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Abstract:  

Cancer disease persists as one of the major causes of mortality worldwide, emphasizing the critical 

necessity for accurate and early diagnosis.  Identifying genes associated with cancer can facilitate 

effective early-stage treatment. DNA Microarray data plays a vital role in detecting and diagnosing 

cancer. Microarray analysis allows the examination of gene expression levels in specific cell samples, 

enabling the simultaneous analysis of thousands of genes. However, microarray gene data is 

characterized by high dimensionality and contains redundant genes. The gene (feature) selection process 

is essential in microarray gene expression data analysis for selecting highly relevant genes with low 

redundancy that may cause improved prediction results. This research article presents a model designed 

to reduce the high-dimensional gene data to low-dimensional space, eliminate redundant genes, and 

improve early-stage disease prediction. The proposed model is implemented in the following phases. 

The initial process involves checking the multicollinearity between genes and identifying the low 

intercorrelated genes using the Karl Pearson correlation coefficient on the cancer dataset. Next, the 

Genetic Optimization Algorithm integrated with the Signal to Noise Ratio method is applied to 

determine an optimal set of genes, focusing on reducing dimensionality while filtering out noisy and 

redundant genes.   In the final phase, the selected genes are classified using a Deep learning classification 

method namely the Long Short Term Memory classifier is utilized.  The model’s performance is 

evaluated with various optimizers, including Adam, Adagrad, RMSProp, and SGD by comparing 

accuracy and loss values. Also calculate the other classification parameters such as Precision, Recall, 

and F1-Score value. Finally, comparative analyses of these metrics across the different optimizers are 

performed. The experimental results demonstrate that the research model Cor-GA_SNR-LSTM 

significantly improves the detection analysis by reducing the number of features in the gene data, 

enhancing the accuracy value, and minimizing the loss value.  The Adam optimizer yielded the optimal 

performance with an accuracy of 88.45% and a loss value of 0.1612. The proposed method effectively 

identifies the most relevant genes responsible for detecting and predicting Leukemia cancer disease. 

Keywords: Classification, Genetic optimization technique, Long Short Term Memory, Microarray 

Analysis, Signal-to-Noise Ratio. 

1. INTRODUCTION 

A key challenge in the medical industry is accurately diagnosing cancer patients at an early 

stage. Conventional diagnostic techniques, including Non-invasive methods, Invasive 

procedures, and Fine needle aspiration cytology may sometimes misinterpret the distinction 

between normal and cancerous genes, leading to adverse effects. Leukemia is a form of cancer 

originating in the bone marrow, often caused by genetic abnormalities [1]. The primary cause 

of Leukemia is the mutation of cells within the bone marrow which can sometimes obstruct the 

production of healthy cells. Detecting DNA mutations for the early identification of genetic 

disorders is a challenging process. Before the development of next-generation sequencing, 

microarray technology had a significant impact on the domain of cancer biology[2]. The 
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technology enabled thousands of genes to be monitored simultaneously to detect complex gene 

expression patterns [3]. DNA microarray data, containing gene expression profiles, facilitate 

precise cancer diagnoses in the healthcare sector. However, the nature of the microarray gene 

dataset is high-dimensional, containing a large number of genes and a small number of patient 

sample instances. This leads to the curse of dimensionality that affects the prediction rate of 

the cancer disease [4]. Also, the majority of genes are non-informative and redundant. The 

dataset contains a 1:10 ratio of relevant to noisy data, which negatively impacts the model’s 

performance when conventional methods are directly implemented [5]. To enhance the 

effectiveness of the microarray data, gene/attribute selection techniques perform an important 

role in processing the data and improving the accuracy of classifier models [6].  The main goals 

of the research are to identify significant biomarker genes in gene expression data using gene 

selection techniques and to classify the data through deep learning techniques. Initially, the 

model checks the multi-collinearity between genes using correlation and identifies the low 

inter-correlated features. An optimization technique with the rank filter method is utilized to 

identify key genes from cancer data, aiming to enhance prediction accuracy. The designed 

model utilized the Genetic Optimization technique with Signal To Noise Ratio method to 

effectively evaluate the gene patterns and identify an optimal set of prominent biomarker genes. 

The selected genes are applied in Deep learning classification methods such as the Long short-

term memory model to accurately recognize the cancer subtype genes. 

The research paper is structured as follows: Section 2 presents a review of related literature, 

while Section 3 outlines the research resources and methods, including details of the dataset,  

an overview of the Genetic optimization technique with Signal To Noise Ratio method, and 

Long Short Term Memory classification model.  Section 4 explores the details of the proposed 

model (Cor-GA_SNR-LSTM). Section 5 discusses the simulation analysis of the research work 

and comparative analysis with existing techniques. Finally, the research findings are presented 

in the conclusion part. 

2.  RELATED WORK 

This section briefly overviews existing attribute/gene selection methods for identifying 

biomarker genes in Leukemia cancer and evaluating their prediction performance through 

different classifiers. 

Waleed Ali et al. [7] presented a hybrid attribute selection model that integrates filter and 

optimization techniques. In the proposed method, Mutual Information, Chi-square, and IGR 

filter methods are used to eliminate irrelevant features. After selecting the relevant attributes, 

a genetic algorithm is employed to select optimal features, enhancing the model's performance 

for cancer classification. Mehrdad Rostami et al. [8] proposed an innovative biomarker gene 

selection model based on a community detection cluster method with a genetic algorithm. 

Initially, the similarities of the features are calculated and the features are grouped using 

community detection cluster methods. A genetic algorithm with a repair operation was applied 

to each cluster to select the significant set of features and perform the comparison analysis with 

other optimization techniques. The proposed method produced higher accuracy in predicting 
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the disease using the genetic process. Sabah Sayed et al. [9] developed an ensemble-based 

attribute selection approach that combines a t-test and a nested genetic algorithm to eliminate 

redundant features. An incremental FS method was then utilized to identify a significant subset 

of genes. Finally, the biological relevance of the selected genes was validated through 

Enrichment Analysis, achieving a classification accuracy of 98.4%. 

Lawrence et al. [10] designed a framework that combines GA and DBN for the effective 

selection of attributes and classification. The research study utilized GA to remove the noisy 

attributes and select the most prominent set of attributes. Finally, the DBN classifier was 

applied to predict the disease. The presented method accurately identifies the cancer types. 

Pragadeesh et al. [11] suggested a compounded feature selection approach for classifying 

cancer gene data. In this approach, the Information Gain filtering technique eliminates 

redundant attributes, and a micro GA evolutionary computing technique is applied to identify 

the prominent set of features. Finally, the classification accuracy is calculated using the SVM 

method.Yuvaraj et al[12] developed an efficient attribute selection model using optimization 

techniques such as Whale Optimization to select biomarker attributes. Then, a modified LSTM 

network was utilized to classify the cancer types. The suggested model produced a significant 

accuracy rate, F-measure, and recall values. 

Sergii Babichev et al.[13] explored gene data classification, focusing on the relationships 

within genetic information, gene activity patterns, and biological processes. The proposed work 

developed a model that optimizes the architecture and hyperparameter values of Recurrent NN 

specifically GRU and LSTM, based on the classification accuracy, loss function value, training 

time, and the F1-Score index using the Harrington desirability method. Finally, the best 

hyperparameters for each network model are identified to improve the accuracy of disease 

prediction.Zixuan Wang et al [14] introduced a feature selection framework that combines 

Isomap and Genetic search techniques. Isomap is used to map high-dimensional nonlinear data 

into a lower-dimensional linear space, while the genetic search selects feature subsets and 

enhances the fitness function. The final set of features is selected based on a threshold derived 

from the binomial distribution. The selected features are expected to improve classification 

accuracy for cancer gene data.Ebtisam Abdullah Alabdulqader et al [15] presented a diagnostic 

method utilizing 22,283 Leukemia gene microarray data. The proposed model used a Chi-

squared filter method to select the top 300 genes, and the SMOTE-Tomek technique was 

applied to generate synthetic data. A weighted CNN is then proposed for disease prediction 

and achieving an accuracy of 99.9%. 

Pradeep Kumar Mallick et al. [16] introduced a method designed to enhance the convergence 

of DNN. The model used Leukemia cancer gene data and implemented a five-layer DNN to 

classify ALL and AML gene expression data. The proposed approach achieved an accuracy 

rate of 98.2% and a specificity value of 97.9%. Bibhuprasad Sahu et al [17] developed an 

ensemble approach for classifying Leukemia cancer data. The research method integrates 

various filter techniques, including Mutual information, chi-square, Correlation-based FS, and 

Gain Ratio, to select the relevant features. The selected features are further optimized using the 

Grey Wolf Optimizer to generate an optimal subset of genes. Recurrent NN and LSTM 
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classifiers are applied for disease prediction, achieving high accuracy. Abdul Karim et al [18] 

defined four distinct types of Leukemia, including AML, CML, ALL, and CLL. The authors 

proposed LDSVM, an ensemble ML algorithm to enhance performance and prediction 

accuracy. The research emphasizes the need for a distinctive methodology that utilizes 

optimization techniques to identify leukemia cancer genes and incorporates deep learning 

classification methods with various optimizers for the prediction of the disease. The current 

study aims to achieve the expected results.  

3. MATERIALS AND METHODS  

This section provides an overview of the dataset and the essential methods required to obtain 

the desired accuracy in predicting cancer disease.  

3.1. Dataset 

This section explores the outline of the dataset utilized in the research work. The proposed 

system utilizes the repositories from the Kent Ridge Biomedical Data Set Repository [19]. The 

microarray cancer dataset is structured as a matrix, with columns representing the attributes or 

features and rows expressed as the patient's sample instance The dataset enables binary 

classification models since it has only two output labels called ALL and AML genes. Table-1 

shows the properties of the datasets utilized in the research work.  

Table-1 Description of Leukemia Cancer Gene Dataset 

Dataset Leukemia Cancer 

Gene Count 7182  

Class Distribution 2(ALL/AML) 

Sample Size 72 

49 samples-ALL  

23 samples-AML 

3.2. Genetic optimization Algorithm  

Genetic optimization Algorithm is a well-known heuristic method designed to solve 

optimization problems through evolutionary techniques. The optimization technique 

simultaneously explores information from multiple search points[20] and effectively prevents 

the iterative process from converging on local optimal solutions and producing a global optimal 

solution[21]. The technique operates based on a population of chromosomes. The process 

begins with initializing the population, with a set of randomly generated chromosomes. Each 

chromosome, composed of multiple genes, functions as a candidate solution to the problem. 

The GA execution process includes several key steps, including Selection, Crossover, and 

Mutation [22]. In the selection operation, two parent chromosomes are selected using various 

selection methods like Roulette Wheel, Tournament Selection, and random selection. After the 

selection process, the selected parent chromosomes are applied to the crossover operator, where 

parts of the genetic material are combined according to a specified crossover rate to produce 
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the offspring. The next process executes the mutation operator where certain genes within the 

offspring are randomly changed. The fitness of the resulting offspring is evaluated, and if it 

demonstrates better fitness than the parent, the offspring replaces the parent in the population. 

This execution process continues until a predetermined termination condition is satisfied and 

the most optimal chromosome is selected as the final solution. Algorithm-I outlines the steps 

for determining the optimal number of attributes in the dataset. 

Algorithm-I # Attribute selection using Genetic Optimization Technique 

Step 1: Initialize i=0 

Step 2: Generate the population of individuals p(i) 

Step 3: Determine the fitness of each individual in the population. 

Step 4: While (termination condition is not satisfied) 

Step 5: Do i=i+1  

Step 6: Apply the Selection operation of two parent chromosomes based on fitness. 

Step 7: Perform Crossover with the specified crossover rate to generate offspring 

Step 8: Apply the Mutation function to the offspring 

Step 9: End While 

Step 10: Return the fittest individuals in the population. 

3.3.  Long Short Term Method (LSTM )Network 

LSTM is a type of Recurrent NN and is effective in processing sequential data. The network 

incorporates a memory cell capable of holding information for a long period and enabling the 

model to retain the recently computed values [23]. The network consists of three kinds of gates 

such as input, output, and forget gates, and maintains two state units such as cell and hidden 

state. The input gate regulates the flow of data into the cell state, while the forget gate is 

responsible for determining the information from the previous cell state, and the output gate 

controls the flow of data out of the cell state.  The sigmoid activation function is utilized to 

produce the output values within the range of 0 to 1. The gates are trained using a 

backpropagation algorithm through the network. The training process for the gates depends on 

the input and the previous hidden state, allowing the LSTM to selectively retain or forget 

information, and effectively manage long-term dependencies [24]. The LSTM model was 

employed to identify patterns and relationships in genetic mutations over sequential time 

intervals. 

4. RESEARCH METHODOLOGY 

This section explores the proposed system for effectively identifying biomarker genes with 

high predictive value. Figure-1 presents the design of the proposed research model. The process 

includes the following phases: Exploratory Data Analysis, Data preprocessing, Optimal Gene 

Selection, Classification, and Evaluation of the model. Algorithm-II presents the key steps of 
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the proposed methodology for identifying the prominent set of genes associated with Leukemia 

and classifying the subtypes in the dataset.  

 

 

Figure-1 Framework of the research model 

Algorithm-II(Cor-GA_SNR-LSTM) 

1. Load the Leukemia Cancer Gene Data Set. 

2. Perform Exploratory Data analysis: 

      2.1 Identify the characteristics and patterns of the gene expression data. 

      2.2 Calculate the central tendency and dispersion of the gene values. 

3. Perform the Preprocessing Stage: 

       3.1 Handle missing and Null values within the dataset by imputation method.          

       3.2 Transform categorical gene information into Numerical values using Label Encoding. 

       3.3 Apply Feature Scaling using Min-Max Normalization to normalize the data in the 

dataset. 

       3.4 Evaluate Multicollinearity among genes using a Correlation matrix to identify and 

measure low intercorrelated genes using the equation (1) and (2) 

        3.5 Remove redundant genes and store the relevant genes.  

 4. Perform Optimal Gene Selection: 

       4.1 Apply a Genetic Optimization technique with Signal-to-Noise Ratio as the fitness 

function to identify an optimized subset of significant genes. 

       4.2 Store the optimized set of features in a .csv file. 

5. Perform the classification process: 
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        5.1 Train the LSTM Model on the optimized gene set to classify the data. 

6. Performance Evaluation: 

        6.1 To evaluate the model performance, different optimizers are applied to measure and 

analyze accuracy and loss values during the training phase and testing phase, along with 

precision rate, recall measure, and F1-Score value. 

In the first phase, read the Leukemia cancer gene dataset from the KRBR repository. During 

the Exploratory data analysis, the shape and size of the genes/features, and samples are 

examined. Identify each gene datatype and calculate the mean, median, min, max, standard 

deviation, and percentile value of all genes in the dataset. This stage acts as the initial step in 

investigating the dataset to understand its characteristics, patterns, or anomalies for later stages 

of analysis.  The data preprocessing is an important phase for cleaning the data to achieve 

suitability for developing the deep learning model, thereby enhancing the accuracy of the 

model. This phase includes several key processes. The initial process involves handling 

missing data and null values present in the given data. Replace each missing value with the 

mean of the sample values for the respective gene. In the next process, the Label Encoding 

technique is applied to convert the levels of the categorical features into numeric values. In this 

study, the class labels ALL and AML are encoded as 0 and 1 respectively. Finally, the Feature 

scaling process is performed, through the min-max normalization technique, which maps the 

values to a range [0,1]. The highest feature value in the dataset is transformed to 1, the lowest 

value is changed to 0, and the remaining values are rescaled to fall within the range of 0 to 1. 

The next process is to evaluate the multicollinearity between features. The correlation matrix 

evaluates the dependency between features, identifies the low inter-correlated features, and 

eliminates redundant genes [25]. The correlation matrix is calculated using the formula   

RX,Y =
CO_Variance(X,Y)

σXσY
                                                -------- (1) 

 Co_Variance(X,Y) = 
1

(n-1)
∑ (Xi-μX

)(Yi-μY
)n

i=1                       --------(2)  

 where RX,Y represents the Pearson correlation coefficient and σx, σy represent the standard 

deviation of x and y respectively.μ
X

 and μ
Y

 denote the means of  X and Y, and n indicates the 

number of data points. The next phase involves selecting an optimal gene subset for predicting 

the disease. In this approach, a Genetic optimization algorithm, integrated with the SNR 

method is utilized to select an important subset of biomarker genes. The fitness function used 

in this process is calculated using the formula  

SNR(f) =
|

1

n1
∑ xi - 

1

  n2
∑ xii∈C2i∈C1

|

√
1

n1
∑ (xi - μ1

)
2
+

1

 n2
∑ (xi -  μ2

)
2

iϵC2i∈C1

                    -------(3) 

where  μ
1
 and μ

2
are the means of the class ALL and AML respectively. In this process, the 

population P is initialized by generating N chromosomes with random values between 0 and 1. 

SNR rank method is applied to evaluate the fitness value of individual chromosome and enable 

the classification of microarray data [26]. The Roulette Wheel method is applied as a selection 
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operation to select two parent chromosomes with higher fitness values. After selection, the 

selected parent chromosomes are applied to the crossover operation, with a specified crossover 

rate to produce the offspring. The next process executes the mutation operator where specific 

genes within the offspring are randomly changed. The fitness of the resulting offspring is 

evaluated, and represents better fitness than the parent, the offspring replaces the parent. The 

procedure continues until a specified termination condition is satisfied, resulting in the 

selection of the most optimal chromosome as the final solution. This technique reduces the 

number of genes by eliminating irrelevant and redundant genes from the dataset. This stage 

helps identify the optimal set of genes connected to cancer disease in the dataset. 

To predict the presence of ALL and AML genes, the selected 341 optimal genes are divided 

into training and testing sets. The training data is applied to train the Long Short Term Memory 

(LSTM) classifier model. In this process, the network is structured with six hidden layers, each 

containing 50 neurons. The Sparse categorical cross-entropy loss function is applied to 

determine the loss value. In this model, different optimizers including ADAM, Adagrad, 

RMSProp and SGD are tested to evaluate the efficiency of the model.   Finally, an evaluation 

of the metrics for different optimizers is performed. 

5. EXPERIMENTAL ANALYSIS  

The research methodology was developed and implemented in Python using Google Colob 

NoteBook, with the Deap package version 1.4.1 configured for the genetic optimization 

technique. Table-2 presents the parameters used to identify an optimal set of features. The 

Keras and TensorFlow API Library functions were utilized to develop the LSTM model. The 

research methodology was evaluated using the Leukemia cancer gene dataset, which consists 

of 7129 genes and 72 samples. This section presents multiple experiments, and the network 

was trained on 70 percent of the data and validated on the remaining 30 percent of the data. 

Table-2 Parameter Settings for Genetic Optimization Technique 

Genetic Optimization Technique Parameter Values 

Selection Method Roulette Wheel Selection 

Crossover Type Single point Crossover 

Mutation Rate 0.5 

Number of Chromosomes 50 

Number of Populations 50 

Table-3 presents the performance of the research methodology using the LSTM classifier, 

evaluating the accuracy and loss values of various optimizers, including Adam, Adagrad, 

RMSProp, and SGD.  The results highlight the model’s learning efficiency, and convergence 

stability in accurately predicting the disease at an early stage. 

Table-3 Performance Metrics of Accuracy and Loss value for various optimizers 
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Figure- 2 indicates the accuracy metrics obtained through different optimizers during the 

training and testing phases. The ADAM optimizer yielded an increased training accuracy rate 

of the classification by 1.92% in comparison to the Adagrad optimizer, and reduced training 

accuracy by 0.97 % than the RMSProp and the accuracy by 0.88 % with the SGD optimizer.   

Comparing, the testing accuracy of the model indicates that the ADAM optimizer achieved a 

higher testing accuracy rate of the classification by 6.63% in comparison to the Adagrad 

optimizer, achieved an increased accuracy rate by 2.09% than the RMSProp optimizer, and 

4.9% than the SGD optimizer. The outcomes demonstrate that the LSTM model using the 

Adam optimizer predicted a strong overall performance with a testing accuracy rate of 88.45% 

and a training accuracy of 94.48% for predicting Leukemia Cancer. 

 

 

Figure-2 Accuracy Analysis of Various Optimizers 

Figure-3 indicates the loss value obtained through different optimizers during the training and 

testing phases. The ADAM optimizer achieved a testing loss of 0.1612, indicating to generalize 

effectively to unseen data, and a training loss of 0.0726 reflecting efficient convergence. The 

Adagrad optimizer recorded a testing loss of 0.6638 and a training loss of 0.2019 indicating 

increased loss value during the training and testing phase. The RMSProp optimizer showed a 

testing loss of 0.3799 which was higher than the Adam optimizer and lower than the Adagrad 

optimizer. The training loss of 0.0785 and a testing loss of 0.1905 obtained for using SGD 

optimizer indicate the stability in convergence.The outcomes demonstrate that the LSTM 

model using the Adam optimizer reduced the loss rate to 0.5026 compared with the Adagrad 

optimizer, 0.2187 with RMSProp, and 0.0293 with the SGD optimizer.  

Optimizers Training_ 

Accuracy(%) 

Testing_ 

Accuracy(%) 

Training_ 

Loss(%) 

Testing_ 

Loss(%) 

Adam 94.48 88.45 7.26 16.12 

Adagrad 92.56 81.82 20.19 66.38 

RMSProp 95.45 86.36 26.40 37.99 

SGD 95.36 84.45 7.85 19.05 
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Figure-3  Loss Analysis of Various Optimizers 

Table-4 depicts evaluation metrics, including Precision, Recall, and F1-Score for Class 0 

(ALL) and Class1(AML) using various optimizers such as ADAM, Adagrad, RMSProp, and 

SGD applied to the LSTM Classifier. 

Table-4 Classification metrics using various optimizers with LSTM 
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Figure-4 illustrates the Precision metric performance, showing that the proposed model 

achieved a Macro average Precision of 87% and a weighted average precision value of 88% 

while applying ADAM Optimizer. For the Adagrad optimizer, the precision rates for class 0 

(ALL)and class 1 (AML) are 80% and 86% respectively. The optimizer obtained a macro 

average precision rate of 83% to predict the disease. The RMSProp optimizer received the 

precision rate in terms of Weighted average is 89%. The SGD optimizer recorded a Precision 

rate of 85% for both Macro average and Weighted average values. 

 

Figure-4 Estimation of Precision value using various optimizers 

Figure-5 presents the performance evaluation based on Recall metrics. The model achieved a 

weighted Average Recall rate of 82% with the Adagrad optimizer, 86% with the RMSProp 

optimizer and 85% with the SGD Optimizer. The ADAM optimizer attained a higher Recall 

rate of 88% for data classification. 

 

 

Figure-5 Estimation of Recall value using various Optimizers 

Figure-6 highlights the model’s performance based on F1-Score metrics. The Adam optimizer 

achieved an F1-Score of 88%, while the Adagrad optimizer recorded an F1-Score of 80%  

compared to the other optimizers. 
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Figure-6 Estimation of F1-Score Value using various optimizers 

Researchers have explored different techniques for identifying Leukemia cancer disease. 

Table-5 presents a comparison of different methodologies used for cancer classification along 

with their accuracy values.  Figure-7 depicts the computational efficiency of the research model 

compared to existing techniques. The proposed method achieves the highest accuracy of 

88.45% for detecting the disease. 

                       Table-5 Comparison between Proposed Approach and Existing Techniques  

Reference Methodology Accuracy(%) 

[27] BSS/WSS-based CART 84.43 

[28] CART 85.29 

[29] SNR-SVM 75.6 

[30] PCA-QDA 82.4 

[31] MLP+MI 67.6 

[32] LNNDP 88.24 

[33] Chi2_DT 74 

[34] DLFCC 87 

Proposed Method Cor-GA_SNR-LSTM  88.45 
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Figure-7 Comparative Analysis of Existing methods Versus Proposed method 

6. CONCLUSIONS 

Leukemia cancer is one of the most threatening and devastating diseases around the world. 

Early and accurate detection of Leukemia at its initial stages remains a significant challenge in 

the medical field.   The research study proposes a method that utilizes microarray clinical gene 

data to identify Leukemia cancer. In the proposed method, the gene data is preprocessed 

initially, which includes handling missing and null values present in the data, transforming 

categorical variables into numerical format through the label encoding method, and applying 

Min Max Normalization for scaling the feature transformation. After preprocessing, the 

multicollinearity is checked, and genes with low intercorrelation are identified using the Karl 

Pearson correlation coefficient. After that, the Genetic Optimization Algorithm combined with 

the Signal to Noise Raio method is applied to select an optimal set of genes in the dataset while 

eliminating noisy and redundant genes, thereby enhancing classification accuracy.  In the final 

phase, the selected genes are classified using a Long Short Term Memory classifier.  The 

model's performance is evaluated using various optimizers, including Adam, Adagrad, 

RMSProp, and SGD by comparing accuracy and loss values. Additionally, other classification 

metrics such as precision, Recall, and F1-Score value are calculated. Finally, comparative 

analyses of these metrics across the optimizers are performed. The experimental results 

demonstrated that the Cor-GA_SNR-LSTM model effectively identifies a prominent subset of 

biomarker genes, enabling the LSTM model to accurately classify the gene expressions. The 

research model obtained an accuracy of 88.45%, a precision score of 87%, and a loss rate of 

0.1612 using the ADAM Optimizer. In future research, different optimization techniques can 

be implemented to further enhance the classification outcomes.  
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