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ABSTRACT 
Gene expression datasets used for cancer analysis are 

frequently high- dimensional and complex, making accurate 

bracketing delicate. This work presents a harmonious machine 

learning technique for classification of cancer types using 

multiple reference gene expression datasets, including 

leukaemia, DLBCL, brain, breast cancer, Golub, and colon 

cancer. Originally, the datasets are pre-processed using 

standard point scaling to reduce variations in gene expression 

values. To address the dimensionality problem, KPCA with a 

RBF is employed to extract applicable nonlinear features. 

Latterly, the class markers are converted to a numerical format, 

and Min-Max normalization is used for enhancing learning 

effectiveness. The reused data is divided for training and testing 

the sets, and a feedforward deep neural network is trained for 

cancer prediction. The model’s performance is estimated using 

bracket delicacy. The experimental results demonstrate the 

proposed frame effectively handles high-dimensional gene 

expression data and achieves harmonious bracket performance 

across five cancer datasets. 
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1. INTRODUCTION 
Cancer continues to pose a serious threat to global health, and 

identifying it accurately at an early stage remains a major 

challenge [3], [4]. Recent advances in technologies such as 

microarray analysis and RNA sequencing have made it possible 

to measure the activity of thousands of genes at once, offering 

deeper insight into the biological mechanisms of different 

cancers [16][17]. Datasets related to leukemia (including the 

Golub dataset), diffuse large B-cell lymphoma (DLBCL), 

breast cancer, brain cancer, and colon cancer are used 

commonly to study these patterns [5][8]. However, these 

datasets are meant to be high-dimensional, containing many 

gene features but only a limited number of samples. This 

imbalance makes it difficult for machine learning models to 

perform effectively and often leads to issues such as overfitting 

and increased computational complexity [18][20]. 

To make this data more manageable, the techniques of 

dimensionality reduction methods are applied to retain the most 

relevant information while reducing noise and redundancy 

[15]. In this study, Kernel Principal Component Analysis 

(KPCA) is used for non-linear dimensionality reduction 

approach with a Radial Basis Function (RBF) kernel to capture 

complex relationships within micro array data elements [1][2]. 

The decreased features are then used to train classification 

models such as Artificial Neural Networks (ANN) to classify 

different cancer types [11], [12]. Accuracy, precision, recall, 

F1-score, and confusion matrix analysis are used for evaluation 

of the performance of the model [3], [4]. 

The reduced set of features is obtained through KPCA is then 

provided as input to classification models such as Artificial 

Neural Networks (ANN) for cancer classification. The neural 

network learns complex patterns from the transformed data and 

predicts the corresponding cancer classes [11]. To improve 

learning efficiency and model stability, preprocessing 

techniques such as feature scaling and normalization process 

are also included into the workflow [18], [19]. 

The proposed approach’s performance is evaluated using 

several widely accepted metrics, such as accuracy, precision, 

recall, F1-score, AUC-ROC, log-loss, and confusion matrix 

analysis [3][20]. These measures provide an understanding of 

the comprehensive model’s classification capability and 

prediction reliability across different datasets. 

Experimental analysis demonstrates that dimensionality 

reduction significantly improves classification performance by 

eliminating irrelevant and redundant genes while preserving 

informative features [13], [15]. The proposed framework also 

reduces training complexity and enhances the ability of the 

classifier to generalize on unseen samples. 

The main aim of this work is to investigate the efficiency of 

KPCA in handling high-dimensional cancer datasets and to 

evaluate the performance of deep learning-based classification 

models across multiple cancer types. The study further aims to 

provide an efficient and reliable framework for cancer 

prediction using gene expression data, which may support 

future research in biomedical data analysis and computer-aided 

diagnosis systems [11], [18]. 

2. RELATED WORKS 
Cancer is a class of diseases characterized by abnormal cell 

growth that leads to the formation of cancerous cells [3], [4]. In 

a healthy body, cell growth and cell death are naturally 

regulated over time. However, genetic damage caused by 

internal and environmental factors can result in cells that 

continue to divide uncontrollably and form tumours [17], [18]. 

Some of the major internal causes of cancer include abnormal 

cell division and DNA damage, while external factors include 

exposure to tobacco smoke, harmful chemicals, radiation, and 

ultraviolet rays from sunlight [18]. 

According to molecular biology studies, Cancer types can be 

distinguished through their specific gene expression patterns 

[5][8]. Microarray classification helps map gene–phenotype 

relationships and predict disease conditions in untested 

samples[13], [16]. By constructing predictive models based on 

input feature patterns, classification problems can be 
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effectively solved [3], [20]. Using training and testing data, 

prediction models are developed to generate accurate 

classification results. 

Analization of microarray gene expression data is the toughest 

job in the areas of research such as statistics, machine learning, 

bioinformatics, genomics, computational bio and pattern 

recognition [18][20]. Due to the curse of high dimensionality 

with the small samples, it contains irrelevant features which 

makes the analysis of microarray cancer dataset difficult 

[13][15]. In addition, the datasets related to medical field may 

contain noise, class imbalance which might produce the 

problem of overfitting and affect the accuracy of classification 

[19]. 

Microarray data analysis is therefore essential for 

understanding cancer-related biological mechanisms and 

improving cancer diagnosis, particularly during the early stages 

[16], [17]. Early detection supports medical professionals in 

designing effective treatment strategies and improving patient 

survival rates. Classification of labelled microarray cancer data 

involves several important stages, including data collection, 

feature scaling, feature selection, classification, and post-

classification analysis [18], [19]. 

Feature selection plays a critical role in identifying the most 

informative genes from tens of thousands of highly correlated 

features [13]. The selected features are then provided to 

classifiers to improve prediction accuracy. Identifying an 

optimal subset of features increases computational efficiency, 

improves model stability, and enhances classification 

performance [15]. 

In this work, a deep learning algorithm is employed for 

microarray cancer classification [11], [12]. Since deep learning 

models require meaningful feature representations, 

dimensionality reduction techniques are applied before 

classification. Benchmark datasets including leukemia (Golub 

dataset), diffuse large B-cell lymphoma (DLBCL), breast 

cancer, brain cancer, and colon cancer are used to validate the 

proposed methodology [5][8]. The Min-Max scaling approach 

is applied to normalize feature values and reduce bias toward 

features with larger numerical values [18]. Experimental results 

demonstrate that the proposed model achieves accurate 

prediction performance when compared with recent related 

approaches [11], [13]. 

3. PROPOSED METHODOLOGY TO 

CLASSIFY BINARY CLASS DATASETS 

3.1 Feature Scaling 
This work unfolds the usage of different techniques such as 

reduction of dimensionality, feature scaling, deep feed forward 

classification as a classifier technique, which is well tuned 

parameterised configuration through neural networks. The 

provided approach will initially include loading of raw 

microarray cancer dataset followed by normalization with the 

technique called min-max normalization which is helpful for 

reducing dimensionality which aids in good classification of an 

algorithm. 

This approach of feature scaling technique is widely used in 

machine learning and pattern recognition, mainly 

concentrates on standardising data. By scaling the data 

elements to certain range, the model improves its quality of 

production up to certain percentage. The microarray datasets 

contains a high variance of characteristics so we recommend 

that the feature-scaling for normalization of data is a 

necessary step to be followed. To use the activation function 

called sigmoid, the min-max type of normalization is used, in 

which it brings the data elements between 0 to 1. While model 

training, we include 0.5 as a threshold for the binary 

classification. 

.                           

Where, 

“X” refers to normalised data. “Xi” is a original feature value 

“Xmin” denotes minimum value and “Xmax” is a maximum 

value. 

3.2 Dimensionality Reduction-based Feature 

Selection using KPCA 
In this study, dimensionality reduction is applied as an essential 

preprocessing step to transform high-dimensional gene 

expression data into a more compact and informative 

representation [15]. Instead of traditional Principal Component 

Analysis (PCA), Kernel Principal Component Analysis 

(KPCA) is employed to better capture the complex and non-

linear relationships present in microarray cancer datasets [1], 

[2]. High-dimensional biological data is mapped into a higher-

dimensional feature space using a kernel function, such as the 

Radial Basis Function (RBF), where linear separation becomes 

more feasible [1]. This transformation enables the extraction of 

meaningful patterns while reducing the overall dimensionality 

of the data. 

Let 𝑋 represent the original dataset consisting of 𝑛samples and 

𝑑features, where each sample is defined as: 

𝑋 = [𝑋1, 𝑋2, ⋯  , 𝑋𝑛], 𝑋 ∈ ℝ𝑛×𝑑 

Here, each sample 𝑋𝑖 = [𝑥1, 𝑥2, ⋯  , 𝑥𝑑]represents a high-

dimensional gene expression profile. In KPCA, the data is 

implicitly mapped to a higher-dimensional feature space 

through a non-linear mapping function 𝜙(𝑋), and principal 

components are extracted in this transformed space. Unlike 

PCA, which maximizes variance in the original feature space, 

KPCA captures non-linear variance by computing eigenvectors 

of the kernel (Gram) matrix. 

The transformed dataset is represented as: 

𝑍 = 𝜙(𝑋)𝑊 = [𝑧1, 𝑧2, ⋯  , 𝑧𝑘], 𝑍 ∈ ℝ𝑛×𝑘 , 𝑘
≪ 𝑑 

where 𝑊denotes the eigenvectors obtained from the kernel 

matrix, and 𝑘represents the reduced number of features. The 

resulting feature set 𝑍retains the most significant 

information from the original dataset while significantly 

reducing dimensionality. This reduction helps improve 

computational efficiency, minimize overfitting, and 

enhance classification performance [13][15]. 

During preprocessing, it is observed that applying 

dimensionality reduction separately to training and testing 

datasets may lead to inconsistencies in feature dimensions. 

Since classifiers require consistent input dimensions, it is 

necessary to ensure that both datasets share the same feature 

space. To address this, the reduced dimension 𝑃is selected 

based on the minimum number of features obtained from 

either the training set (𝑇𝑟) or the testing set (𝑇𝑠): 

𝑃 = min(𝑇𝑟 , 𝑇𝑠) 
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Additionally, only the common features present in both 

training and testing datasets are retained, while non-

overlapping features are discarded. This ensures uniformity 

in both feature dimension and representation, allowing the 

classification model to be trained and evaluated effectively. 

3.3 Deep Learning-based Classification 
This section describes the proposed framework for 

microarray data classification, which combines 

preprocessing, dimensionality reduction using Kernel 

Principal Component Analysis (KPCA), and classification 

using a deep feed-forward neural network [1],[11],[12]. The 

overall workflow of the model is illustrated in Figure 1. The 

main objective is to handle high-dimensional gene 

expression data efficiently by reducing redundancy and 

improving classification performance. 

The process begins with loading raw microarray datasets, 

which typically contain a large number of gene features and 

a comparatively small number of samples [5][8]. Due to this 

high dimensionality, preprocessing becomes essential. 

Initially, the data is normalized using StandardScaler, which 

transforms the features to have zero mean and unit variance. 

This step ensures that all features contribute equally during 

model training and prevents bias toward features with larger 

magnitudes [18], [19]. 

Following normalization, Kernel Principal Component 

Analysis (KPCA) is applied for dimensionality reduction. 

Unlike traditional PCA, KPCA is capable of capturing non-

linear relationships in the data by mapping it into a higher-

dimensional feature space using a kernel function [1], [2]. 

In this work, the Radial Basis Function (RBF) kernel is used 

due to its effectiveness in handling complex gene 

expression patterns. 

Mathematically, KPCA transforms the input data 𝑥into a 

new feature space using a mapping function 𝜙(𝑥), and 

computes the kernel matrix: 

𝐾(𝑥𝑖 , 𝑥𝑗) = exp(−𝛾 ∥ 𝑥𝑖 − 𝑥𝑗 ∥2) 

 

where 𝛾is a kernel parameter controlling the spread of the 

RBF function. The transformed features are obtained by 

solving the eigenvalue problem of the kernel matrix, and 

only the most significant components are retained. This 

reduces the number of features while preserving important 

information. 

After dimensionality reduction, the processed data is fed 

into a deep feed-forward neural network for classification 

[11][12]. 

 

FIGURE 1: Structure of the Deep Learning Approach 

Proposal. 

This section presents a clear analysis of the experimental 

results obtained using the proposed methodology. The 

model was evaluated across multiple datasets and assessed 

using different performance metrics to better understand its 

effectiveness and overall behaviour. 

The deep feed-forward neural network is a layered 

architecture where information flows in a single direction—

from input to output—without any feedback connections. 

Let the input feature vector be represented as 𝑍 =
{𝑧1, 𝑧2, . . . , 𝑧𝑛}. The network learns a mapping function: 

𝑦𝑝 = 𝑓(𝑍) 
where 𝑦𝑝is the predicted class label. 

Each neuron computes a weighted sum of inputs followed 

by an activation function: 

𝑎 = ∑ 𝑤𝑖

𝑛

𝑖=1

𝑧𝑖 + 𝑏 

where 𝑤𝑖represents weights and 𝑏is the bias term. The result 

is passed through the sigmoid activation function, defined 

as: 

𝑓(𝑎) =
1

1 + 𝑒−𝑎
 

This function maps outputs into the range [0, 1], making it 

suitable for binary classification problems. 

The network consists of multiple hidden layers, each 

learning increasingly abstract representations of the input 

data. The final output layer contains a single neuron that 

predicts the class label based on a threshold value (typically 

0.5). 

 

FIGURE 2: Structure of the Proposed Model. 

During training, the predicted output is compared with the 

actual class label 𝑦𝑖, and the error is calculated using the 

binary cross-entropy loss function: 

𝐿 = −
1

𝑁
∑[𝑦𝑖log(𝑝𝑖) + (1 − 𝑦𝑖)log(1 − 𝑝𝑖)]

𝑁

𝑖=1

 

where: 

• 𝑁is the number of samples  

• 𝑦𝑖is the true label  
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• 𝑝𝑖is the predicted probability  

The error is minimized using the backpropagation algorithm, 

which updates the weights iteratively to improve model 

performance. 

The sigmoid activation function is used in this model to 

transform the output into a probabilistic value between 0 and 1. 

It is defined as: 

𝑓(𝑎) =
1

1 + 𝑒−𝑎
 

The graphical representation of the sigmoid activation function 

is shown in Figure. 6.3. 

 

FIGURE 3: The Working Model of The Activation 

Function 

The sigmoid function enables the model to interpret outputs as 

probabilities, making it suitable for binary classification tasks. 

A threshold value of 0.5 is used to assign class labels. 

During training, the predicted output is compared with the 

actual class label, and the error is computed using the binary 

cross-entropy loss function: 

𝐿 = −
1

𝑁
∑[

𝑁

𝑖=1

𝑦𝑖log(𝑝𝑖) + (1 − 𝑦𝑖)log(1 − 𝑝𝑖)] 

The model parameters are updated iteratively using 

the Adam optimizer to minimize the loss and improve 

prediction accuracy. 

3.4 Parameter Settings 
The proposed model uses a multi-layer deep feed-forward 

architecture consisting of several dense and dropout 

layers[11],[12]. The number of neurons decreases gradually 

across layers to enable hierarchical feature extraction.  

TABLE 1: Proposed Deep Learning Model 

Configuration 

Layer Type Output Shape Parameters 

Dense Layer 1 (None, 200) 4600 

Dropout Layer (None, 200) 0 

Dense Layer 2 (None, 100) 20100 

Dropout Layer (None, 100) 0 

Dense Layer 3 (None, 50) 5050 

Dense Layer 4 (None, 40) 2040 

Dense Layer 5 (None, 30) 1230 

Dense Layer 6 (None, 20) 620 

Dense Layer 7 (None, 1) 21 

Total  33,661 

 

To optimize the model, the Adam optimizer is used, which 

adaptively adjusts learning rates during training. The default 

parameters are: 

𝛽1 = 0.9, 𝛽2 = 0.99, 𝜖 = 10−8 

The model is trained for 100 epochs across all datasets. A 

threshold value of 0.5 is used to convert predicted 

probabilities into binary class labels. 

4. DATASET DESCRIPTION 
To evaluate the proposed model of multidimensional 

microarrays, five standard microarray datasets were obtained 

from http://www.gems-system.org and 

http://www.ncbi.nlm.nih.gov/geo/ to assess high-dimensional 

biomedical datasets [5][8]. The DLBCL datasets consists of 

7129 features which has 60 samples in which 39 are cancerous 

and 21 are non cancerous[6].The colon cancer’s dataset has 

2000 collections of genes and 62 samples, wherein 22 are of 

normal people and 40 are said to be cancered people. There are 

15153 number of genes in Golub dataset[5]. It consists of 253 

samples with 162 samples of tumour and 91 samples of non 

tumorous cases .On top of that, the Leukemia dataset has 7129 

characteristics with 72 samples of data where 25 number of 

cases belongs to Acute Myeloid Leukemia(AML) and 47 

samples comes under Acute Lymphoblastic 

Leukaemia(ALL)[5].Further, the colon cancer dataset will have 

12600 features where there are 102 samples, under which 52 

corresponds to abnormal cell condition 50 goes for normal gene 

collection. The Breast cancer dataset is made up of 24481of 

total genes and 97 samples. In which, 46 cases are of positive 

and 51 are of negative samples. 

Later, KPCA is used for dimensionality reduction via this 

technique, we can ensure that the vast dimensional features 

which are not relevant can be removed by enabling the model 

to be performed good and give good prediction rate. 

It is said that the most features in our datasets are negligible 

portions, so this process helps in predicting class labels more 

efficiently. 

4.1 Performance Measures 
To assess the performance of the proposed model, a set of 

widely accepted evaluation metrics was used [3][4][20]. These 

include classification accuracy, precision, recall, F-score, and 

log-loss, all of which can be derived or interpreted using the 

confusion matrix. Together, these measures provide a 

comprehensive understanding of how well the model performs 

across different aspects of prediction. 
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Accuracy, defined in Equation, reflects the overall correctness 

of the model by considering four key outcomes: True Positives 

(TP), True Negatives (TN), False Positives (FP), and False 

Negatives (FN)[3][20]. It is calculated as the proportion of 

correctly classified samples out of the total number of samples: 

Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

Recall, given in Equation, measures the model’s ability to 

correctly identify positive instances. It focuses on how many 

actual positive cases are captured by the model: 

Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

Precision, also known as Positive Predictive Value (PPV) and 

defined in Equation , evaluates how many of the predicted 

positive cases are truly positive: 

Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

The F-score, presented in Equation, combines precision and 

recall into a single metric by taking their harmonic mean. This 

helps in balancing both false positives and false negatives: 

F-score =
2 × (Precision × Recall)

Precision + Recall
 

In addition to these metrics, log-loss (Equation ) was used to 

measure the error of the model based on predicted probabilities. 

It evaluates how close the predicted probabilities are to the 

actual class labels. In this equation, 𝑁represents the total 

number of samples, 𝑦𝑖denotes the true class label, and 

𝑝𝑖indicates the predicted probability for the 𝑖𝑡ℎsample: 

Log-loss = −
1

𝑁
∑[𝑦𝑖log(𝑝𝑖) + (1 − 𝑦𝑖)log(1 − 𝑝𝑖)]

𝑁

𝑖=1

 

Log-loss values range from zero to infinity, where a value closer 

to zero indicates better model performance. A perfect classifier 

would achieve a log-loss of zero, meaning its predicted 

probabilities exactly match the true class labels. 

A lower log-loss value indicates better model performance, with 

zero representing a perfect classifier. 

Furthermore, the Receiver Operating Characteristic (ROC) 

curve and its corresponding Area Under the Curve (AUC) were 

used to evaluate the model’s discriminative ability. The ROC 

curve plots the True Positive Rate (TPR), also known as recall, 

against the False Positive Rate (FPR) at different threshold 

values: 

TPR =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
,  FPR =

𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

The AUC value summarizes the ROC curve into a single scalar, 

ranging from 0 to 1. A value closer to 1 indicates strong 

classification performance, while a value around 0.5 suggests 

random guessing. The AUC–ROC metric is particularly useful 

when evaluating models on datasets with class imbalance, as it 

considers performance across all classification thresholds. 

5. RESULTS ANALYSIS 
This subsection provides a thorough analysis of the 

experimental results obtained using the proposed methodology. 

The model’s performance is evaluated across multiple datasets 

using various performance metrics to gain a clear understanding 

of its effectiveness. 

TABLE 2: Experimental Results on all datasets 

 

The performance of the proposed model across different 

datasets is summarized in Table 2. The evaluation was carried 

out using multiple metrics, including accuracy, precision, recall, 

F-score, AUC, and log-loss. 

For the breast cancer dataset, the model achieved an accuracy 

of 0.74, with balanced precision (0.66) and recall (0.74), 

resulting in an F-score of 0.67. The AUC value of 0.97 indicates 

excellent classification capability, while the low log-loss (0.96) 

suggests reliable probability predictions. 

In the case of the leukemia dataset, the model performed better 

in terms of accuracy (0.84) and recall (0.84), with a moderate 

precision of 0.75. The AUC value (0.96) confirms strong 

discriminative performance, although the log-loss (0.36) 

indicates some variability in probability estimation. 

For the brain cancer dataset, the model showed comparatively 

lower performance, with an accuracy of 0.55. While the recall 

(0.70) is relatively higher, the precision (0.55) and F-score 

(0.56) suggest inconsistency in predictions. The AUC value of 

0.74 indicates moderate classification ability, and the higher 

log-loss (1.57) reflects less confident predictions. 

The Golub dataset produced strong results, with an accuracy 

of 0.80, precision of 0.84, and recall of 0.80. The AUC score of 

0.96 demonstrates excellent separability between classes, 

supported by a low log-loss value of 0.38. 

Similarly, for the DLBCL dataset, the model achieved 

balanced performance, with accuracy, precision, recall, and F-

score all around 0.80. The AUC value of 0.87 indicates good 

classification performance, and the log-loss (0.38) suggests 

stable probability predictions. 

Similarly, the Colon dataset, the model achieved better 

performance, with accuracy, precision, recall, and F-score all 

around 0.80. The AUC value of 0.83 indicates a moderate 

classification performance, and the log-loss (0.66) suggests 

medium probability predictions. 

Overall, the result shows that the proposed model performed 

effectively with most datasets, particularly in high-dimensional 

gene expression data. However, performance variations across 

datasets highlight the impact of data complexity and feature 

characteristics on model behavior. 

5.1 Visual Representation of the Results 
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FIGURE 4 Loss Less Curve of Brain and Breast 

Cancer Cells 

 

 

 

FIGURE 5 Loss Less curve of Leukemia and Colon 

Cancer 

 

 

FIGURE 6 Loss Less curve of DLBCL and Golub 

Cancer 
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FIGURE 7 Confusion Matrix of Brain Cancer DLBCL 

Breast Cancer, Colon Cancer, Golub and Leukaemia 

The visualised representation of the confusion matrix provides 

a good understanding of the classification performance of the 

proposed model by illustrating the distribution of correctly and 

incorrectly classified samples. A higher number of true positive 

and true negative predictions compared to false predictions 

indicates that the model is capable of effectively distinguishing 

between different cancer classes. The confusion matrix also 

helps in identifying misclassification patterns and evaluating the 

reliability of the classifier across various datasets. 
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Similarly, the log-loss visualization demonstrates the 

convergence behavior of the deep learning model during 

training. A gradual reduction in log-loss values over epochs 

indicates that the model learns efficiently and improves its 

prediction capability with training. Lower log-loss values 

represent better probability estimation and higher confidence in 

predictions. The obtained results show that the proposed model 

achieves relatively low error values for most datasets, reflecting 

stable learning and improved generalization performance. 

Overall, both the confusion matrix and log-loss analysis confirm 

the effectiveness of the proposed KPCA-based deep learning 

framework in classifying high-dimensional microarray cancer 

datasets with reliable predictive performance.        

6. CONCLUSION 
The experimental results shows that the proposed KPCA-based 

deep learning framework is effective in handling high-

dimensional microarray cancer datasets. By applying Kernel 

Principal Component Analysis for dimensionality reduction, the 

model successfully removed redundant and less informative 

gene features while preserving the most relevant characteristics 

required for classification. This reduction in dimensionality 

improved computational efficiency and enhanced the overall 

learning capability of the classifier. 

Among the evaluated datasets, the leukemia dataset achieved the 

highest classification accuracy of 0.84 along with a strong AUC 

value of 0.96, indicating excellent discriminative performance. 

Similarly, the Golub and DLBCL datasets also produced stable 

and reliable results with balanced precision, recall, and F-score 

values. The breast cancer dataset succeeds with a high AUC 

score of 0.97, showing strong classification capability despite 

moderate accuracy. In contrast, the brain cancer dataset 

exhibited comparatively lower performance, which may be due 

to the complexity of the dataset and limited sample size. The 

colon cancer dataset produced satisfactory results with balanced 

evaluation metrics and acceptable prediction reliability. 

Overall, the findings indicate that integrating KPCA with deep 

feed-forward neural networks can effectively improves 

classification performance on gene expression datasets. The 

proposed model demonstrates the ability to capture complex 

nonlinear patterns within microarray data and achieve reliable 

predictions across multiple cancer types. This framework can 

serve as a useful approach for biomedical data analysis and may 

provide to the development of computer-aided cancer diagnosis 

systems in future research. 
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