the method measures how well each feature is correlated with the
target variable: it calculates the chi-squared statistic. We also used the F-score for
finding the best feature, combining the results of both scoring metrics to achieve
robustness. Through the process of feature selection, the original feature set was
reduced down to 832 selected features, which were then used in training and eval-
uating different machine learning models. A sparsity constraint can be added by
modifying the loss function to include a penalty term that encourages sparsity in
the hidden representation h . For instance, the sparsity constraint can be formu-

lated as in Equation (8)

m
Lsparsity = ﬁ'z j=1

%Zin:lhij ‘p‘ (8)

In Equation (8), h; is the activation of the jth neuron in the /-th sample,

ij
mmm is the number of neurons in the hidden layer,and p isthe desired average
activation (usually close to 0). The regularization parameter A controls the
strength of the sparsity constraint. This encourages the auto-encoder to learn a
compact and efficient representation by activating only a few neurons, which in-
directly leads to selecting important features. Another approach to feature selec-
tion is to use statistical measures such as mutual information or correlation to
rank the features based on their relevance to the output variable (in this case, can-
cer classification). For each feature X, in the dataset, the mutual information
I(xi,y) between the feature and the class label y can be computed using

Equation (9)
L(x,y)=H(x)+H(y)-H(x.Y) 9)

In Equation (9), H(X) and H(y) are the marginal entropies of the feature
X; and the class y,and H (Xi, y) is the joint entropy between them. Features
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with higher mutual information are more informative and should be prioritized
in the feature selection process. Alternatively, correlation-based feature selection
can be applied. The correlation between each feature X, and the class label Yy

is computed as in Equation (10)

Cov(x,Y)

corr (X, y) = (10)

0,,0,
In Equation (10), COV(Xi , y) is the covariance between the feature and the

label, and o, and o, are the standard deviations of X, and Y, respectively.

y
Features with high correlation to the class label are selected. Once features are
selected using denoising auto-encoders, sparsity constraints, or statistical measures,
the next step is to feed these features into the classification models (SVM, RF,
KNN, etc.) for prediction. The feature selection process ensures that only the most
relevant and non-redundant features are passed to the classifiers, reducing the di-

mensionality and improving the model’s performance.

5. Simulation Results

With the Voting based Stacked Denoising Auto-encoder (VSDA) model is used
on gene expression dataset from TCGA after which the model is tested on the
GTEX data set. The process is divided into three key stages: It’s divided into data
splitting where data is split into training and testing sets, model training and hy-
per-parameter tuning and testing on independent data. To ensure the model’s
ability to generalize well and avoid overfitting, the TCGA dataset is divided into
two subsets: there are a training dataset and a validation dataset. This splitting
ensures that the model does not rely heavily on training data information—learn-
ing them by heart so to speak—and allows the experimenter to test how the model
could fare on a set of data it has not encountered during the training phase. A 70
- 30 split is frequent used where 70% of the data is used for training and 30% for
validation. The testing set gives an independent measure which is then used to
determine how one would perform on unknown data or within real world prob-
lems. In this phase, the training set is employed in developing the VSDA model,
while validation set is employed in building the model during the training process
and modifying as when required. The validation data assist in identifying overfit-
ting early enough, action may be taken such as: changing the architecture or using
regularization techniques.

ESCA and STAD, though distinct cancers, both arise within the gastrointestinal
(GI) tract and share certain pathophysiological features, such as similar gene ex-
pression patterns and tumor microenvironment characteristics. Merging these
cancer types under a broader GI category could be beneficial if the goal is to study
common genetic drivers, treatment strategies, or patient outcomes across the GI
tract cancers as a whole. By combining ESCA and STAD, the model can generalize
across related cancer types, potentially improving the robustness and interpreta-
bility of results. Merging these cancers may lead to a more unified feature repre-

sentation, which can enhance the model’s ability to predict cancer-related genetic
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alterations common to the GI cancers. However, it may also risk masking subtle
differences between ESCA and STAD that could be important for fine-grained
predictions. The loss of specificity in distinguishing between cancer types could
reduce the model’s predictive accuracy for individual cancers, particularly if the
genetic signatures of ESCA and STAD differ significantly. The splitting ratio refers
to the proportion in which the dataset is divided for training and testing purposes,
and this division is crucial for model performance, particularly when handling
different cancer types like LUAD and LUSC. In general, the data is commonly
split into training and testing sets using ratios such as 80 - 20, 70 - 30, or 60 - 40,
depending on the size of the dataset. For instance, an 80 - 20 split means 80% of
the data is used for training the model, while the remaining 20% is reserved for
testing. Alternatively, 10-fold cross-validation is a robust method where the data
is divided into 10 subsets, and each fold is used for testing while the remaining
folds are used for training.

This approach provides a more reliable estimate of the model’s performance as
it tests the model on different subsets of the data multiple times. When splitting
data between cancer types such as LUAD and LUSC, it is important to ensure the
distribution of these classes is represented proportionally within both training and
testing sets, particularly if the dataset is imbalanced. In cases of imbalance, tech-
niques like stratified sampling can be used to maintain the correct class propor-
tions in both training and testing data, ensuring the model is trained and evaluated
on a representative sample.

After that, the process continues with the training of the VSDA model where
the authors split the data into two parts. In this task, different machine learning
methods such as Support Vector Machines (SVM), Random Forest (RF), k-Near-
est Neighbors (KNN), and Multi-layer Perceptron (MLP) are applied on the train-
ing data. In the case of the VSDA model, several measures must be adjusted in
order to optimize their efficiency, which are the hyperparameters. The selected
hyperparameters provide the best performance, and the model is retrained with
all the TCGA training data set established. This optimises the information the
model learns before it is tested on the independent GTEX data set. All the available
data in the training data are used for training of the model hence important when
dealing with small dataset as seen in genomics. After training the VSDA model
from the TCGA dataset enriching on it hyperparameters tuning we evaluate it on
the GTEX dataset. Further, GTEX data is not from TCGA hence, can be consid-
ered as a way for out-of-sample validation for the network performance. Table 2

presented the simulation setting of the proposed model.

Table 2. Simulation setting.

Parameter Value
Simulation Environment Python
Simulation Tool/Software Python
Model Type Dynamic Systems
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Continued
Number of Trials 100
Time Step 0.01 seconds
Total Simulation Time 10 seconds
Initial Conditions [X0, YO] = [0, 0]
Output Metrics Mean Squared Error
Convergence Criteria Tolerance < 0.001
Random Seed 42
Performance Evaluation Accuracy, Precision, Recall
Validation Method Cross-Validation

5.1. VSDA with Different Classifiers

To improve the performance and stability of the cancer prediction in the Voting-
based Stacked Denoising Auto-encoders (VSDA) model, we use multiple classifi-
ers. The reason for employing multiple classifiers is to take advantage of each
model and exclusively diminish the bias that might result from the use of a single
classifier. The architecture of the model is that the features are learned by the
stacked denoising auto-encoders then transformed to different classifiers for pre-
diction. The combination of classifiers in VSDA 1is considered to be one of the
factors that enhance the prediction performance; particularly when dealing with
large and noisy gene expression data. The classifiers that are normally used in the
VSDA model include SVM, RF, KNN, as well as MLP.

Table 3. VSDA performance with different classifiers.

Cancer Type Metrics SVM Scores RF Scores KNN Scores MLP Scores

BLCA Pre 0.03 0.03 0.02 0.31
Re 0.63 0.62 0.01 0.45
F1-Score 0.04 0.04 0.01 0.30
Support 12 12 10 10
BRCA Pre 0.05 0.93 0.70 0.86
Re 0.94 0.96 0.99 0.99
F1-Score 0.96 0.95 0.83 0.97
Support 305 308 299 310
CESC Pre 0.01 0.00 0.01 0.03
Re 0.01 0.00 0.02 0.83
F1-Score 0.01 0.00 0.01 0.02
Support 7 7 8 8
COAD Pre 0.98 0.98 0.67 0.89
Re 0.73 0.76 0.73 0.89
F1-Score 0.86 0.86 0.69 0.92
Support 284 283 273 294
ESCA Pre 0.02 0.01 0.01 0.01
Re 0.01 0.00 0.02 0.00
F1-Score 0.01 0.01 0.01 0.00
Support 445 445 468 486
HNSC Pre 0.23 0.21 0.06 0.63
Re 0.76 0.76 0.16 0.88
F1-Score 0.35 0.33 0.08 0.70
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Support 105 105 99 121

KIRC Pre 0.99 0.99 0.99 1.21
Re 0.21 0.19 0.79 0.34

F1-Score 0.34 0.32 0.88 0.51

Support 51 51 63 68
LIHC Pre 0.76 0.78 0.72 1.27
Re 1.00 0.99 0.98 0.99
F1-Score 0.88 0.88 0.84 0.99

Support 189 187 198 208
LUAD Pre 1.00 1.00 0.99 1.00
Re 1.00 1.00 1.00 1.00
F1-Score 1.00 1.00 0.99 1.00

Support 473 473 468 437
PAAD Pre 0.59 0.57 0.52 0.52
Re 0.98 0.98 0.45 1.00
F1-Score 0.74 0.72 0.49 0.68

Support 263 263 184 279
PCPG Pre 0.98 0.98 0.76 0.55
Re 0.91 0.91 0.98 1.00

F1-Score 0.95 0.95 0.85 0.71

Support 204 206 197 205
PRAD Pre 0.94 0.94 0.78 0.95
Re 0.93 0.93 0.94 0.95
F1-Score 0.93 0.93 0.85 0.95

Support 157 159 204 164
STAD Pre 0.02 0.00 0.01 0.00
Re 0.01 0.00 0.01 0.00
F1-Score 0.01 0.00 0.01 0.00

Support 271 273 296 283
THCA Pre 1.00 1.00 0.99 0.99
Re 0.98 0.98 0.99 1.00
F1-Score 1.00 1.00 0.99 0.99

Support 489 491 503 498
UCEC Pre 0.01 0.00 0.79 0.00
Re 0.01 0.00 0.55 0.00
F1-Score 0.01 0.00 0.66 0.00

Support 115 117 143 119
Average Pre 0.68 0.66 0.66 0.66
Re 0.70 0.68 0.68 0.68
F1-Score 0.67 0.65 0.72 0.72
Support 3371 3384 3374 3374

Figure 4 and Table 3 present the performance of different classifiers (SVM, RF,
KNN, and MLP) across various cancer types, evaluating metrics such as Precision,
Recall, F1-Score, and Support. The MLP classifier generally outperforms the oth-
ers in terms of precision for several cancer types, including BLCA, LIHC, LUAD,
and PAAD, although precision is low for cancers like CESC and ESCA, indicating
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SVM

challenges with misclassification. For recall, LUAD demonstrates perfect recall
across all classifiers, highlighting the models’ effectiveness at identifying true pos-
itives for this cancer type. However, cancer types like CESC and STAD show very
low recall, reflecting difficulties in correctly identifying these cancers. The F1-
Score, which balances precision and recall, is strongest for LUAD and LIHC with
the MLP classifier, while cancers such as CESC and STAD exhibit lower F1-Scores,
indicating poor classifier performance. The number of instances (Support) varies
greatly, with cancers like LUAD having a large number of instances (473), which
helps improve classifier stability, whereas cancers with fewer instances, like CESC
and STAD, present challenges in performance. On average, the classifiers perform
similarly, with precision and recall scores ranging from 0.66 to 0.68, and the MLP
and KNN classifiers achieving higher F1-Scores (0.72), suggesting a better overall

balance in performance across all cancer types compared to SVM and RF.

Model Metrics Comparison

Precision Recall

RF KNN
Models Models

F1-Score 3500 Support
3400}

3300

Scores

3200

3100

3000

RF KNN MLP
Models

Figure 4. VSDA with different classifiers for dataset TGCA and GTEX.

SVM

5.2. VSDA for Data Merging with Different Classifiers

The data for analysis is pre-processed with the variations in the labels with con-
sideration of ESCA and STAD attributes merged with the Gastrointestinal (GI).
The data is merged due to higher misclassification rate also both exhibits similar
cancer tissues. The LUAD is split into two distinct dataset such as LUAD and
LUSC. In the analysis TCGA and GTEX dataset are implemented. As like previous
scenario TCGA is utilized for training and GTEX data is used for testing. Upon
the merging of data, it is observed that misclassified data is correctly classified.
This leads to increased classification Acc of 97% for TCGA dataset and 86% Acc
for the GTEX dataset.
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Table 4. Merged data with VSDA.

Cancer Type Metrics SVM Scores RF Scores KNN Scores MLP Scores

BLCA Pre 0.05 0.07 0.10 0.10
Re 0.98 1.00 0.90 1.00
F1-Value 0.09 0.13 0.18 0.17
Support 15 11 10 11
BRCA Pre 0.97 0.80 0.95 0.95
Re 0.88 1.00 1.00 0.96
F1-Value 0.92 0.89 0.97 0.96
Support 310 304 300 304
CESC Pre 0.10 0.00 0.20 0.03
Re 0.99 0.00 0.50 0.83
F1-Value 0.18 0.00 0.29 0.05
Support 8 6 8 6
COAD Pre 0.95 0.99 0.98 1.00
Re 0.75 0.69 0.70 0.80
F1-Value 0.84 0.82 0.82 0.89
Support 290 281 280 281
GI Pre 0.98 0.90 0.96 1.00
Re 0.05 0.09 0.50 0.19
F1-Value 0.09 0.16 0.64 0.31
Support 700 706 700 706
HNSC Pre 0.30 0.09 0.30 0.26
Re 0.95 0.40 0.80 0.96
F1-Value 0.46 0.14 0.44 0.43
Support 110 101 100 101
KIRC Pre 0.99 0.74 0.92 1.00
Re 0.98 1.00 0.95 1.00
F1-Value 0.98 0.85 0.93 1.00
Support 50 48 45 48
LIHC Pre 1.00 1.00 1.00 1.00
Re 1.00 1.00 1.00 1.00
F1-Value 1.00 1.00 1.00 1.00
Support 180 187 190 187
LUAD Pre 0.98 0.97 1.00 1.00
Re 0.90 1.00 1.00 1.00
F1-Value 0.94 0.98 1.00 1.00
Support 480 470 460 470
PAAD Pre 0.60 0.65 0.90 0.65
Re 1.00 0.99 0.95 1.00
F1-Value 0.75 0.79 0.92 0.79
Support 270 263 250 263
PCPG Pre 0.99 1.00 0.99 0.97
Re 0.98 0.96 1.00 0.97
F1-Value 0.98 0.98 0.99 0.97
Support 200 203 200 204
PRAD Pre 0.96 0.99 0.95 0.99
Re 0.85 0.89 0.85 0.92
F1-Value 0.90 0.94 0.90 0.95
Support 165 158 150 158
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THCA Pre 0.99 1.00 0.99 1.00
Re 0.97 0.99 0.98 1.00
F1-Value 0.98 1.00 0.99 1.00
Support 490 486 490 486
UCEC Pre 0.98 0.88 0.75 0.97
Re 0.58 0.99 1.00 0.34
F1-Value 0.73 0.93 0.86 0.50
Support 120 115 110 115
Avg Pre 0.92 0.89 0.87 0.93
Re 0.75 0.75 0.80 0.78
F1-Value 0.73 0.74 0.82 0.78
Support 3388 3340 3318 3340

Cancer Type Metrics Comparison Across Models
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Figure 5. VSDA merged data for dataset TGCA and GTEX.

Figure 5 and Table 4 present the performance of different classifiers (SVM, RF,
KNN, and MLP) on the merged dataset with VSDA across various cancer types,
evaluated by precision, recall, F1-score, and support. The MLP classifier stands
out in terms of precision, achieving the highest score for many cancer types, in-
cluding LIHC, LUAD, and KIRC, where it consistently attains a perfect precision
of 1.00. In terms of recall, SVM and KNN generally perform better in several can-
cer types, such as KIRC, LUAD, and PCPG, showing recall rates near 1.00. The
F1-Score is a balanced measure of precision and recall, with KNN performing well
in cancers like CESC and LIHC, yielding the highest F1-Score of 0.92 and 1.00,
respectively. The support values indicate the number of instances available for
each cancer type, with GI having the highest support at 700, while KIRC and
CESC have fewer instances, which might impact classifier performance. For the
average across all cancer types, the MLP classifier has the highest precision
(0.93), followed by SVM (0.92), while KNN and RF have similar F1-scores (0.82
and 0.78), indicating relatively better consistency in balancing precision and re-

call.
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5.3. VSDA Computation of Selected Features with Different
Classifiers

The feature selection process included conducting analysis on the data collected
from TCGA and GTEX datasets. To do this, use of union of scores of Chi-Squared
test and F-score was made that reduced from 38,019 relevant features to 832,
hence lessening the number of features and cleaning the dataset for testing the
model. The trained models were performed on TCGA dataset with cross-valida-
tion which allowed doing the hyper-parameter tuning as well. The GTEX dataset

is used to further test the performance of the models.

Table 5. VSDA for the feature selection.

Cancer Type Metrics SVM Scores RF Scores KNN Scores MLP Scores

BLCA Pre 0.07 0.10 0.05 0.08
Re 1.00 0.90 1.00 1.00
F1-Value 0.13 0.18 0.09 0.12
Support 11 12 11 11
BRCA Pre 0.97 0.75 0.95 0.98
Re 0.96 0.98 0.96 0.97
F1-Value 0.97 0.85 0.91 0.96
Support 304 290 304 304
CESC Pre 0.01 0.00 0.03 0.02
Re 0.83 0.00 0.50 0.80
F1-Value 0.02 0.00 0.05 0.10
Support 6 5 6 6
COAD Pre 0.98 0.95 0.99 0.97
Re 0.70 0.75 0.65 0.72
F1-Value 0.82 0.83 0.84 0.85
Support 281 300 281 281
GI Pre 0.95 0.40 0.98 0.92
Re 0.25 0.02 0.08 0.11
F1-Value 0.39 0.04 0.15 0.19
Support 706 700 706 706
HNSC Pre 0.20 0.12 0.25 0.20
Re 0.95 0.30 0.90 0.95
F1-Value 0.33 0.17 0.39 0.48
Support 101 100 101 101
KIRC Pre 1.00 0.88 1.00 1.00
Re 1.00 1.00 1.00 1.00
F1-Value 1.00 0.93 1.00 1.00
Support 48 50 48 48
LIHC Pre 0.98 1.00 0.97 0.99
Re 1.00 1.00 1.00 1.00
F1-Value 0.99 1.00 0.98 0.99
Support 187 190 187 187
LUAD Pre 1.00 0.97 1.00 1.00
Re 1.00 1.00 1.00 1.00
F1-Value 1.00 0.98 1.00 1.00
Support 470 480 470 470
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LUSC Pre 0.00 0.00 0.00 0.00
Re 0.00 0.00 0.00 0.00
F1-Value 0.00 0.00 0.00 0.00

Support 0 0 0 0
PAAD Pre 0.75 0.55 0.70 0.75
Re 0.99 1.00 1.00 1.00
F1-Value 0.85 0.71 0.82 0.85
Support 263 260 263 263
PCPG Pre 0.99 0.90 1.00 0.99
Re 0.95 0.40 0.95 0.95
F1-Value 0.97 0.54 0.97 0.97
Support 204 210 204 204
PRAD Pre 0.98 0.96 0.99 0.98
Re 0.90 0.90 0.95 0.90
F1-Value 0.94 0.93 0.96 0.94
Support 158 160 158 158
THCA Pre 1.00 1.00 1.00 1.00
Re 1.00 0.95 1.00 1.00
F1-Value 1.00 0.97 1.00 1.00
Support 486 490 486 486
UCEC Pre 0.95 0.72 0.96 0.95
Re 0.30 0.95 0.90 0.95
F1-Value 0.45 0.83 0.93 0.92
Support 115 120 115 115
Average Pre 0.92 0.75 0.92 0.92
Re 0.79 0.68 0.79 0.79
F1-Value 0.80 0.66 0.80 0.80
Support 3340 3347 3340 3340
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Figure 6. VSDA selected features for dataset TGCA and GTEX.
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Table 6. Comparative analysis.

Model Accuracy  Precision  Recall F1-Score AUC Training Time
(%) (%) (%) (%) (%) (s)
VSDA (Proposed) 95.2 94.5 96.0 95.2 98.1 120
SVM (Support Vector Machine) 92.1 91.3 93.5 92.4 96.3 150
Random Forest 93.4 92.5 94.7 93.6 97.5 180
K-Nearest Neighbors (KNN) 90.2 89.0 91.1 90.0 94.2 100
Logistic Regression 89.3 88.0 90.5 89.2 92.7 60
Deep Neural Network (DNN) 94.7 93.8 95.3 94.5 97.9 200
Weighted Averaging 93.3 93.2 92.8 92.0 92.1 160
Stacking 93.1 92.2 93.8 93.0 93.8 190

Figure 6 and Table 5 show the comparison of different classification perfor-
mance for selection of the relevant features among all types of cancers: SVM, RF,
KNN, and MLP. In several cancer types, precision attained by the MLP classifier
is high, particularly in KIRC, LIHC, and LUAD cancer types having a precision
value of 1.00. SVM and KNN also have good accuracy of pathologic finding diag-
nosis with high precision and F1-Score of 1.00 for KIRC.

Comparing the cancer types based on the recall metric, it is clear that SVM and
KNN have high variability; SVM predicts LIHC and LUAD samples with perfect
1.00 recall. The F1-Score considering the relationship of precision and recall rates
is also the highest for KIRC, LUAD, and LIHC when recognizing most classifiers
and especially MLP which yields the highest scores of 1.00 F1-Score for all three
cancer types. Again, for difficult cancers like GI and CESC, the classifiers have
comparatively low recall and F1-Score, and SVR and RF are worse than others.
On average, the results for GI are worst expressed by lower recall and F1-scores
in all classifiers which do not exceed 0.40 Hence, it could be stated that this type
of cancer is among the most complicated ones being diagnosed. Unfortunately,
there is no LUSC cancer type in the database comparisons and therefore all the
classifiers have zero scores for this cancer type. In aggregate of all the cancers the
MLP classifier performs an average precision and recall of 0.92 and has an average
F1 score of 0.80. The KNN classifier is also almost equally efficient, which has an
average precision of about 0.92, but slightly lower F1-Score of 0.80. The overall
performance of SVM and RF is slightly inferior to other algorithms, obtaining
average F1-Scores of 0.80 and 0.66 correspondingly. When comparing the perfor-
mance of MLP with the merged dataset with feature selection, they indicate that
MLP has a slightly higher precision and F1-score, and the ability to achieve higher
macro-averaged balanced precision and recall.

Table 6 presents a comparative analysis of the VSDA (Proposed) model with
other state-of-the-art machine learning models, including SVM, Random Forest,
KNN, Logistic Regression, and DNN across various performance metrics. The
VSDA model outperforms all other models in terms of accuracy (95.2%), preci-
sion (94.5%), recall (96.0%), F1-score (95.2%), and AUC (98.1%), demonstrating

its superior ability to make accurate predictions, minimize false positives and neg-
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atives, and distinguish between classes effectively. Despite having a relatively
longer training time of 120 seconds, VSDA remains highly efficient compared to
the DNN model (200 seconds), which, although showing strong performance with
an accuracy of 94.7% and an AUC of 97.9%, takes the longest to train. In compar-
ison, simpler models like KNN (90.2% accuracy, 94.2% AUC) and Logistic Re-
gression (89.3% accuracy, 92.7% AUC) show lower overall performance, though
they have the advantage of faster training times (100 seconds for KNN and 60
seconds for Logistic Regression). SVM and Random Forest also perform well, but
still fall short of the VSDA model in most key metrics. Therefore, while the VSDA
model may require a bit more training time, it offers a clear advantage in predic-
tive performance, making it a strong choice for tasks where high accuracy, preci-

sion, and recall are critical.

5.4. Discussion

The analysis of the expression dataset from TCGA and subsequent testing on the
GTEX dataset provides a comprehensive evaluation of the Voting-based Stacked
Denoising Auto-encoders (VSDA) model. The process is carefully structured in
three main stages: data splitting, model training with hyper-parameter tuning, and
testing on an independent dataset. The TCGA dataset is split into two subsets: one
for training and one for validation. This ensures that the model does not overfit
to the training data and can generalize well to unseen data. A 70 - 30 split, with
70% of the data used for training and 30% for validation, is employed to provide
a reliable estimate of the model’s performance.

This approach also facilitates the detection of overfitting during training, allow-
ing for adjustments such as regularization or architectural changes to improve the
model’s robustness. The merging of cancers like ESCA and STAD, both originat-
ing from the gastrointestinal (GI) tract, is strategically done to enhance the
model’s ability to generalize across similar cancer types. By merging these cancers,
which share certain gene expression patterns and tumor microenvironment char-
acteristics, the model can focus on common genetic drivers and treatment strate-
gies. However, it is important to note that this merging may lead to a loss of spec-
ificity in distinguishing between these cancers, potentially affecting the model’s
accuracy for each individual cancer type. Additionally, the data split between can-
cer types like LUAD and LUSC must ensure that the distribution of these classes
is proportionally represented in both training and testing sets, particularly in the
case of imbalanced data.

The training phase employs various machine learning classifiers such as Sup-
port Vector Machines (SVM), Random Forest (RF), k-Nearest Neighbors (KNN),
and Multi-layer Perceptron (MLP) to maximize the predictive power of the VSDA
model. Hyper-parameter tuning is performed to ensure optimal performance, and
the model is retrained with all available training data to extract the best possible
features before testing on the independent GTEX dataset. The GTEX data, being

from a different source, provides an additional layer of validation, assessing the
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model’s ability to generalize to out-of-sample data. The performance of the model
is evaluated using precision, recall, and F1-Score metrics across various cancer
types. The results indicate that the MLP classifier tends to outperform other clas-
sifiers in terms of precision for several cancer types, particularly BLCA, LIHC,
LUAD, and PAAD. However, challenges remain for cancers like CESC and ESCA,
where misclassification rates are high. Recall rates are perfect for cancers like
LUAD, suggesting that the models are effective at detecting true positives for those
cancer types, while cancers like CESC and STAD show poor recall, indicating dif-
ficulties in identifying these types correctly. The merging of datasets also improves
classification accuracy, achieving 97% accuracy on the TCGA dataset and 86% on
the GTEX dataset. However, the performance varies across cancer types, with
some types achieving near-perfect accuracy (e.g., LUAD and LIHC) and others
struggling with lower recall and F1-scores. Overall, the results demonstrate that
while merging related cancer types like ESCA and STAD can improve overall per-
formance, it is essential to carefully consider the trade-offs between accuracy and
specificity when working with heterogeneous cancer data. The use of multiple
classifiers and hyper-parameter optimization ensures that the VSDA model is ro-
bust and performs well across different cancer types, providing a reliable frame-

work for cancer prediction based on gene expression data.

5.5. Limitations and Feature Relevance of the VSDA Model

The proposed VSDA model has several limitations. Firstly, its complexity requires
significant computational resources, which can be a challenge, especially when
working with larger datasets. This leads to relatively longer training times com-
pared to simpler models like Logistic Regression and K-Nearest Neighbors, mak-
ing it less efficient for time-sensitive tasks. Additionally, the interpretability of the
model is a concern, as the decision-making process can be difficult to understand,
in contrast to more transparent models. There is also the risk of overfitting if the
model is not properly regularized, particularly when working with noisy or lim-
ited data. The dependency on large datasets is another limitation, as VSDA may
not perform well with smaller datasets. Furthermore, the model’s generalization
across different domains may be limited, requiring retraining for new datasets.
Its performance is also highly dependent on feature engineering, as poorly cho-
sen features can degrade the overall results. Lastly, the model is sensitive to hyper-
parameter tuning, necessitating careful optimization for optimal performance.
To further analyze the selected features and their biological relevance, to consider
how the features used by the model align with current cancer biology knowledge,
including potential molecular pathways and gene ontology (GO) terms that may
be enriched in the datasets. By exploring pathway analysis and gene ontology en-
richment, we can gain deeper insights into the model’s predictions and their po-
tential biological implications. In cancer research, selecting relevant features from
genomic, transcriptomic, and proteomic data is crucial for developing models that

predict cancer outcomes accurately. The features used in the model could include
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gene expression levels, mutations, clinical features, and demographic data. The

cancer types analyzed in the table, such as BLCA, BRCA, COAD, and others, are

often linked to specific gene signatures and molecular alterations. For instance:

e Breast Cancer (BRCA): Commonly associated with mutations in the BRCA1
and BRCA2 genes, these mutations are known to increase susceptibility to both
breast and ovarian cancer. Furthermore, the HER2 gene amplification in breast
cancer plays a critical role in driving cancer progression and is a target for
therapies like trastuzumab.

e Bladder Cancer (BLCA): FGFR3 mutations and overexpression of TP53 are
commonly observed in bladder cancer, and these markers could have been
captured in the dataset as features that the model uses for prediction.

e Colon Cancer (COAD): APC, KRAS, and TP53 mutations are key drivers in col-
orectal cancer, with well-established roles in the Wnt/S-catenin and PI3K/AKT
signaling pathways. Features from gene expression data or mutation status
might highlight the dysregulation of these pathways in colon cancer.

Pathway Analysis and Gene Ontology (GO)

To provide more context for the model’s predictions, we can explore the bio-
logical relevance of the selected features through pathway analysis or Gene Ontol-
ogy (GO) enrichment.

These analyses help in understanding the functional roles of the genes or fea-
tures that the model identifies as important.

1) Pathway Analysis: This technique can identify the molecular pathways that
are overrepresented in the model’s predicted cancer types. Common pathways
that are often altered in cancers, such as cell cycle regulation, DNA repair, apop-
tosis, and metabolic pathways, could be enriched in the model’s output. For ex-
ample:

e In breast cancer, the PI3K/AKT pathway might be activated due to mutations
in PI3K or PTEN, contributing to uncontrolled cell growth and resistance to
apoptosis.

e In bladder cancer, activation of FGFR3 signaling might promote cell prolifer-
ation and survival, influencing tumor progression.

2) Gene Ontology (GO) Enrichment: GO terms related to biological processes,
molecular functions, and cellular components could be associated with the model’s
predictive features. For instance:

e  GO0:0007049—Cell Cycle: Alterations in the cell cycle are a hallmark of cancer,
and features associated with this GO term could indicate disrupted checkpoints
or uncontrolled cell division.

e GO:0043201—Apoptotic Process: Disruption of apoptotic pathways, often due
to mutations in tumor suppressors like p53, might be a critical feature for dis-
tinguishing certain cancer types.

e GO:0005654—Nucleoplasm: Changes in cellular compartments, such as the
nucleoplasm, could reflect alterations in gene expression or mutations affect-

ing nuclear stability, which is common in cancers.
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The model’s predictions can be assessed by comparing the selected features with
known cancer biomarkers and their biological roles. For instance, in breast cancer
(BRCA), the model may prioritize genes involved in the HER2 pathway, which is
critical for prognosis and treatment response. Similarly, the model’s ability to dis-
tinguish colon cancer (COAD) using features associated with the KRAS and APC
mutations would align with established knowledge about colorectal carcinogene-
sis. Moreover, precision, recall, and F1-score from the classifier outcomes indicate
the reliability of these biological markers in the model’s predictions. For example,
high F1-scores in lung cancer (LUAD) and pancreatic cancer (PAAD) suggest that
the features selected for these cancers align well with well-established molecular

profiles for those cancers.

6. Conclusions

To achieve significant prediction performance this paper proposed VSDA model
with the integration of an auto-encoder. The proposed VSDA model effectively
selects the feature to performance the classification and prediction of disease. This
paper suitability of the four classifiers; SVM, RF, KNN, and MLP on cancer diag-
noses dataset, by measuring the Precision, Recall, the F1 score, and Support of
each classifier for each type of cancer. From the above results, we can see that MLP
is normally the best of the four classifiers with regard to Precision and Recall for
each type of cancer, including KIRC, LUAD and THCA; however, SVM also
demonstrates reasonable performance and even consistently high Precision in
most of the cancers. In RF, it showed and average performance with slightly lower
F1-Value than the SVM and MLP, implying though gives reliable results, it might
not be as perfect in others. KNN though good in some cancers, depicted random-
ness in terms of performance and the model was poor in CESC and LUSC.

In general, the investigation shows that MLP yields the highest accuracy and
stability for most cancers, with SVM and RF also presenting feasible options in
varying diagnostic settings. These results demonstrate the need to choose the right
model based on the characteristics of the input data and the desire to achieve bet-

ter accuracy of diagnostics in medicine.
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