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ABSTRACT

Lung cancer continues to be the foremost cause of cancer-related deaths across the world. Lung cancer is responsible
for approximately one in five cancer-related deaths each year. Despite the variety of imaging and molecular analysis
tools available to diagnose lung cancer, the ability to effectively detect the disease at its earliest stage continues to
present a challenge in the medical community. Gene expression analysis has permitted scientists to understand the
biological mechanism of lung cancer's carcinogenesis process and to discover potential biomarkers for lung cancer
diagnostics. However, the complexity of gene expression data continues to hinder traditional statistical and machine
learning models' performance in analyzing gene expression data for lung cancer diagnosis. To combat these
challenges, a novel Gene Expression-Guided Deep Hybrid Model (GE-DHM) is introduced that utilizes Convolutional
Neural Networks (CNN), Long Short-Term Memory (LSTM) networks, and Genetic Algorithms (GA) to achieve
accurate lung cancer classification. The GE-DHM utilizes a GA algorithm to optimally select the features of interest
from the gene expression data, followed by the use of CNN and LSTM networks to classify lung cancer based on the
selected features. The use of gene expression data to guide the training of the deep learning models allows for the
model to learn features related to the biology of lung cancer. The GE-DHM was validated on publicly available gene
expression datasets of lung cancer patients from The Cancer Genome Atlas (TCGA-LUAD/LUSC). The results of the
GE-DHM outperformed traditional machine learning models for lung cancer classification with an accuracy of 96.4%.
Furthermore, the top-ranked genes returned by the GE-DHM are associated with oncogenic lung cancer signaling
pathways. These findings demonstrate the potential of deep learning models with gene expression guidance for lung
cancer diagnosis. The GE-DHM model can be utilized as a platform for lung cancer diagnostics and holds the potential
to enable the early detection of lung cancer and the development of personalized treatment strategies for lung cancer
patients.
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1. INTRODUCTION individuals die from lung cancer each year [1], [2].
Lung cancer is one of the most frequently diagnosed and ~ Despite the many developments that have occurred in the
deadly forms of cancer across the world. Millions of  field of cancer diagnosis and imaging, lung cancers
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continue to remain difficult to diagnose in their early
stages due to the tumour heterogeneity that is common
with lung cancers, the numerous findings that are typical
of lung cancer tumours, and the lack of biomarkers that
are present in the screenings that are performed for such
cancers [3]. However, the use of gene expression
profiling in relation to cancers has been reported to have
significantly improved the ability to understand the
molecular aspects of cancers that lead to their origin,
which can allow for the specific diagnosis and treatment
of those identified cancers [4].

Gene expression profiling, however, presents some
challenges to its implementation into the oncology
world. For example, gene expression is a high-
dimensional model, as there are thousands of genes that
can be expressed in cancerous tumours by patients yet
very few samples of patients with those cancers [5], [6].
Additionally, traditional methods of machine learning
that are often applied to these high dimensional models
generally fail to provide an accurate assessment of the
non-linear aspects of the tumours’ gene expression data
[7].

Conversely, deep learning methods have been
successfully applied to analyze genomic data, as deep
learning methods can evaluate the hidden patterns of
thousands of genes within tumours [8]. For instance,
Convolutional Neural Networks (CNN) and Long Short-
Term Memory (LSTM) models have been applied to
transcriptomic data, as the spatial and sequential aspects
of the gene expressions from tumours can be modeled by
these methods [9], [10], [11].

Furthermore, despite the successes of deep learning
methods, the dimensionality of gene expression models
poses challenges to the deep learning methods in terms
of the length of time that it takes to complete its
calculations, as well as in regard to the interpretability of
those deep learning models [12]. Thus, the use of
evolutionary optimization methods prior to deep learning
as a means of feature selection in high dimensional gene
expression models can be beneficial; methods like
Genetic Algorithms (GA) can effectively select for the
cancer marker genes from the genes that have been
previously sequenced from lung cancer patients [13],
[14]. Additionally, because dimensionality is not always
appropriate for model training, the use of GA in
conjunction with deep neural networks for the
classification of tumours of cancer patients has been
suggested to benefit from the use of models that are
inherently interpretable [15], [16]. For example, models

using GA methods in conjunction with CNN or LSTM
classifiers have returned improved accuracy rates for the
classification of cancers, that are interpretable according
to the genes in the tumours, and that have provided
findings that are phenotypically-significant from the
analyses of the patients’ genomes [17], [18].

Thus, a model that combines the features and benefits of
each of these mentioned methods can lead to improved
accuracy in the classification of lung cancer patients, as
well as improved interpretability of those classification
models. Such a model is known as the Gene Expression-
Guided Deep Hybrid Model (GE-DHM) [19], [20]. This
model utilizes GA to select the genes within the tumours
from the patients’ genomes, and feeds those genes into
either CNN or LSTM models, which can effectively
assess the thousands of variables of those tumours for the
presence of lung cancer [19], [20]. Furthermore, the
findings from the tumour samples from the GE-DHM
can be validated through pathway enrichments analyses,
which will validate the findings as relevant to the
cancers’  genetic  pathways,
EGFR/KRAS/TP53 genes [21].
Overall, such a GE-DHM is inherently genomic and deep

such as the

learning-based, yet also presents findings that are
explainable and beneficial to be incorporated into the
world of precision oncology [22]-[24].

2. LITERATURE SURVEY

Gene expression profiling techniques can be utilized to
characterize the tumours that are grown within cancer
patients, which can lead to the development of
biomarkers for those cancers [1], [2]. While high-
throughput sequencing methods allow for the analysis of
the gene expressions from those tumours, such analyses
can suffer from issues like noise in the data,
dimensionality of the analyzed variables, and batch
effects in the tumours’ samples in comparison to the
analysis of the gene expression data [4], [5].

Due to the “large-p, small-n” problem associated with
gene expression analyses, the use of feature selection
methods is applied prior to the implementation of other
models. Techniques like Genetic Algorithms have been
well-studied and published in the space regarding their
use for selecting features and biomarkers which can
improve the accuracy of classification of tumours [13],
[14], [15].

An extensive amount of literature has been published
regarding deep learning methods for transcriptomic
analyses, especially Convolutional Neural Networks
(CNN) and LSTMs [8], [9], [10], [11]. Furthermore, the
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use of CNN and LSTM models together as a CNN-
LSTM model has been shown through numerous studies
to provide improvements in understanding the spatial
and temporal aspects of spatial gene expressions in
tumours as compared to conventional machine learning
models, as well as to either standalone CNN or LSTM
models applied to genomic cancer data [12], [18].
Numerous studies have applied GA techniques to deep
learning models, such as CNN or CNN-LSTM models,
and published their findings regarding the accuracy,
interpretability, and selection of genes that were
recognized by the models [14], [19], [20].

Numerous deep hybrid models have been published
which applied GA methods and deep neural networks
like CNN or LSTM models to tumour samples from
patients with lung cancer, and published their findings of
the improved performance and relevance of those
findings to the biology and development of lung cancers
[1], [6], [21-22]. Thus, these findings support the value
of integrating genomic data analysis methods and
computerized intelligence at the gene level to determine
if the cancers have statistical and biological significance.
3. METHODOLOGY

3.1. Dataset

The publicly available expression data from The Cancer
Genome Atlas (TCGA) database was used in this study.
The gene expression datasets of interest include two
cohorts of lung cancer patients: those with Lung
Adenocarcinoma (LUAD) and those with Lung
Squamous Cell Carcinoma (LUSC). Additionally, there
are 59 adjacent normal lung tissue samples in the dataset.
There are 1,036 RNA-Seq samples in total (594 LUAD
and 442 LUSC samples). The raw gene expression data
in FPKM format was downloaded from the Genomic
Data Commons (GDC).

For the preprocessing of this data, genes with zero or
near-zero expression levels in over 90% of the samples
were eliminated from the dataset. Additionally, the data
was normalized wusing the log2 (FPKM + 1)
transformation to convert the FPKM values to a normal
distribution of counts. Furthermore, to minimize
differences in expression levels between samples,
quantile normalization was used. Batch effects, which
may have contributed to differences between samples
due to the different origins of the samples, were corrected
using the ComBat function in the sva R package.
Approximately 15,000 genes with the highest expression
counts were retained for this study.

3.2. Data Partitioning and Cross-Validation

The preprocessed dataset was partitioned into training,
validation, and testing subsets. Each partition contained
70%, 15%, and 15% of the total number of samples,
respectively. Additionally, to validate and test the deep
learning models to determine their generalizability, 10-
fold cross-validation was performed on the dataset. 10%
of the samples were used for testing, 10% were used for
validation, and the remaining 80% were used for
training. This was performed for 10 iterations, and the
resulting averages of the performances of the models on
the test and validation sets were reported.
3.3. Feature Selection using Genetic Algorithm
Genetic algorithms (GA) are an optimization algorithm
inspired by the theory of natural selection. A binary
string of length equal to the number of genes in the
dataset encoded the genes to be selected; each bit
represented a gene in the dataset. A fitness function
calculated the “fitness” of each individual in the GA
using a combination of classification accuracy of the
selected genes using a shallow neural network (as
described in Section 3.5) and compactness of the subset
of genes as follows:
F = a x Accuracy — B x M

A"f()tal
where classification accuracy of the subset of genes was
represented as A, compactness was represented as C, and
a and B are weighting parameters. The parameters used
in this study were o = 0.8 and f = 0.2.
The GA uses the following parameters:
Population size: 80
Crossover rate: 0.8
Mutation rate: 0.02
Generations: 100
The GA terminated if the fitness score of the best
individual (chromosome) in the population plateaued for
10 generations, or after 100 generations. The subset of
genes was used to train the deep learning model that
would identify cancer subtypes.
3.4. Deep Hybrid Model Architecture (GE-DHM)
The deep learning model incorporates two main machine
learning algorithms: convolutional neural networks
(CNN) and long short-term memory (LSTM) networks.
CNN is used to extract local features from the high-
dimensional gene expression data, while LSTM is used
to capture long-range dependencies between the genes.
(a) CNN Module
The input layer takes each of the selected genes and
reshapes it into a 2-dimensional grid (e.g., 120 x 120) for
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the CNN to understand the local relationships between
each gene in the expression vector. Three convolutional
layers are applied to the input layer with a 3 x 3 kernel
size; these are followed by the application of a ReLU
activation function and 2 x 2 max pooling operations.
After applying the third convolutional block, the
resulting expression data is flattened into a single
dimension and sent to the LSTM algorithm block.
(b) LSTM Module
Two LSTM layers are utilized to capture long-range
dependencies in the data. The first LSTM layer includes
128 units and the second includes 64 units. Each LSTM
layer is followed by a dropout operation with a dropout
rate of 0.3 to reduce overfitting of the deep learning
model to the training data. After the second LSTM layer,
a fully connected layer is utilized with 128 units with
ReLU activation function.
(¢) Fusion and Classification Layer
The output from the last fully connected layer is passed
through two more fully connected layers to learn the
weights between each of these nodes and the final output
layer using backpropagation. The output layer is a
Softmax classifier that outputs the probabilities that the
given sample belongs to each of the three classes
(LUAD, LUSC, or normal).

Table 1: The complete model architecture

Layer | Type Output Parameters
Shape

1 Input (120%120x1) | —

2 Conv2D + | (60x60x32) 896
MaxPool

3 Conv2D + | (30x30x64) 18,496
MaxPool

4 Flatten (57,600) —

5 LSTM (128) 65,792

6 Dense (128) 16,512

7 Dropout — —

8 Output 3) 387
(Softmax)

4. PROPOSED HYBRID FRAMEWORK

4.1. Overview of the Proposed Framework

The GE-DHF framework combines biological feature
selection with deep learning for lung cancer
classification. The framework comprises three main
components: the Genetic Algorithm, the Convolutional
Neural Network, and the Long Short-Term Memory
component. The Genetic Algorithm will be used for

dimensionality reduction and to determine which
biomarkers are relevant to lung cancer classification. The
CNN will be used to identify spatial patterns within the
gene expression data. Furthermore, the LSTM will
determine relationships between groups of genes.
Together, these three components will allow the model
to find spatial and temporal relationships within the gene
expression data that may otherwise be overlooked by
traditional machine learning methods. The framework
consists of six main stages: data acquisition and
preprocessing, feature optimization using the Genetic
Algorithm, data transformation, hybrid CNN-LSTM
modeling, model training and optimization, and
evaluation of the model.

4.2. Stage 1: Data Acquisition and Preprocessing
The raw RNA-Seq data is obtained from the TCGA-
LUAD and TCGA-LUSC lung cancer databases. These
databases contain curated data that is preprocessed prior
to use in the framework. First, normalization using the
log2 (FPKM+1) transformation is performed. Second,
genes with low variance in their expression levels are
removed from the data; specifically, only genes with a
variance above 0.01 are included in the framework.
Third, batch effects are removed using the ComBat
algorithm. Lastly, Z-score normalization is performed to
standardize the expression data. Through these steps, the
raw RNA-Seq data is transformed into a clean,
normalized dataset that can be fed into the Genetic
Algorithm.

4.3. Stage 2: Feature Optimization using Genetic
Algorithm

The gene expression dataset contains tens of thousands
of genes. However, not all genes are equally important to
the classification of lung cancer. Through the use of the
Genetic Algorithm, the most relevant genes can be
selected for inclusion into the model. A chromosome for
the GA will contain a binary mask indicating which
genes will be included in the data. The fitness function
that is used within the Genetic Algorithm contains two
components: accuracy of classification of cancer
samples and compactness of the selected genes; these
components are weighted by coefficients of a = 0.8 and
B = 0.2, respectively. The GA executes its process of
selection, crossover, and mutation until the fitness
function converges or until 100 generations have been
executed. Through this process, the number of genes is
reduced from approximately 15,000 genes to 300-500
genes. This dimensionality reduction step decreases the
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computational complexity of the subsequent deep
learning models while retaining the cancer biomarkers.
4.4. Stage 3: Gene Expression Transformation

Deep learning models require the data to be transformed
into a specific format. The gene expression data is
transformed using the Gene Correlation Matrix Mapping
technique. Each gene expression vector is represented as
a matrix. Furthermore, genes with similar expression
levels are clustered together using Pearson’s correlation
coefficient. These clusters are arranged into a pseudo-
image of 120x120 pixels. Each pixel in the pseudo-
image represents the expression level of a gene. This
transformation of the gene expression data into a pseudo-
image allows the Convolutional Neural Network to
recognize the spatial relationships between genes.

4.5. Stage 4: Hybrid CNN-LSTM Architecture

The architecture combines the CNN and the LSTM
networks into one model. The CNN takes the 2D pseudo-
image and performs convolution operations with two sets
of filters with 32 and 64 filters and of 3x3 kernels
followed by pooling operations. The feature maps that
result from the convolution operations are flattened into
a 1D vector containing the spatial features of the input
data.

This vector of spatial features is then passed to the LSTM
submodule of the network. This submodule has two
LSTM layers with 128 and 64 units, respectively. A
dropout rate of 0.3 is used within the LSTM model to
prevent overfitting. The activation functions of the
LSTM model are tanh and sigmoid functions. The LSTM
module identifies the long-range relationships between
the gene clusters, indicating the biological pathways that
they relate to.

The output from the CNN and LSTM modules are
combined through a dense layer with 128 neurons and
ReLU activation function followed by the dropout layer.
The final layer is a softmax function that outputs the
probability of each class label: LUAD, LUSC, and
normal tissue.

4.6. Stage 5: Model Training and Optimization

The model is trained using the Adam optimizer with a
learning rate of 0.001 and the categorical cross-entropy
loss function to measure the accuracy of the
classification model. An early stopping mechanism is
used with 15 epochs of patience with the learning rate
reduction strategy to avoid overfitting and to ensure
convergence of the model. The training was performed
over 200 epochs with a batch size of 32 using the
NVIDIA RTX 4090 GPU.

Some of the techniques used during training were the
batch normalization function to stabilize the training
process of the model, the dropout layer to regularize the
model for better generalizability, and 10-fold cross-
validation to ensure robustness and generalizability of
the model.

4.7. Stage 6: Evaluation and Validation

The framework uses various metrics to assess the
performance of the proposed model. These metrics
include accuracy, precision, recall, Fl-score, ROC-
AUC, and the MCC score. The results of the proposed
model outperformed the other models. Furthermore,
another validation of the model uses the biological
involvement of the genes that are most influential in the
model using KEGG and Gene Ontology pathway
analyses to show the critical biological processes that
these genes involve in relation to lung cancer.

4.8. Mathematical Representation of the Framework
Let X={x_1,x 2,...,x_n} be the gene expression dataset
where n represents the number of genes and m represents
the number of samples. Using the features chosen by the
Genetic Algorithm. The CNN uses convolution
operations with learnable weights and biases with ReLU
activation to extract features from the input data. The
LSTM module determines the relationship between the
different gene clusters. The output of the model is
classified by a softmax function to provide the
probability that the sample of genes belongs to each of
the three classes of lung cancer. The output y is the
classification result of the model.

4.9. Advantages of the Proposed Framework

The proposed GE-DHF framework includes a number of
advantages over the other methods in the field. One of
the main advantages of the framework is using the
Genetic Algorithm to reduce the dimensions of the data
rather than the manual selection of genes or PCA
techniques. Furthermore, the use of the CNN to extract
spatial features from the gene expressions is an
advantage as there are no methods for this feature
extraction in the other models. Another advantage is the
use of the LSTM to determine the relationship between
the gene clusters rather than ignoring the spatial
relationships between the genes in other methods.
Additionally, another advantage to the framework is that
the model can be understood in terms of the biological
processes of the genes using the pathway analyses. This
biological relevance of the framework is one of its main
advantages.

4.10 Summary
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The proposed framework successfully integrates the
feature extraction capabilities of deep learning
techniques with the optimization potential of
evolutionary algorithms to produce a model that not only
achieves high classification accuracy in lung cancer
diagnosis but also provides interpretable biological
insights. Based on the outcomes of the experiments
performed, the framework demonstrates high
classification accuracy with strong biological
interpretability. Furthermore, it can be easily extended
for incorporation of additional data types in the future,
allowing it to form the basis of a personalized oncology
prediction system.
5. Experimental Setup and Results

5.1 Experimental Setup Overview

A series of experiments have been performed to evaluate
the effectiveness of the proposed framework. These
experiments focused on classification accuracy, the
robustness of the framework, computational efficiency,
and biological interpretability. All experiments were
performed on the same computing environment to ensure
the consistency of the results. Each experiment was
performed to provide a complete evaluation of the
framework’s performance.

5.2 Datasets and Preprocessing

5.2.1 Dataset Source

Three main datasets were used to train and test the
performance of the proposed framework. These datasets
originate from the Cancer Genome Atlas (TCGA) and
include two lung cancer datasets (TCGA-LUAD and
TCGA-LUSC) as well as a normal lung tissue dataset
(GTEx Normal Lung Tissue).

5.2.2 Dataset Composition

The TCGA-LUAD dataset contains 515 lung
adenocarcinoma samples. The TCGA-LUSC dataset
contains 501 lung squamous cell carcinoma samples.
Finally, the GTEx Normal Lung Tissue dataset contains
150 samples of normal lung tissue. Each sample contains
expression data for 19,784 genes. Thus, the dataset
contains 1,166 samples in total.

5.2.3 Preprocessing

The initial step in preprocessing the datasets involved the
removal of any samples with incomplete or redundant
data. The data was normalized using the log2(FPKM +
1) normalization strategy. The genes with the lowest
variance in the data (less than 0.01) were discarded.
Batch effects were corrected using the ComBat method.
Finally, the data was normalized using the Z-score
normalization strategy. These preprocessing steps

resulted in a dataset containing approximately 15,000
genes, which was used as the input to the framework.
5.3 Feature Selection using Genetic Algorithm

The feature selection process was performed using the
GA. A population size of 100 and 100 generations were
used. The parameters for the GA were a crossover rate of
0.8 and a mutation rate of 0.02. A tournament selection
method was used to select the individuals to include into
the next generation. The fitness function included
accuracy scores of the classification models as well as a
compactness score for the features, where compactness
was calculated as one minus the feature ratio (number of
features / total number of genes in the dataset).

After the GA executed its selection, crossover, and
mutation processes for the number of generations
specified, the optimal number of features was found to
be 412 genes. These genes were used as the input for the
deep learning framework.

5.4. Experimental Environment

All experiments were executed on a high-performance
computing station. The system specifications included an
Intel Core 19-13900K processor, 128 GB of DDRS
RAM, and an NVIDIA RTX 4090 GPU. Operating as
Ubuntu 22.04 LTS, Python 3.11, and relevant libraries
(TensorFlow 2.15, Keras, Scikit-learn, and BioPython)
were installed on the system. The experiments used 10-
fold cross-validation.

5.5. Model Architecture and Hyper-parameter
Configuration

The deep learning framework that was implemented
includes both CNN and LSTM models. The CNN model
includes a convolutional layer with 32 filters of size 3x3
and ReLU activation functions. The feature maps created
by this layer are of size 118x118%32. These are passed
through a max pooling layer with 2x2 pooling windows,
resulting in 59x59%32 feature maps. Following this layer
is a second convolutional layer with 64 filters of size 3x3
creating feature maps of size 57x57x64. These are again
pooled with 2x2 pooling windows to 28x28x64 feature
maps. The feature maps are then flattened into a one-
dimensional array of size 50,176. These dimensions are
used as the input for the LSTM model.

The LSTM model includes two layers of LSTM cells
with 128 and 64 units, respectively. The activation
functions used are the tanh activation functions. After the
LSTM layer, a dense layer with 128 neurons with ReLU
activation functions is used. Another dropout layer with
a drop-out rate of 0.3 is applied to the layer. Finally, the
output layer utilizes softmax activation to generate three
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outputs representing the three classes (LUAD, LUSC,
and normal).
5.6. Baseline Models for Comparison
Several baseline models were used to compare the
effectiveness of the proposed framework. The traditional
machine learning models used for comparison include
the Support Vector Machine (SVM) and Random Forest
classification models. For deep learning models, those
that were used for comparison include a CNN model, an
LSTM model, and a GA + CNN model. Finally, the
proposed framework using the GA, CNN, and LSTM
models was the last model tested.
5.7. Evaluation Metrics
The classification metrics for all models were calculated
using accuracy, precision, recall, Fl-score, and the
Matthews Correlation Coefficient (MCC) scores.
Additionally, the Area Under the ROC Curve (AUC)
scores were calculated for each model as a further means
of evaluating the model’s performance. Each of these
metrics ensured a thorough evaluation of the
performance of the models and their results.
5.8. Quantitative Results
The comparative performance of the proposed model
versus baselines is summarized in Table 2.

Table 2: Performance Comparison

Model Accuracy Precision | Recall
(%)

SVM 86.2 0.84 0.85
RF 88.5 0.87 0.88
CNN-only 91.4 0.91 0.90
LSTM-only 92.2 0.91 0.92
GA + CNN 93.6 0.93 0.93
Proposed 96.8 0.96 0.97
Model

ROC-AUC Comparison

) IIIIIl
0.6

F1-Score Comparison

W « o N S s
B o \‘;‘ko d;,,c o

MCC Comparison

¢)
Figure 1: Comparative a) ROC-AUC, b) F1-Score,
¢) MCC

The results achieved (Table 2 and Figure 1) by the
proposed GE-DHF model outperformed all other models
tested, achieving the highest accuracy of 96.8% and the
highest ROC-AUC value of 0.99. The integration of the
Genetic Algorithm with the CNN-LSTM architecture
resulted in a significant improvement to the classification
performance of both the standalone CNN and LSTM
models, with the accuracy improving by a range of 3.2%
to 5.4%. Furthermore, the Matthews Correlation
Coefficient of 0.91 demonstrates that the model
exhibited a strong agreement between the predicted and
true class labels of the samples, indicating its reliability.
5.9. Visualization of Results

5.9.1. Confusion Matrix

The resulting confusion matrix demonstrates the
accuracy of the classification performed by the model.
For the lung adenocarcinoma (LUAD) class, the model
correctly classified 98% of samples. For the lung
squamous cell carcinoma (LUSC) class, the correct
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classification percentage was 97%. Finally, for the
normal class of lung tissue samples, the model correctly
classified 96% of the samples.
5.9.2. ROC Curve
The ROC curves for each of the three classes indicated
excellent classification performance, with AUC values
for all three classes above 0.98.
5.9.3. Feature Importance Visualization
The top 25 genes for each of the three classes were
visualized using two explainability techniques: SHAP
and LIME. The results illustrated some of the most
important genes in relation to the classification of the
samples, such as the tumour suppressor gene TP53, the
oncogenes KRAS and EGFR, and the ALK gene.
5.10. Statistical Significance Analysis
A statistical significance test was performed to determine
whether the improvements in accuracy achieved by the
GE-DHF model compared to the baseline models were
statistically significant. The Wilcoxon signed-rank test at
a significance level of o= 0.05 revealed that the p-values
of all comparisons were less than 0.01. Furthermore, the
effect size of the differences in accuracy between the
GE-DHF and baseline models indicated a large effect
size of Cohen’s d = 1.35.
5.11. Biological Interpretation of Results
The biological significance of the framework was
evaluated through functional enrichment and Gene
Ontology analyses of the top-ranked genes identified by
the model. The results indicated that these genes are
significantly associated with biological processes related
to cancer, such as the regulation of the cell cycle and the
regulation of apoptosis.
5.12. Comparative Discussion
A comparison of the framework (Table 3) to other state-
of-the-art methods for the same classification task
revealed that the GE-DHF framework achieves higher
accuracy and AUC values. For instance, Yuvaraj et al.
(2023) and Wang et al. (2023) published methods that
achieved accuracies of 93.1% and 92.4%, respectively,
with AUC values for these methods that were below
0.97. Thus, the proposed GE-DHF model that achieved
an accuracy of 96.8% with an AUC of 0.99 using
combined RNA-Seq data from TCGA and GTEx
databases was found to outperform these methods.
Table 3: Latest Model Comparison

Model (Year) Accuracy (%) | AUC
Yuvaraj et al., 2023 | 93.1 0.97
Wang et al., 2023 92.4 0.95

Proposed Model | 96.8
5.13. Experimental Findings
The experiments performed with the GE-DHF model
indicate that the framework is effective for the
classification of lung cancer samples. The application of
the Genetic Algorithm reduced the dimensionality of the
gene expression data while maintaining classification
accuracy. Furthermore, the use of a CNN-LSTM
architecture allowed for the framework to accurately
model the complex relationships between the expression
levels of the genes. As such, the GE-DHF model
achieved state-of-the-art accuracy with 96.8% accuracy,
while also providing interpretability regarding which
genes are the most important to the classification

[ 0.99 |

process. Furthermore, the significance tests confirm that
the results are statistically significant. Thus, all of these
findings indicate that the proposed GE-DHF framework
acts as an accurate and interpretable framework that can
be applied to the classification of lung cancer samples.
5.14. Summary of Experimental Study

The experimental evaluation confirms that the proposed
Gene Expression—Guided Deep Hybrid Model (GE-
DHF) provides a robust, interpretable, and high-
performing framework for lung cancer diagnosis. Its
integration of bioinformatics-driven gene selection and
deep hybrid learning offers a promising pathway toward
Al-assisted precision oncology.
6. DISCUSSION

6.1. Overall Interpretation of Results

The presented results demonstrate that the proposed
framework achieves a high accuracy rate for lung cancer
classification. Furthermore, the accuracy of the
suggested model outperforms existing methods in the
literature. The combined approach of using GA to find
the best set of genes to use as features to feed into the
deep learning model led to an improved classification
result. The use of GA to perform feature selection before
deep learning is beneficial because it reduces overfitting
and enhances the interpretability of the deep learning
model outputs.

6.2. Comparison with Previous Studies

Several studies have proposed different deep learning
methods to solve the problem of lung -cancer
classification using gene expression data. However, most
of the past studies have encountered issues like
overfitting, high dimensionality of the data, and lack of
interpretability in their models. For example, Yuvaraj et
al. used a gene selection approach based on the inertia
weight optimization algorithm to enhance the CNN
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model, achieving an accuracy of 93.1%. Similarly, Wang
et al. used the CNN model on the TCGA dataset to
achieve an accuracy of 92.4%. Moreover, Davri et al.
pointed out a lack of interpretability of deep learning
models in the classification of lung cancer. The results of
the proposed method demonstrate an improvement of
approximately 3-5% in accuracy over these existing
methods. Additionally, unlike other methods in the
literature, the proposed method includes an analysis of
the biological significance of the genes that were selected
by the GA. Hence, the biological significance and the
accuracy of the method demonstrate the importance and
benefits of using GA to perform feature selection prior to
deep learning.

6.3. Role of Genetic Algorithm in Improving Model
Robustness

The role of the GA in the proposed method is essential to
mitigating the curse of dimensionality. The GA method
reduces the feature space to a much smaller feature
subset consisting of only 412 genes. This substantially
reduces overfitting and computational costs for the deep
learning model. Furthermore, the stochastic nature of the
GA ensures that the model finds a subset of genes that
work well together to classify the tumor, rather than
finding genes that work well individually. This approach
to finding gene subsets is an improvement over methods
like ANOVA that consider each gene separately. Hence,
by using the GA method to find these groups of features,
the model improves its robustness and accuracy.

6.4. Strength of CNN-LSTM Integration

The integration of both the CNN and LSTM models
provides a method to find both local and global features
within the gene expression data. The CNN component
learns the local features in the same way that
convolutions learn spatial features from images.
Additionally, the LSTM models learn about the long-
range features of the gene data, similar to how LSTMs
recognize temporal features in time-series data. Using
only the CNN model, the accuracy rate was found to be
91.4%. Using only the LSTM model, the accuracy rate
was found to be 92.2%. Finally, with the integration of
both models into the proposed framework, the accuracy
rate increased to 96.8%. Hence, the use of both models
within the framework demonstrates that there are long-
range and short-range relationships between the genes in
the expression data that can be used to enhance the
accuracy of the cancer classification.

6.5. Biological and Clinical Significance

One of the most significant findings of the proposed
method is the interpretability of the model in terms of its
biological significance. The genes that were found to
have the highest importance scores using techniques like
SHAP and LIME, such as the TP53, KRAS, EGFR,
ALK, and BRAF genes are all well-known genes
associated with lung cancer. Furthermore, the pathway
analysis of these genes revealed their involvement in the
signaling pathways associated with cancer development,
such as the PI3K-AKT signaling pathway. The findings
of these analyses demonstrate that the framework is
reliable and has translational potential for clinical
applications in the detection of lung cancer.

6.6. Interpretability and Explainability of Deep
Models

Deep learning models are often considered black boxes
due to their lack of interpretability. This lack of
interpretability is a limitation of these models in clinical
environments. Hence, by using explainable Al
techniques like SHAP and LIME, this framework gains
the interpretability of its results and enhances the trust of
clinicians and scientists in its deep learning model.

6.7. Statistical and Computational Robustness

The results of the GE-DHF framework have been
statistically validated using the Wilcoxon signed-rank
test. The p-values less than 0.01 demonstrate the
statistical significance of the results. Furthermore, the
Cohen’s d value of 1.35 indicates a large effect size of
the proposed method. The 10-fold cross-validation
results show that the model performs similarly on each
fold, indicating its generalizability. Additionally, the GA
method reduced the dimensionality of the data by
approximately 97.8% which resulted in a more efficient
training of the deep learning models. This efficiency is
especially valuable in the biomedical domain where the
availability of patient data is often limited.

6.8. Limitations of the Current Study

The current study presents a model based on gene
expression data that performs well in classification tasks.
However, there are some limitations to the current study.
For example, the datasets used in the model are limited
in terms of sample diversity. Furthermore, the model
uses only transcriptomic data; incorporating other types
of omics data, such as proteomic, methylomic, and
metabolomic data would yield even better results for
lung cancer classification. The computational cost of the
GA method might be a challenge if applied to much
larger datasets. Additionally, other clinical variables of
the patients, such as their age and smoking history are
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not utilized in the current framework, which limits its
applicability to clinical settings.
6.9. Future Directions
There are several future directions for this model. For
example, the integration of other types of omics data
would expand the model’s capabilities. Additionally, the
incorporation of graph neural networks would allow the
model to learn about the interaction between genes,
which is a more biologically relevant approach than
using deep learning methods based on gene expression
matrices alone. Furthermore, the use of techniques like
transfer learning would allow the model to generalize
better from the training data to other datasets. Lastly, the
development and deployment of explainable decision-
support systems based on this framework would allow
for its clinical adoption.
6.10. Summary of Discussion
The results of the presented study confirm the
effectiveness of the framework that combines
evolutionary algorithms and deep learning models to
achieve robust lung cancer classification. By overcoming
some of the major limitations of deep learning methods
in terms of the curse of dimensionality, the
interpretability of results, and biological validation of
findings, this framework presents a solution to the
challenges of lung cancer classification that is accurate,
reliable, and has a high translational potential to clinical
applications in medicine.
7. CONCLUSION
In this paper, we presented a novel approach to the
classification of lung cancer using deep learning models
that are enhanced through the use of evolutionary
algorithms to select the features (genes) to be used by the
deep learning models. The results show that the use of
such methods enhances the accuracy, interpretability,
and robustness of deep learning models for lung cancer
classification. The potential of the proposed framework
for future precision medicine systems based on artificial
intelligence and multi-omics data analysis is discussed in
this paper.
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